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ABSTRACT
Accurate assessment and measurement of streamflow is essential to responsible
and sustainable management of the freshwater resources upon which our
civilization depends. Streamflow is typically monitored via streamgages, but
these provide only a finite record of streamflow in space and time. Continued
economic development requires reliable hydrologic information beyond the
spatial and temporal limits of physical streamgages.

Several methods are

developed here to estimate daily streamflow records, at sparsely gaged and
completely ungaged locations.

Though applicable globally, all tools are

developed on and analyses are conducted in unregulated basins in the southeast
United States. First, a comprehensive analysis of the spatial structure of daily
streamflow shows that the full range of the distribution of streamflow can only be
assessed when both positive and negative moment orders are considered. An
exploration of the spatial scaling of streamflow indicates that multiple regressions
are needed to understand hydrologic response. Coupling these findings with the
behavior of flow duration curves (FDCs) provides a hydrologic spatial scaling
signature that characterizes regional hydrologic response. In a parallel study, a
robust rank-based evaluation technique is introduced as a tool for assessing the
performance of 19 alternative estimators of spatially and temporally continuous
daily streamflow records. Statistical, direct-transfer techniques are contrasted
with mechanistic rainfall-runoff models. Methods for prediction are evaluated in
terms of day-by-day performance as well as the ability to reproduce streamflow

ii

signatures and other streamflow statistics. Streamflow records estimated with a
non-linear spatial interpolation using FDCs are shown to perform better than
existing alternatives. Finally, a new method of hydrologic kriging is introduced;
this technique leverages the spatial structure of daily streamflow to provide
continuous estimates of daily streamflow. Hydrologic kriging is shown to be
superior to previous, standard methods, while additionally providing uncertainty
estimates and a framework for understanding the mechanistic connections across
hydrologic landscapes.

Motivating future research, initial analyses of the

temporal variability of spatial structure are explored. Coupling of hydrologic
kriging and mechanistic rainfall-runoff models is presented as an avenue towards
improved hydrologic understanding of ungaged regions.
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Introduction:
Reflections on Hydrology –
Gaged and Ungaged
We, as human beings, could not exist on this planet without the abundance
of water. Our oceans and other bodies of water modulate the earth’s climate,
maintaining a hospitable environment. Our bodies themselves require freshwater
to both survive and thrive. We rely on our rivers and lakes to provide drinking
water, develop agriculture, facilitate trade and even generate power. With the
vital role that water plays in our lives, hydrology, the study of all things water, is
an inherently human science.
The study of water resources has stretched back millennia and continues to
be of supreme importance. As long as human populations have existed on this
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earth, their livelihood has depended on the observation and management of rivers.
Seafarers, like the Egyptians or the Phoenicians, relied on meticulous tidal charts
to keep their trade economy afloat. Even more relevant to our own livelihoods is
the study of freshwater, surface hydrology, the study of rivers and lakes. From
the dawn of their civilization, the Egyptians have keenly observed the inundations
of the Nile (Bell, 1970).

According to Bell (1970) stations and devices

monitoring the Nile were, at times, even considered sacred sites. Similar to our
own use of streamgages, but predating us by millennia, the ancient Egyptians
relied on Nilometers for the observation and prediction of flood events (Bell,
1970).

Even today, the globe is covered with gages measuring streamflow,

demonstrating the importance we place on freshwater, surface hydrology.
Motivated by the importance of water resources, this dissertation focuses
on applications in freshwater hydrology. (Of course marine systems are a part of
hydrology, but for the remainder of this text, let hydrology refer only to
freshwater hydrology.) The primary focus of this work is the statistical tools that
support the use, management and development of surface water resources. Before
beginning to understand the realm into which this dissertation falls and the
contributions it makes, it is important to consider hydrology in general. By
outlining the vital elements of hydrology in general and reflecting on the state of
the field, it will be possible to identify the research needs of freshwater, surface
hydrology and to contextualize both this dissertation and future research. In
hydrology, as in any field, the first tension to be resolved is that between scientific
and applied hydrology.
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1.1. Scientific Hydrology and Applied Hydrology
All scientific fields are composed of two distinct divisions: applied and
pure. Each division is motivated by a different desire or impulse. The goal of
pure science is absolute knowledge. We want to know exactly how something
works, both for the intrinsic value of knowledge and for the ability to leverage
that knowledge for further understanding. Applied science is rooted in the use of
science to serve societal needs. Applied science is more concerned about accurate
estimation or prediction than causality. In any particular project, both pure and
applied science blend together to motivate the research, follow a particular path
and yield a specific result. The distinction between pure and applied science is
often vague at best.

Still, all fledgling sciences must establish a firm and

independent foothold addressing both its pure and applied components before it is
commonly respected as a true, classical science. Any classical science, such as
biology, geology or chemistry, has both pure and applied components and each
division must be continuously revisited and undergo constant reevaluation.
Ever since the National Resource Council’s report (1991) the field of
freshwater hydrology has been increasingly thought of as a classical field of
science. As we continue to rely on freshwater for our wellbeing, society cares
about hydrology both for the power of knowing and for the power of application.
Unfortunately, it has often been observed that hydrology continues to struggle to
emerge from its fledgling state and establish a foundation supporting both
divisions (Klemes, 1986; Dunne, 1998).

In 1986, Klemes observed that

hydrology was largely an applied field and had yet to establish a firm, purely
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scientific underpinning. The same concern exists even now (Sivapalan, 2003;
Dunne, 2013). In order to pursue hydrology as a classical science it is important
to first distinguish between the two existing realms of hydrology: scientific
hydrology and applied hydrology.
Scientific hydrology is concerned with a theoretical and mechanistic
understanding or interpretation of hydrologic processes, seeking to possess and
expand hydrologic knowledge for its own sake.

Scientific hydrologists are

researchers seeking to understand exactly how and why hydrologic phenomena
occur. Through scientific hydrology we desire to know, for example, how rainfall
is transformed into streamflow, how surface water infiltrates soils and how land
cover affects the hydrologic cycle. Some have argued that, unlike physics or
biology, hydrology lacks the strong theoretical underpinnings of a classically pure
science. Still, Dunne (2013) notes a number of scientific hydrologists and the
contributions they have made to the field: these include “Darcy, Richards, Horton,
Theis, Toth, Penman and Monteith,” among others.

More recent efforts in

scientific hydrology can be found in the large-scale earth system models like
Beven and Kirby’s topographical model of hydrology (1979) or the Water
Resource System model included as part of MIT’s Integrated Global Modeling
System (Strzepek, 2012), but even these begin to blur the line between scientific
and applied hydrology.
Applied hydrology is concerned with accurate predictions of a wide range
of hydrologic variables or responses. This dimension of hydrology represents the
application of the principles of scientific hydrology and can also be thought of as
4
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hydrologic engineering. In applied hydrology, the emphasis is more on the results
of certain processes and their utility for human endeavors rather than the “how” or
“why” of certain processes. In an idealized sense, applied hydrology seeks to
distill and convert the findings of scientific hydrology into useful tools for
management and decision making to the benefit of society. Lacking a complete
foundation in scientific hydrology, applied hydrology has often been forced to
rely on data-mining, statistics, and the use of non-causal relationships for an
interpretation of hydrologic processes and responses.

The tools of applied

hydrology include conceptual watershed models and statistical models of
streamflow (Hirsch, 1979; Leavesley and others, 1983; Markstrom and others,
2008), stage-discharge relationships, regional regressions (Vogel and others,
1999), etc.
Until a firm foundation is established to support both divisions of
hydrology, scientific and applied hydrology must be blended with caution.
Without a strong scientific underpinning, applied hydrology has been plagued by
the black-box syndrome, forced to accept models without a systemic
understanding of whether the models yield the right answer for the right reasons
or the wrong reasons. Of course, we need accurate answers, but the “wrong
reason” or “black box” approaches are only useful as stepping stones towards the
identification of underlying processes. Dangers arise when applied tools are
accepted as accurate, causal representations of reality and used to answer
fundamental questions of scientific hydrology.

The results of scientific

hydrology can be used to develop or improve the tools of applied hydrology, but
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the tools of applied hydrology should only provide testable hypotheses for
scientific hydrology, and are not suited for advancing scientific hydrology.
Klemes (1986) argues the same point more eloquently, bemoaning the acceptance
of watershed models as scientific interpretations of reality.
Even with this caution, it is essential that scientific hydrology and applied
hydrology both exist and thrive. Though serving different needs, both divisions
must stand alone and grow symbiotically. Scientific hydrology operates along the
path of the traditional scientific method: developing hypotheses and seeking to
test them. In contrast, applied hydrology explores data and observations as a
means of answering specific questions. The results of applied hydrology often
lead to hypotheses suitable for scientific hydrology, but these hypotheses cannot
and should not be proven or disproven with the tools of applied hydrology alone.
Through time, with a symbiotic relationship, both scientific and applied
hydrology will advance to form a well-rounded, classical, scientific field of
hydrology.

1.2. Ungaged Hydrology –
The Fundamental Problem of Hydrology
Almost all of the research in hydrology, as in most scientific fields, is
motivated by a fusion of at least three essential purposes. The first purpose
reflects the influences of scientific hydrology; it seeks to characterize or identify
fundamental processes in hydrology. The second purpose more closely reflects
the interests of applied hydrology; it seeks to estimate, predict or forecast
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hydrologic responses at locations in which some previously-measured hydrologic
information is available. The third purpose is a natural extension of the first two
and represents a fusion of scientific and applied hydrology; it is concerned with
the characterization and prediction of hydrologic responses in completely
unmonitored or ungaged regions. This third purpose is the fundamental problem
facing hydrology and has been recognized as a grand challenge (Sivapalan, 2003).
This fundamental purpose forms both the quandary and goal of ungaged
hydrology.
Ungaged hydrology seeks to transfer both our hydrologic understanding
and hydrologic information from a monitored site or basin to an unmonitored
location. That transferred understanding is then used to predict the hydrologic
response in at the ungaged location. The accurate and consistent reproducibility
of hydrologic responses at completely ungaged sites is the ultimate test of both
scientific and applied hydrology.

In all fields, the pinnacle of scientific

understanding is this reproduction of foundational data. As such, the ungaged
problem can serve as a strong justification and motivator for the advancement of
both scientific and applied hydrology.
Within the past ten years, two important initiatives have sought to advance
the field of hydrology through the problem of ungaged hydrology. The first is an
international effort launched by the International Association of Hydrological
Sciences (IAHS), who devoted an entire decade to the ungaged problem. The
second effort is a parallel initiative in the United States: WaterSMART and the
National Water Census. While the former is related to scientific hydrology and
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the latter is more interested in applied hydrology, both efforts have not
distinguished between scientific and applied pursuits.

Regardless, both are

motivated by the ungaged problem. The work presented in subsequent chapters is
strongly motivated by and intimately linked with both of these initiatives.
In 2003 the IAHS christened a decade-long research initiative in ungaged
hydrology as the decade on Prediction in Ungauged Basins (PUB) (Sivapalan,
2003). Initially, the PUB decade sought to improve the foundation of scientific
hydrology (Sivapalan and others, 2003). Interestingly, the results of this decade
have largely focused on applied hydrology, particularly with regards to surface
water (Bloschl and others, 2013), though some scientific advancement has been
made (Viglione and others, 2013) and Bloschl and others (2013) provide a
significant discussion of hydrologic processes.

Without subtracting from the

immense accomplishments of the IAHS, the PUB decade has yet to significantly
move the goal posts on scientific or applied hydrology – although it may be too
soon to judge. Instead, the PUB decade has served as a catalyst for continued
research. Continued, targeted research, inspired by the PUB decade, is sure to
lead to significant advances in both scientific and applied hydrology.
In early 2010, the U.S. Department of the Interior called for a similar
initiative in ungaged hydrology.

The U.S. WaterSMART (Sustain and Manage

America’s Resources for Tomorrow) was envisioned to ensure the future
availability and reliability of America’s water resources (Salazar, 2010).
Bolstered by the WaterSMART initiative, the U.S. Geological Survey has long
been seeking to conduct a national water census (US Geological Survey, 2007).
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The National Water Census (NWC) seeks to provide technical information and
tools to quantify and evaluate America’s water resources. The NWC is concerned
with both the quantity and quality of water today and in the future. As not all
locations are consistently monitored, the goals of the NWC require that
hydrologic information be estimated across large swaths of ungaged land.
Although operating from the perspective of applied hydrology, the NWC is an
ideal parallel to the IAHS’ PUB decade.
Both the PUB decade and the NWC are interested in all aspects of
hydrologic phenomena in ungaged regions. Through these initiatives, research
has explored and continues to explore aspects of streamflow, groundwater,
evapotranspiration, water use and ecological water, among many other aspects of
the hydrologic cycle. While all aspects of this problem of important to the larger
goals, the work conducted as part of this dissertation is particularly focused on
streamflow and surface water hydrology. As surface water is one of the main
interactions between humans, ecosystems and the water cycle, surface water is
one of the most important aspects of the ungaged problem.

1.3. Ungaged Surface Water Hydrology
In surface water hydrology, long-range hydrologic understanding of our
natural system is inferred largely from streamflow data. Records of streamflow
support a wide range of projects focused on human-water interactions: from water
supply planning and irrigation scheduling to flood management, the assessment of
ecological streamflows and water quality management (Farmer and Vogel, 2013).
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In surface water hydrology, streamgages are the principle means of data
collection.

As noted above, streamgages have measured and recorded

streamflows for centuries. With the Nilometer as a prime example, these records
are of vital importance to local human development. Without the data contained
in these records, we cannot observe, manage or understand our hydrologic
systems.
Streamgages can be costly to operate, thus their placement and operation
is largely contingent on particular projects, sources of funding and local interests
(Kiang and others, 2013). Because of the nature of streamgages, they can only
provide a finite network of point measurements in space and time. As a result of
fluctuating funding, physical constraints and finite resources, global streamgage
networks remain relatively sparse. Kiang and others (2013) provide an example
of the spatial and temporal gaps in the U.S. streamgage network. Again, if we
lack the data, we cannot understand, use or manage our natural systems. Without
extensive and consistent records of streamflow, we cannot improve our
understanding of hydrologic processes. We need reliable tools to fill the gaps in
our records. At its heart, this is, again, the fundamental problem facing surface
water hydrology: the challenge of the ungaged basin.
The need for complete records of streamflow is not a new problem. There
is a long history of record extension and reconstruction efforts seeking to
complete the streamflow records at partially gaged sites. These efforts have
largely been driven by applied hydrology. Thomas and Fiering (1962) developed
statistical techniques for reproducing records, treating streamflow time series as
10
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random series with an underlying temporal structure. Benson and Matalas (1967)
advanced further with the development of synthetic hydrology. The main tools of
record reconstruction were introduced by Hirsch (1982). While useful, these
methods do not provide a scientific understanding of hydrology and rely, to a
large degree, on partially gaged sites. One promising approach to advancing the
PUB problem involves a continuing effort to combine advances in scientific
hydrology into applied hydrologic methods.
As with hydrology in general, the ungaged problem of surface water
hydrology is the fundamental fusion of scientific and applied hydrology. Only by
understanding both divisions of hydrology can we achieve accurate prediction and
estimation of hydrologic responses. The reproducibility of streamflow records,
especially in ungaged basins, is the fundamental and motivating challenge for
surface water hydrology.

The challenge requires that applied and scientific

hydrologic approaches each stand alone and develop symbiotically. This is the
challenge identified by the IAHS as a motivation for research (Sivapalan, 2003)
and the reason for the importance of the main results of the PUB decade (Bloschl
and others, 2013; Viglione and others, 2013).
This dissertation is motivated by the applied problem of streamflow record
reproduction. The second chapter, which is most closely linked with scientific
hydrology, explores the spatial scaling behavior of time series of daily
streamflow. It asks how the probability distributions of streamflow relate to and
result from watershed characteristics and their interactions. The third chapter
chronicles a large-scale study of techniques for the prediction of daily streamflow
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records. It is these large-scale studies that will allow us to continuously assess the
progress of applied hydrology and identify testable hypotheses for scientific
hydrology. The final chapter presents a new technique for the prediction of daily
streamflow records, a technique that relies on the spatial structure of hydrologic
responses and may prove useful for integrating scientific and applied hydrology.
The second chapter documents how simple prediction techniques can be improved
by introducing additional information about the streamflow distribution; the third
chapter assesses an expanded range of traditional prediction techniques; and the
final chapter seeks to rethink traditional prediction techniques. This dissertation
demonstrates the need to ask fundamentally scientific questions of the tools of
applied hydrology, developing testable hypotheses and advancing our hydrologic
understanding incrementally. Only by continuing to develop the firm foundations
of scientific and applied hydrology can the two divisions join together to represent
the realm of hydrology as a fully-formed scientific field.
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ABSTRACT
Understanding the spatial structure of daily streamflow is essential for managing
freshwater resources, especially in poorly-gaged regions.

Spatial scaling

assumptions are common in flood frequency prediction (e.g., index-flood method)
and the prediction of continuous streamflow at ungaged sites (e.g. drainage-area
ratio), with simple scaling by drainage area being the most common assumption.
In this study, scaling analyses of daily streamflow from 173 streamgages in the
southeastern US resulted in three important findings.

First, the use of only

positive integer moment orders, as has been done in most previous studies,
captures only the probabilistic and spatial scaling behavior of flows above an
exceedance probability near the median; negative moment orders (inverse
moments) are needed for lower streamflows. Second, assessing scaling by using
drainage area alone is shown to result in a high degree of omitted-variable bias,
masking the true spatial scaling behavior.

Multiple regression is shown to

mitigate this bias, controlling for regional heterogeneity of basin attributes,
especially those correlated with drainage area.

Previous univariate scaling

analyses have neglected the scaling of low-flow events and may have produced
biased estimates of the spatial scaling exponent. Third, the multiple regression
results show that mean flows scale with an exponent of one, low flows scale with
spatial scaling exponents greater than one, and high flows scale with exponents
less than one.

The relationship between scaling exponents and exceedance

probabilities may be a fundamental signature of regional streamflow.
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signature may improve our understanding of the physical processes generating
streamflow at different exceedance probabilities.

2.1. Introduction
Since rivers and streams are the main sources of freshwater for human use,
the responsible development and management of these resources relies on a sound
understanding of their behavior in space and time.

An understanding of

streamflow behavior is essential to a wide range of projects, from water supply
planning and flood management to hydropower development and irrigation
scheduling. One of the key attributes of regional streamflow is its spatial scaling
behavior, which arises from the relationship between climatic inputs and
watershed-integrated streamflow as mediated by the properties of the region’s
watersheds. Understanding, evaluating and interpreting spatial scaling behavior is
the focus of this study; in doing so we have identified some important impacts of
methodology on the results of scaling analysis, and once corrected, identified a
fundamental scaling behavior.
The spatial scaling behavior of streamflow captures the relationship
between river discharge and the interactions of streamflow-generating process in
the contributing upstream area. This behavior is often characterized by a scaletransformation function h(…).

The scale-transformation function transforms

streamflow at two sites, i and j, such that they exhibit distributional equality:
d

𝑄𝑄𝑖𝑖 = ℎ(… )𝑄𝑄𝑗𝑗

Eq. 2.1

where 𝑄𝑄𝑖𝑖 and 𝑄𝑄𝑗𝑗 represent the contemporaneous streamflows at the two sites and
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h(…) is the scale-transformation function. In the consideration of spatial scaling,
h(…) is assumed to be a simple function of the respective drainage areas, 𝐴𝐴𝑖𝑖 and

𝐴𝐴𝑗𝑗 (as in Vogel and Sankarasubramanian (2000), as well as numerous other
researchers).

The definition of spatial scaling further distinguishes between regions or
networks that exhibit “simple-scaling” and “multiscaling” processes. In both
cases, the scale-transformation function takes the form of
𝐴𝐴

ℎ(… ) = ℎ�𝐴𝐴𝑖𝑖 , 𝐴𝐴𝑗𝑗 � = �𝐴𝐴𝑖𝑖 �
𝑗𝑗

𝛽𝛽

Eq. 2.2

where 𝛽𝛽 is commonly referred to as the spatial scaling exponent. Under simple-

scaling processes, the spatial scaling exponent 𝛽𝛽 is constant across the distribution
of streamflow for a given region or network of streams (Gupta and Waymire,

1990; Smith, 1992). In the case of multiscaling, this exponent varies with the
exceedance probability of the streamflows of interest. In other words, in the case
of multiscaling, streamflows with different exceedance probabilities have
different scaling exponents.
In one of the most common applications of spatial scaling, upstream
contributing drainage area is used to transfer streamflow information from a set of
gaged sites to an ungaged site of interest. This technique is referred to as the
‘drainage-area ratio’ (DAR) method for prediction in ungaged basins as in Farmer
and Vogel (2013). The DAR method assumes that the discharge per unit area
(specific discharge) is constant across both a geographic region of interest and the
distribution of streamflows and thus is, in terms of probability distributions,
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equivalent to simple scaling with a unit exponent. Such an assumption implies
that the specific discharge across two sites is equivalent.
The drainage area is often the basin characteristic that has the widest range
of values in a given region, covering three or more orders of magnitude.
Therefore, variations in drainage area exponent, especially deviations from one,
can cause substantial differences in estimated discharges. We argue in this paper
that scaling exponents for high flows are significantly less than one and those for
low flows are significantly greater than one in our study region and similar
hydroclimatic regions. Consider a numerical example where the ratio of the
drainage area of two basins in a given region is 10. Now, if the high flow scaling
exponent, say at the 0.01 exceedance probability, is 0.7, then the ratio of quantiles
is 100.7 = 5.00 rather than 10, as would be obtained from a straight drainage-area
ratio (DAR) approach. At the same time if the low-flow exponent, say at an
exceedance probability of 0.99, is 1.5, then the ratio of quantiles is 101.5 = 31.6.
In such a case, the larger basin would have small high flow quantiles, relative to
the DAR, but large low-flow quantiles. Furthermore, on the basis of flow-perunit-area, the larger basin would have a thinner-tailed probability distribution of
streamflows and a less flashy hydrograph, with lower peaks and longer
recessions, as would be expected. We also want to establish what scaling behavior
is observed in the study region as a basis for developing hypotheses regarding the
underlying hydrological processes and for other possible uses such as evaluating
hydrological model output across a range of scales.
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Spatial scaling behavior also underlies the assumptions of hydrologic
homogeneity associated with the index-flood method (Dalrymple, 1960). This
method assumes a common regional probability distribution of floods, after rescaling with an “index flood”. The index flood is usually taken to be the mean
annual flood and is traditionally estimated based on basin characteristics, such as
the drainage area and precipitation.

The assumption of a common regional

probability distribution after re-scaling implies a constant regional coefficient of
variation (CV). As others have shown, a constant regional CV is also implied by
the presence of simple scaling when the flood distribution depends on drainage
area alone (Gupta and Waymire 1990; Smith, 1992; Gupta and others, 1994;
Vogel and Sankarasubramanian 2000; Yue and Wang, 2004; Yue and Gang,
2009). While the presence of simple scaling can be used to assess the presence of
this regional probability distribution, Dalrymple (1960) introduces a separate
metric to assess the regional homogeneity of the index flood.
Previous investigators have sought to identify well-behaved, homogenous
regions suitable for the application of techniques like the index-flood method
(Skaugen and Vaeringstad, 2005). Because of the practical importance of the
problem, most research on spatial scaling has focused on flood flows (Gupta and
Waymire 1990; Smith, 1992; Gupta and others, 1994, 1996; Dawdy and Gupta,
1995; Gupta and Dawdy, 1995; Pandey, 1998; Eaton and others, 2002; Yue and
Gan, 2009; Ishak and others, 2011). Additionally, some studies have examined
the scaling behavior of mean annual flows: Vogel and Sankarasubramanian
(2000) found that US mean annual flows exhibited simple scaling while Yue and
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Gan (2004) and Buttle and Eimers (2009) reached similar conclusions with
respect to flows in Canada. Vogel and Kroll (1990, 1992), Furey and Gupta
(2000), Yue and Wang (2004) and Modarres (2010) explored the spatial scaling
of low flows. While most research focuses on the spatial scaling of a particular
range of flow statistics, we consider the full range of daily streamflows.
In general, there are two types of methods for assessing the spatial scaling
behavior of streamflow: (1) using product or probability-weighted moments
(Pandey, 1998; Yue and Gan, 2004) and (2) using quantiles (Singh, 1971; Gupta
and others, 1994; Gupta and Dawdy, 1995; Over and others, 2014).

These

methods are typically executed with a regression analysis relating each moment or
quantile to drainage area. Additionally, breaking regions into smaller or morehomogeneous areas leads to an improved goodness of fit for the spatial scaling
behavior of flows (Yue and Gan, 2009); the definition of such regions can
dramatically affect the interpretation of scaling behavior.

In such cases,

differences in scaling behavior are explained by variations in climate or other
basin characteristics not explicitly considered (Yue and Wang, 2004; Glaster,
2007; Yue and Gan, 2009). For high flows, the majority of studies reviewed here
found drainage-area scaling exponents ranging from 0.7 to 0.8 or even lower.
We are unaware of any previous research on the spatial scaling of
streamflows that has considered the scaling of moments with negative moment
orders. Such moments, representing the positive-order moments of the inverse of
the dataset, are known as inverse moments. The consideration of negative
moment orders is standard in the non-linear physics literature (e.g., Halsey and
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others (1986)), and negative moments have been considered in principle in the
analysis of river flow time series in a multifractal framework (e.g., Tessier and
others (1996)).

We will show that the consideration of inverse moments is

essential to capturing the full range of scaling behavior.
Typical of the wider literature, the studies reviewed for this work almost
exclusively considered drainage area alone when examining scaling behavior
(Yue and Gan (2004), Yue and Wang (2004), among others), though some studies
consider, at most, one or two other explanatory variables, including precipitation
(Modarres, 2010) and rainfall intensities and stream density (Ishak and others,
2011). Ishak and others (2011) considered other variables, but found them to be
insignificant. Even if the goal is to understand how streamflow scales with
drainage area, excluding other variables in regression analyses can lead to
significant confusion or misinterpretation. Multiple regression can be used to
capture the variations in basin characteristics that drive scaling behavior. The
omission of relevant variables, if correlated with drainage area, results in biased
and inconsistent estimates of scaling exponents.
Spatial scaling behavior is closely linked with the development of regional
hydrologic models for the prediction of various streamflow statistics. In the field
of hydrology, there is a long and rich history of the development of regional
hydrologic models quantifying the relationship between basin characteristics and
streamflows statistics in a multiple regression framework.

Such regressions

typically rely heavily on the explanatory power of the drainage area ratio and can
be interpreted as an application of spatial scaling behavior. One example of this
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is the U.S. Geological Survey’s National Streamflow Statistics Program, which
has developed regional regression relationships for the prediction of a wide range
of streamflow statistics. These regional regressions exist for all regions of the US
and rely on watershed characteristics (see Ries III (2007)). The work presented
here has direct applicability to the development and improvement of such
multivariate regional hydrologic models.
The primary goal of this study is to improve our understanding of the
spatial scaling behavior of daily streamflow. We consider two important elements
of scaling analysis: (1) ensuring that the full range of streamflow scaling behavior
is captured in an analysis of moments and (2) illuminating the consequences of
neglecting additional explanatory variables.

We are less concerned with the

distinction between simple scaling and multiscaling and more concerned with
improving our understanding of scaling behavior and the insights it provides on
streamflow-generating processes. In particular, we observe that, once additional
explanatory variables are added, low flows scale with exponents greater than one
and high flows scale with exponents less than one. In support of what would be
expected, this finding implies that larger basins have less variable streamflow than
smaller basins.

A better understanding of scaling behavior will lead to an

enhanced ability to estimate daily flow time series at ungaged sites and,
subsequently, an improved ability to manage water resources.
The next section of this paper presents a brief summary of scaling analysis
and a description of the data used in this study. This discussion is followed by an
exploration of the relationship between streamflow moments and quantiles,
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demonstrating the limitations in previous analyses of the scaling behavior of
moments. Through a series of regression analyses, we show that considering only
the explanatory power of drainage area can lead to biased and inconsistent
estimates of scaling exponents, resulting in a misinterpretation of spatial scaling
behavior. These analyses lead to an improved understanding of spatial scaling
behavior and its implications for understanding the spatial variability of
streamflow and streamflow-generating processes at different scales.

2.2. Methods & Background:
2.2.1. MOMENT ANALYSIS
The use of product moments of streamflow is a common technique for
assessing the spatial scaling behavior of streamflows; this approach is referred to
herein as ‘moment analysis’.

In moment analysis, the same spatial scaling

exponent from Eq. 2.1 and 2.2 is used to relate the rth product moment of the
streamflows in two basins:
𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ]

𝐴𝐴𝑖𝑖

= �𝐴𝐴 �
𝑗𝑗

𝑟𝑟𝛽𝛽𝑟𝑟

∞

𝐸𝐸�𝑄𝑄𝑗𝑗𝑟𝑟 �

Eq. 2.3

where 𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ] = ∫0 𝑄𝑄𝑖𝑖𝑟𝑟 𝑓𝑓(𝑄𝑄𝑖𝑖 )𝑑𝑑𝑄𝑄𝑖𝑖 , with 𝑓𝑓(𝑄𝑄𝑖𝑖 ) being the probability density
function (pdf) of daily flows at site i, and 𝛽𝛽𝑟𝑟 is the scaling exponent for the rth

moment. Eq. 2.3 can be simplified by considering site j to be a reference site with
a unit drainage area so that
𝑟𝑟𝛽𝛽𝑟𝑟

𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ] = 𝐴𝐴𝑖𝑖

𝐸𝐸[𝑄𝑄∗𝑟𝑟 ]

Eq. 2.4

where 𝐸𝐸[𝑄𝑄∗𝑟𝑟 ] is the rth moment of streamflow at the unit-area reference gage.
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Note that, having been divided by a unit area, drainage area 𝐴𝐴𝑖𝑖 is now unitless.

Taking the logarithms of this simplification leads to the linear function:
ln(𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ]) = 𝛼𝛼𝑟𝑟 + 𝑟𝑟𝛽𝛽𝑟𝑟 ln(𝐴𝐴𝑖𝑖 )

Eq. 2.5

where 𝛼𝛼𝑟𝑟 = ln(𝐸𝐸[𝑄𝑄∗𝑟𝑟 ]). The constant 𝛼𝛼𝑟𝑟 and the slope 𝑟𝑟𝛽𝛽𝑟𝑟 for each moment
order r can then be estimated by applying least-squares regression to the moments
and drainage areas within a region. Each site in a region may have a different
length of record so that longer records may provide more accurate representations
of the moments.

This heteroscedasticity can be accounted for, at least

approximately, by using weighted least-squares (WLS) regression with at-site
record lengths weighting each observation. Under simple scaling, the scaling
exponent 𝛽𝛽𝑟𝑟 will be constant across moment orders, so that the slope estimates are
a linear function of moment order, r. This linearity is assessed by evaluating the

goodness-of-fit of the resulting linear model: 𝑏𝑏𝑟𝑟 = 𝑟𝑟𝛽𝛽𝑟𝑟 , for which most studies

have only considered positive integer moment orders, though there is no reason to
limit r to that set.
Because of the simple scaling relationship 𝑏𝑏𝑟𝑟 = 𝑟𝑟𝛽𝛽𝑟𝑟 , evidence of

significant curvature in the function 𝑏𝑏𝑟𝑟 , whether concave or convex (Gupta and

Waymire, 1990), is indicative of multiscaling, whereas a good linear fit without
significant curvature and a zero intercept is emblematic of simple scaling (see for
example, Vogel and Sankarasubramanian (2000)).

Concave curvature in 𝑏𝑏𝑟𝑟

indicates decreasing variability with increasing scale, whereas convex curvature
indicates increasing variability with scale (Gupta and others, 1994). In most
studies of streamflow, when significant deviations from linearity in 𝑏𝑏𝑟𝑟 are
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observed, they have been convex for positive moment orders (Gupta and
Waymire, 1990), though the results of Smith (1992) for peak flows in Appalachia
suggest the presence of increasing variability with scale for small drainage basins
(less than 50 km2) along with decreasing variability with scale for large drainage
basins. Illustrative examples of the process of moment analysis can be found in
Pandey (1998) and Vogel and Sankarasubramanian (2000).
This product-moment-based approach to moment analysis is limited in
that it does not estimate the scaling exponent 𝛽𝛽𝑟𝑟 directly. Instead, the quantity

𝑟𝑟𝑟𝑟𝑟𝑟 is estimated; the scaling exponent 𝛽𝛽𝑟𝑟 can then be assessed by dividing the
quantity by the moment order or by applying a linear regression to the slope
Alternatively, 𝛽𝛽𝑟𝑟 can be directly estimated by considering power

estimates.

averages instead of power moments. Jensen (1998) provides background on the
power means and averages, the latter being an estimator of the former. The power
mean is the rth root of the rth moment. Using power mean here is equivalent to
taking the rth root of Eq. 2.4:
(𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ])1/𝑟𝑟 = 𝐴𝐴𝛽𝛽𝑖𝑖 𝑟𝑟 (𝐸𝐸[𝑄𝑄∗𝑟𝑟 ])1/𝑟𝑟

Eq.2.6,

which can be linearized by taking logarithms as
ln�(𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ])1/𝑟𝑟 � = 𝛼𝛼𝑟𝑟 ′ + 𝛽𝛽𝑟𝑟 ln(𝐴𝐴𝑖𝑖 )

Eq.2.7.

Here 𝛼𝛼𝑟𝑟 ′ = ln�(𝐸𝐸[𝑄𝑄∗𝑟𝑟 ])1/𝑟𝑟 � represents the natural logarithm of the rth power mean
for the reference basin with a unit drainage area. The same process of WLS

regression can then be applied to Eq. 2.7, providing a direct estimate of the
scaling exponent 𝛽𝛽𝑟𝑟 . Under certain assumptions described in Appendix 2.A, the
𝛽𝛽

quantity 𝐴𝐴𝑖𝑖 𝑟𝑟 can be formally thought of as the effective contributing drainage area
24

CHAPTER 2: SPATIAL SCALING
𝛽𝛽

ratio at the given moment order. 𝐴𝐴𝑖𝑖 𝑟𝑟 indicates the ratio, at moment order r, of the

effective contributing drainage area at scale 𝐴𝐴𝑖𝑖 to the effective contributing
drainage area at the unit-area reference basin.

With sample data, the power mean can be approximated with the power
average (Jensen, 1998). For a site with N days of observation, the rth product
moment is estimated as
1

𝑟𝑟
𝑚𝑚𝑟𝑟 = 𝑁𝑁 ∑𝑁𝑁
𝑖𝑖=1 𝑄𝑄𝑖𝑖

Eq.2.8.

Using a similar formulation, the power mean can be estimated as the power
average, 𝑚𝑚
� 𝑟𝑟 . The power average is estimated as the rth root of the estimated
product moment

𝑟𝑟

1

𝑟𝑟
𝑚𝑚
� 𝑟𝑟 = 𝑟𝑟√𝑚𝑚𝑟𝑟 = �𝑁𝑁 ∑𝑁𝑁
𝑖𝑖=1 𝑄𝑄𝑖𝑖

Eq.2.9.

Conveniently for calculation, it has been shown that the power average reduces to
the geometric mean for r = 0 (Jensen, 1998). (In addition, the power average
reduces to the harmonic mean for r = -1 and the arithmetic mean when r = 1, as
shown in Jensen (1998).)

2.2.2. QUANTILE ANALYSIS
Quantile analysis provides a similar assessment, but is conducted, when
applied to continuous streamflow measurements, using quantiles of the flow
duration curve (FDC) rather than moments. Analogous to Eq. 2.4 and 2.5, for
each exceedance probability, p, the site i can be compared against a reference site
such that
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𝛽𝛽

𝑄𝑄𝑖𝑖,𝑝𝑝 = 𝐴𝐴𝑖𝑖 𝑝𝑝 𝑄𝑄∗,𝑝𝑝

Eq.2.10

ln�𝑄𝑄𝑖𝑖,𝑝𝑝 � = ln(𝑄𝑄∗,𝑝𝑝 ) + 𝛽𝛽𝑝𝑝 ln(𝐴𝐴𝑖𝑖 )

Eq.2.11.

which, as with moment analysis, can be linearized as

where p is the probability that a daily flow exceeds that streamflow quantile, 𝑄𝑄∗,𝑝𝑝

is the pth percentile of streamflow at the unit-area reference gage, and 𝛽𝛽𝑝𝑝 is the

scaling exponent for that exceedance probability. Analogous to the moment𝛽𝛽

𝛽𝛽

𝑝𝑝
based effective contributing drainage area ratio 𝐴𝐴𝑖𝑖 𝑟𝑟 discussed previously, 𝐴𝐴𝑖𝑖 can

be thought of as the effective contributing drainage area ratio at the exceedance
probability p. (See Appendix 2.A.) Under simple scaling, 𝛽𝛽𝑝𝑝 is constant and does
not depend on p. Representation of theoretical multiscaling models in terms of

quantiles is not straightforward, though Gupta and others (1994) have given a
first-order approximation to the quantile representation of a class of multiscaling
models. This first-order approximation shows that the usual case of decreasing
drainage area exponent β with decreasing p (larger floods) corresponds to the
concave case of 𝛽𝛽𝑟𝑟 , indicating decreasing variability with increasing scale.

2.2.3. CONNECTING MOMENTS AND QUANTILES
As discussed, the spatial scaling behavior of streamflow in a region can be
evaluated by considering either the moments or quantiles of streamflow.

In

practice, it is not clear how to assess the agreement between these two methods
because it is not clear how to map the exceedance probabilities of a flow series to
their moment. To our knowledge, the only general point of comparison between
moments and quantiles is the correspondence between the geometric mean (r = 0)
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and the median (p = 0.5) for any logarithmically symmetric distribution (e.g.
lognormal).
In light of this situation, we employ the following approximate approach.
We assume that an exceedance probability and a moment order correspond if the
quantile and moment agree in magnitude after reconciling units by using power
averages. The power averages were computed for several moment orders in each
basin. Within each basin, the moment order of each power average was assumed
to correspond to the exceedance probability of the quantile having a magnitude
most similar to the power average.

2.2.4. HANDLING OMITTED VARIABLE BIAS
Although an attractive theoretical approach is to define a hydrologically
homogeneous region as one in which the distribution of daily streamflow depends
only on drainage area (as Gupta and others (1994) did for peak flow), to date no
general method of finding such regions has been developed. Therefore, in
practice drainage area cannot be assumed to be the only variable affecting
streamflow generation within a given region, and it is incomplete to assess the
scaling behavior of streamflow with only the explanatory power of drainage area.
In particular, using drainage area alone when assessing scaling may result in a
statistical phenomenon known as omitted-variable bias (OVB).
A common concern in econometrics and other applications of multivariate
statistics, OVB arises when independent variables not included in a multiple
regression model are correlated with both the independent variable of interest
(here, drainage area) and with the dependent variable. OVB results in biased and
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inconsistent estimates of regression parameters. This implies that unless a region
is known to be homogeneous in the sense defined by Gupta and others (1994),
little faith can be placed in the regression estimates of streamflow scaling
exponents generated from regression on drainage area alone.

Appendix 2.B

provides a theoretical derivation of OVB and a discussion of its consequences in a
simple case. The occurrence of OVB implies that valuable information about the
watersheds in the gaged network is ignored and such information could impact the
interpretation of the spatial scaling behavior of streamflow. We hypothesize that
accounting for these confounding variables with a more rigorous multipleregression framework may mitigate OVB and provide a more effective approach
for assessing the spatial scaling behavior of streamflow.
To test for the presence of OVB, the moment and quantile analyses were
conducted with regression on drainage area alone. The same analysis was then
conducted with a multiple-regression formulation of Eq. 2.5
ln�(𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ])1/𝑟𝑟 � = 𝛿𝛿𝑟𝑟,0 + 𝛿𝛿𝑟𝑟,1 ln(𝐴𝐴𝑖𝑖 ) + 𝛿𝛿𝑟𝑟,2 ln�𝑋𝑋1,𝑖𝑖 � + 𝛿𝛿𝑟𝑟,3 ln�𝑋𝑋2,𝑖𝑖 � + ⋯
Eq.2.12

where the Xs are additional watershed explanatory variables such as average
precipitation, temperature, soil composition, etc. For each moment or quantile,
stepwise regression was used to select a subset of relevant variables. Using an Ftest, the model that resulted in the fewest parameters without causing us to reject
the null hypothesis (all other variables having coefficients of zero) was selected as
the most parsimonious model to avoid over-fitting. It is shown that excluding
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these variables in heterogeneous regions results in a biased and inconsistent
estimate of the spatial scaling exponent.

2.3. Description of Data Sources
Daily streamflow and basin characteristics were derived from U.S.
Geological Survey (USGS) streamgages in the southeastern United States, mainly
in Alabama and Georgia.

Reference-quality gages from the USGS database of

Geospatial Attributes of Gages for Evaluating Streamflow, Version 2 (GAGES-II)
(Falcone, 2011) in the region were supplemented with gages from previous USGS
studies of rural flood frequency. The supplemental gages were screened by the
responsible USGS Water Science Centers (WSCs) and found to be free of major
human impacts, especially in the case of flood flows. (Human impacts were
defined as substantial withdrawals, discharges and regulation.

Further

information can be obtained by referring to the classification of reference-quality
gages in the GAGES-II database (Falcone, 2011).) The resulting list of sites was
circulated through the WSCs to screen out any additional gages that were subject
to substantial regulation or substantial land-use changes.

The result was a

collection of 182 streamgages that contained reliable records of natural
streamflow for at least 10 years between October 01, 1980, and September 30,
2010. For the present study, the collection of 182 gages was further refined to
include only the 173 stations with no zero-flow days to avoid complications in
logarithmic operations. The removal of gages with zero-flow days would

29

CHAPTER 2: SPATIAL SCALING
undoubtedly result in bias if the results of this study were used for regional
predictions, but that is not its purpose here.
Daily streamflow data were downloaded from the USGS National Water
Information System Web Interface (NWIS Web: http://waterdata.usgs.gov/nwis).
When available, basin characteristics for each site, including soil composition,
drainage area and average climate conditions, were extracted from the GAGES-II
database (Falcone, 2011). For those sites that were not part of the GAGES-II
database, basin characteristics were developed from the source data cited by
GAGES-II. A full list of variables considered here is presented in Table 2.1.

2.4. The Connection between Quantiles and Moment
Orders
The relation between exceedance probabilities and moment orders for the
study region was mapped for each site by interpolating the power average, for
each moment r, along the empirical, at-site, daily flow duration curve to obtain
the associated exceedance probability of that moment order. This process was
conducted for moment orders ranging from r = -10 to 10; increments of 1 were
used from -10 to -5 and from 5 to 10 and increments of 0.05 were used from -5 to
5. Moments of a negative order are known as inverse moments, representing the
normal moments of the inverse of the dataset.

The median results of this

mapping, as well as the 5th and 95th percentiles of each moment order, across all
sites are shown in Figure 2.1.
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Table 2.1 Summary of basin characteristics considered in this analysis, with Pearson correlation between the logarithms of the
variable and the drainage area noted. (Bolded correlations are significant at the 10%-level.)
Variable Name

Description

BDAVE

Average bulk density of the soils in the basin.

Units
grams per cubic
centimeter

CDL_CORN

Fraction of the watershed covered by corn cropland.
(Class 1 of the 2009 USDA NASS Cropland Data Layer.)

CDL_SOYBEANS
CLAYAVE

CONTACT
CORNSOYBEAN_index
DEVHINLCD06
DEVLOWMEDHI_index

Fraction of the watershed covered by soybean cropland.
(Class 5 of the 2009 USDA NASS Cropland Data Layer.)
Average clay content of the soils in the basin.
Index of subsurface flow contact time. The subsurface
contact time index estimates the number of days that
infiltrated water resides in the saturated subsurface
zone of the basin before discharging into the stream.
Total fraction of the watershed covered by corn or
soybean cropland.
Fraction of the watershed covered by high-intensity
development. (Class 24 of the 2006 National Landcover
Dataset.)
Fraction of the watershed covered by high-, mediumand low-intensity development. (Sum of classes 22, 23
and 24 of the 2006 National Landcover Dataset.)
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Log-space
Correlation

Significance
of Correlation

-0.0206

0.7876

percent

0.1314

0.0998

percent
percent

-0.0456
0.2272

0.5851
0.0027

days

0.1735

0.0224

percent

0.1360

0.0874

percent

0.0774

0.3873

percent

0.3062

0.0001
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Table 2.1 (continued) Summary of basin characteristics considered in this analysis, with Pearson correlation between the logarithms
of the variable and the drainage area noted. (Bolded correlations are significant at the 10%-level.)
Variable Name

DEVLOWNLCD06
DEVMEDHI_index
DEVMEDNLCD06
DEVNLCD06

Description
Fraction of the watershed covered by low-intensity
development. (Class 22 of the 2006 National Landcover
Dataset.)
Fraction of the watershed covered by high- and
medium-intensity development. (Sum of classes 23 and
24 of the 2006 National Landcover Dataset.)
Fraction of the watershed covered by medium-intensity
development. (Class 23 of the 2006 National Landcover
Dataset.)
Fraction of the watershed classified as urban or
developed land. (Sum of classes 21, 22, 23 and 24 of
the 2006 National Landcover Dataset.)

DRAIN_SQKM

Watershed drainage area.
Maximum watershed elevation. (100m National
ELEV_MAX_M_BASIN
Elevation Dataset)
Median watershed elevation. (100m National Elevation
ELEV_MEDIAN_M_BASIN Dataset)
Minimum watershed elevation. (100m National
ELEV_MIN_M_BASIN
Elevation Dataset)
The difference between the Julian days of the first and
FROST_INDEX
last frost.
The average of the mean Julian day of the first freeze.
FST32F
(2km PRISM, 30-year dataset.)

32

Units

Log-space
Correlation

Significance
of Correlation

percent

0.2518

0.0010

percent

0.3190

0.0000

percent

0.3075

0.0001

percent

0.2402

0.0015

square km

1.0000

0.0000

meters

0.0866

0.2570

meters

-0.0404

0.5976

meters

-0.1429

0.0615

days

0.0667

0.3829

day of year

0.0699

0.3609
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Table 2.1 (continued) Summary of basin characteristics considered in this analysis, with Pearson correlation between the logarithms
of the variable and the drainage area noted. (Bolded correlations are significant at the 10%-level.)
Variable Name

KFACT_UP

Description
Average K-factor for the upper-most soil horizon in
each soil component. The K-factor is an erodibility
factor which quantifies the susceptibility of soil
particles to detachment and movement by water. The
K-factor is used in the Universal Soil Loss Equation
(USLE) to estimate soil loss by water. Higher values of
K-factor indicate greater potential for erosion.

LSTF32

The average of the mean Julian day of the last freeze.
(2km PRISM, 30-year dataset.)

OMAVE
PASTURENLCD06
PERMAVE

Average organic content of the soils in the basin.
Fraction of the watershed covered by pastures or hay
land. (Class 81 of the 2006 National Landcover
Dataset.)
Average permeability of the soils in the basin.

PLANTNLCD06

Mean-annual potential evapotranspiration (PET),
estimated using the Hamon (1961) equation.
Fraction of the watershed covered by agricultural land.
(Sum of classes 81 and 82 of the 2006 National
Landcover Dataset.)

PPT_INDEX

Difference between March and October precipitation
as a fraction of the average basin precipitation.

PET

33

Units

unitless

Log-space
Correlation

Significance
of Correlation

0.0138

0.8566

-0.0517

0.4995

0.0782

0.3066

0.2586
-0.0546

0.0007
0.4757

mm/year

0.0723

0.3448

percent

0.2396

0.0018

unitless

0.0516

0.4999

day of year
percent
percent
inches/hour
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Table 2.1 (continued) Summary of basin characteristics considered in this analysis, with Pearson correlation between the logarithms
of the variable and the drainage area noted. (Bolded correlations are significant at the 10%-level.)
Variable Name
PPTAVG_BASIN
RFACT
RH_BASIN
ROCKDEPAVE
RRMEDIAN
SANDAVE
SILTAVE
SLOPE_PCT

Description

Units

Mean annual precipitation for the watershed. (800m
PRISM data, 30-year dataset.)
Rainfall and Runoff factor ("R factor" of Universal Soil
Loss Equation); average annual value for period 19712000.
Average relative humidity across the basin. (2km
PRISM, 30-year dataset.)
Average thickness of soil samples examined in the
basin.
Dimensionless elevation-relief ratio, calculated as
(ELEV_MEDIAN - ELEV_MIN)/(ELEV_MAX - ELEV_MIN).
Average sand content of the soils in the basin.
Average silt content of the soils in the basin.
Mean watershed slope, percent. (100m National
Elevation Dataset)

Log-space
Correlation

Significance
of Correlation

cm

-0.3050

0.0000

100s ft-tonf
in/h/ac/yr

-0.1316

0.0844

percent

-0.0164

0.8307

inches

-0.0549

0.4731

unitless
percent
percent

-0.2082
-0.0400
-0.0288

0.0060
0.6009
0.7066

percent

-0.1126

0.1401

Kelvin (originally
degrees C)

0.0657

0.3905

T_INDEX

Average annual air temperature for the watershed.
(2km PRISM, 30-year dataset.)
Difference between the avearage annual temperature
and the difference between the January and July
temperatures.

Kelvin (originally
degrees C)

-0.0995

0.2372

T_MAX_BASIN

Average of maximum monthly air temperature in the
watershed. (800m PRISM data, 30-year dataset.)

Kelvin (originally
degrees C)

0.0913

0.2322

T_AVE_BASIN
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Table 2.1 (continued) Summary of basin characteristics considered in this analysis, with Pearson correlation between the logarithms
of the variable and the drainage area noted. (Bolded correlations are significant at the 10%-level.)
Variable Name
TEMP_MIN

TOPWET
WATERNLCD06
WOODYWETNLCD06
WTDEPAVE

Description
Average of minimum monthly air temperature in the
watershed. (800m PRISM data, 30-year dataset.)
Topographic wetness index, ln(a/S); where "ln" is the
natural log, "a" is the upslope area per unit contour
length and "S" is the slope at that point. See
http://ks.water.usgs.gov/Kansas/pubs/reports/wrir.994242.html and Wolock and McCabe, 1995 for more
detail.
Fraction of the watershed covered by open water.
(Class 11 of the 2006 National Landcover Dataset.)
Fraction of the watershed covered by woody wetlands.
(Class 90 of the 2006 National Landcover Dataset.)
Average depth to the seasonally high water table in the
watershed.
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Units
Kelvin (originally
degrees C)

Log-space
Correlation

Significance
of Correlation

0.0602

0.4318

ln(m)

0.1901

0.0122

percent

0.3192

0.0000

percent

0.0956

0.2151

-0.0993

0.1937

feet
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Figure 2.1 Mapping of moment orders to exceedance probabilities by equating
power means and quantiles for moment orders between -10 and 10. The 90%
interval shown ranges from the 5th to the 95th percentile across sites at each
moment order.
From Figure 2.1, positive moment orders only capture the behavior of the
streamflows above the median (approximately), which corresponds to exceedance
probabilities below 50%. The general correspondence of positive moments to
higher flows is expected because exponentiation of any dataset to a power greater
than unity magnifies the effect of the larger values in the set; for any 0 < r < 1, the
effect of larger values relative to the smaller ones is less than when r = 1, but it is
still larger, whereas for r = 0 (at which point the power average corresponds to the
geometric mean), all values have the same effect on the power mean in the sense
that a proportional change in one has the same effect as a change of the same
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proportion in any. As noted above, an exact correspondence of the geometric
mean and the median occurs for any distribution that is symmetric when
transformed logarithmically, such as lognormal. Therefore, to the extent that
daily streamflow can be approximated by a lognormal or other exponentiated
symmetric distribution, the correspondence of the zeroth moment order to the
median in Figure 2.1 is not surprising. In general, Figure 2.1 shows that basing a
scaling analysis on positive integer moments considers only the scaling behavior
of flows greater than some moderate value probably near the median.
The full range of exceedance probabilities of the flows is only captured by
considering both positive and negative moment orders. Since the reciprocal of a
dataset exaggerates the magnitude of the smaller numbers, it is not surprising that
the inverse moments capture the lower tail of the probability distribution. As seen
by the width of the 90% interval, the mapping of inverse moments is much more
variable among the different gage records than that of positive moments, a fact
that may have practical implications for understanding low-flow scaling behavior.
In addition, there is a degree of asymmetry in the mapping between the positive
and negative moment orders: for positive moment orders, the extremum of the
high-flow exceedance probabilities (the value 0) is reached at a much smaller
absolute moment order than is the extremum of the low-flow exceedance
probabilities (i.e., the value 1). This result indicates that the positive power
averages become dominated by the largest data value at a relatively small absolute
moment order, whereas the negative power averages require a larger absolute
moment order to become similarly dominated. This results from the high-flow
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tail of the probability distributions of daily flows being fatter than the low-flow
tail. Further implications of the shape of this curve are being investigated.
The mapping between exceedance probabilities and moment orders will
also prove useful in comparing conclusions reached by quantile analysis to those
reached by moment analysis; note that the mean (𝑟𝑟 = 1) has a median
exceedance probability of about 28%.

2.5. Moment Analysis
Weighted least-squares (WLS) regression was used to estimate the
parameters of the drainage area-only power-mean scaling relation Eq. 2.7 for
several moment orders (Table 2.2). We considered power averages with positive
and negative moment orders that range in magnitude from |r| = 0.1 through to |r|
= 5 at a step of 0.1 and from |r| = 5 to |r| = 10 at an interval of 1. The geometric
mean was used to compute the power average when r = 0. Observations were
weighted by observed record length. The high values of R2, all above 0.84,
suggest a strong linear relationship between the rth power average and drainage
area for all positive integer moment orders. The R2 increases and the variability
of residuals decreases as the moment order increases from r = -10 to r = 2,
increasing most rapidly between r = -2 and r = 2. The goodness-of-fit peaks
around the first and second moments. The low R2 values associated with the
lower flows indicate that drainage area alone was unable to capture the behavior
of low flows.
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Table 2.2 Summary of regression results for integer moment orders when
drainage area (DRAIN_SQKM) is the only explanatory variable.
T-Stat
Moment
T-Stat
Scaling
(Scaling
Residual
Order
Intercept (Intercept) Exponent Exponent) SD
R2
-10
-9
-8
-7
-6
-5
-4
-3
-2
-1
0
1
2
3
4
5
6
7
8
9
10

-2.5824
-2.5398
-2.4917
-2.4373
-2.3749
-2.3014
-2.2136
-2.1032
-1.9207
-1.6070
-1.2287
-0.7564
0.0608
0.9665
1.6195
2.0505
2.3446
2.5555
2.7139
2.8372
2.9361

-3.8654
-3.8289
-3.7935
-3.7625
-3.7408
-3.7365
-3.7659
-3.8556
-4.0202
-4.3279
-5.3807
-5.7663
0.5232
7.0118
10.3670
12.2147
13.3672
14.1571
14.7381
15.1879
15.5493

0.7750
0.7786
0.7831
0.7890
0.7967
0.8072
0.8217
0.8414
0.8614
0.8762
0.8980
0.9146
0.8874
0.8430
0.8164
0.8037
0.7978
0.7950
0.7937
0.7932
0.7929

8.4892
8.5890
8.7240
8.9121
9.1834
9.5899
10.2292
11.2873
13.1928
17.2673
28.7756
51.0246
55.8872
44.7574
38.2426
35.0343
33.2833
32.2278
31.5418
31.0695
30.7294

1.6129
1.6012
1.5855
1.5638
1.5330
1.4883
1.4215
1.3193
1.1535
0.8856
0.5286
0.3089
0.2896
0.3447
0.3889
0.4169
0.4351
0.4476
0.4566
0.4634
0.4686

0.2788
0.2835
0.2897
0.2984
0.3106
0.3286
0.3566
0.4022
0.4810
0.6239
0.8332
0.9389
0.9441
0.9155
0.8893
0.8718
0.8604
0.8526
0.8472
0.8432
0.8401

Because Eq.2.7 estimates the scaling exponent 𝛽𝛽𝑟𝑟 directly, it can be

graphed with confidence intervals against the moment orders and its behavior

observed directly. This result is shown in Figure 2.2; this curve represents the
moment scaling function or signature of the region from the analysis of drainage
area alone. The scaling exponent has a maximum at a moment order of 𝑟𝑟 = 1

(the mean flow), with 𝛽𝛽1 = 0.915 ± 0.035. The exponents decrease moving
away from the mean until, at the extremes the moments scale similarly, with mean
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exponents between 0.8 and 0.75, though the exponents associated with large
magnitude negative moment orders have a larger uncertainty.

Figure 2.2 Moment scaling signature for univariate moment analysis relying on
drainage area (DRAIN_SQKM) alone.
For high flows, moving away from the mean, the declines in scaling
exponents indicate decreasing variability (i.e., a thinner-tailed distribution) with
increasing scale. This agrees with most results for the scaling of flood flows
(Gupta and others, 1994). For low flow, the decline moving away from the mean
indicates increasing variability (i.e., a fatter-tailed distribution) with scale. This
result is counterintuitive: it would suggest baseflow recessions, for example, are
more extended for small basins than for large ones. At the same time, these
decreasing exponents suggest that the effective contributing drainage area (Aβr)
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shrinks as the moment order departs from one, suggesting, in this case, that a
smaller fraction of the drainage area contributes to both high and low flows as
compared to mean flows. Another interpretable property of such curves is the
scaling of the arithmetic mean (𝑟𝑟 = 1), which is an indicator of mass

conservation. As noted, for this drainage area-only analysis, this exponent is
0.915 ± 0.035, indicating a systematic decrease of flow per unit area as drainage

area increases. Such a result is not hydrologically impossible, but it is surprising
for a humid region (Glymph and Holtan, 1969, Figure 19; Wolman and Gerson,
1978, Figure 1).
In light of these apparently anomalous results from the drainage area-only
analysis, an investigation of the possible effect of OVB on the drainage area
scaling is indicated. As discussed, neglecting variables that are both significant to
the model and significantly correlated with drainage area can affect the estimate
of the spatial scaling exponent. Physically, as the drainage area is not the only
characteristic driving flow, it seems inherently flawed to consider its explanatory
power in isolation. For this reason, additional explanatory variables should be
brought into the model in order to more accurately represent the scaling exponent
and address OVB.
In order to assess the impacts of OVB, the variables in Table 2.1 were
incorporated into the scaling analysis to estimate the multivariate power average
regression model (Eq. 2.12) for each moment order.

For reference, the

correlations between the drainage area and each explanatory variable are included
in the table, with the significant (α = 10%) correlations indicated. Variable
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selection for these regressions was carried out by stepwise regression.

The

resulting models are summarized in Table 2.3 for the integer moment orders. The
adjusted R2 of these models is greater than the R2 for the drainage area-only
models. The increase is most dramatic for negative moment orders, reinforcing
the conclusion that drainage area alone did not capture the behavior of the inverse
moments.

In addition, this shows that additional variables can significantly

increase the explanatory power of the regressions.

Among the integer-order

moments in Table 2.3, the adjusted R2 peaks at the arithmetic mean (𝑟𝑟 = 1),

which is near where the scaling exponent crosses one. (Numerous variables were

included in each regression. Because the sample size is large, the true model is
unknown and interest lies only in the unbiased estimate of the scaling exponent,
the results of Kroll and Song (2013) suggest that multicollinearity should not be a
primary concern.)
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Table 2.3 Summary of regression results for integer moment orders when regression is applied with consideration of all variables
available. Variables that showed a significant correlation with drainage area are included in bold.
Moment
Order

Scaling
Exponent

Max
VIF

Residual
SD

AdjR2

Number of
Coefficients
(Including
Intercept)

-10

1.1064

16.7119

1.0542

0.6704

14

-9

1.1080

16.7119

1.0435

0.6746

14

-8

1.1097

16.7119

1.0296

0.6800

14

-7

1.1117

16.7119

1.0110

0.6869

14

-6

1.1537

42.7104

0.9768

0.7014

14

-5

1.1553

42.7104

0.9408

0.7141

14

-4

1.1634

6.2652

0.9140

0.7222

11
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Variables
Intercept, PPTAVG_BASIN, SLOPE_PCT, OMAVE, ROCKDEPAVE,
WTDEPAVE, BDAVE, RFACT, TEMP_MIN, WATERNLCD06,
PASTURENLCD06, T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, OMAVE, ROCKDEPAVE,
WTDEPAVE, BDAVE, RFACT, TEMP_MIN, WATERNLCD06,
PASTURENLCD06, T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, OMAVE, ROCKDEPAVE,
WTDEPAVE, BDAVE, RFACT, TEMP_MIN, WATERNLCD06,
PASTURENLCD06, T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, OMAVE, ROCKDEPAVE,
WTDEPAVE, BDAVE, RFACT, TEMP_MIN, WATERNLCD06,
PASTURENLCD06, T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, WTDEPAVE, BDAVE, TEMP_MIN, WATERNLCD06,
PASTURENLCD06, PET, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, WTDEPAVE, BDAVE, TEMP_MIN, WATERNLCD06,
PASTURENLCD06, PET, DEVHINLCD06
PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE, ROCKDEPAVE,
WTDEPAVE, BDAVE, WATERNLCD06, PASTURENLCD06,
DEVHINLCD06
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Table 2.3 (continued) Summary of regression results for integer moment orders when regression is applied with consideration of all
variables available. Variables that showed a significant correlation with drainage area are included in bold.
Moment
Order

Scaling
Exponent

Max
VIF

Residual
SD

AdjR2

Number of
Coefficients
(Including
Intercept)

-3

1.1432

6.1984

0.8284

0.7528

12

-2

1.1277

2.8709

0.7249

0.7879

10

-1

1.0951

3.8736

0.4976

0.8759

12

0

1.0304

4.9873

0.2485

0.9620

11

1

0.9956

16.7398

0.1206

0.9906

8

2

0.9335

48.7036

0.1754

0.9784

10

3

0.8562

5.7430

0.2457

0.9547

10
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Variables
Intercept, PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, WTDEPAVE, BDAVE, WATERNLCD06,
PASTURENLCD06, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, PLANTNLCD06, WATERNLCD06, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, CLAYAVE, SILTAVE,
OMAVE, ROCKDEPAVE, WATERNLCD06, PASTURENLCD06,
RRMEDIAN, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, ELEV_MAX_M,
CLAYAVE, SILTAVE, OMAVE, ROCKDEPAVE, PASTURENLCD06,
DEVHINLCD06
Intercept, PPTAVG_BASIN, SILTAVE, WTDEPAVE, T_MAX_BASIN,
T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, ELEV_MAX_M, SILTAVE,
ROCKDEPAVE, RFACT, TEMP_MIN, PET, T_INDEX
Intercept, ELEV_MAX_M, CLAYAVE, OMAVE, ROCKDEPAVE,
RFACT, PLANTNLCD06, CDL_SOYBEA, T_INDEX
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Table 2.3 (continued) Summary of regression results for integer moment orders when regression is applied with consideration of all
variables available. Variables that showed a significant correlation with drainage area are included in bold.
Moment
Order

4
5
6
7
8
9
10

Scaling
Exponent

0.8821
0.8259
0.8200
0.8171
0.8157
0.8150
0.8147

Max
VIF

9.5494
1.7764
1.7764
1.7764
1.7764
1.7764
1.7764

Residual
SD

0.3007
0.3504
0.3721
0.3870
0.3978
0.4058
0.4119

AdjR2

0.9304
0.9066
0.8947
0.8864
0.8804
0.8759
0.8725

Number of
Coefficients
(Including
Intercept)

10
6
6
6
6
6
6
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Variables
Intercept, PPTAVG_BASIN, ELEV_MAX_M, ELEV_MIN_M,
SILTAVE, ROCKDEPAVE, RH_BASIN, PLANTNLCD06,
CDL_SOYBEAN
Intercept, SILTAVE, ROCKDEPAVE, RFACT, CDL_SOYBEAN
Intercept, SILTAVE, ROCKDEPAVE, RFACT, CDL_SOYBEAN
Intercept, SILTAVE, ROCKDEPAVE, RFACT, CDL_SOYBEAN
Intercept, SILTAVE, ROCKDEPAVE, RFACT, CDL_SOYBEAN
Intercept, SILTAVE, ROCKDEPAVE, RFACT, CDL_SOYBEAN
Intercept, SILTAVE, ROCKDEPAVE, RFACT, CDL_SOYBEAN
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Figure 2.3 Moment scaling signature for multivariate moment analysis relying on
multiple regressions considering all available variables.
The moment scaling signature in Figure 2.3 shows a different picture than
was seen before in the drainage-area only results.

Previously, all scaling

exponents were less than one; here the scaling exponent is broadly monotonically
decreasing and crosses from greater than to less than one between moment orders
𝑟𝑟 = 0.5 and 𝑟𝑟 = 1.1, where the adjusted R2 peaks. (Local fluctuations in the

scaling exponent arise at least in part from changes in the selected explanatory
variables in the regressions, which are done independently among moment
orders.) The scaling exponent for the arithmetic mean is 𝛽𝛽1 = 0.996 ± 0.013,
which encompasses a unit exponent. As the unit exponent for the arithmetic mean

indicates conservation of mass, this result is more intuitive in this humid area than
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the drainage-area-only estimate of the scaling exponent of the mean, which was
less than one. The broadly monotonically decreasing scaling exponent shows that
variability decreases with scale for high and low flows and the effective
contributing drainage area ratio decreases, relative to its nominal value. In this
way, accounting for OVB significantly alters the estimate and interpretation of the
scaling exponent.

Figure 2.4 Moment scaling signatures for univariate and multivariate moment
analysis.
The effects of OVB can be more readily seen by comparing the separate
moment scaling signatures on the same axes, as shown in Figure 2.4. The
horizontal line indicates what simple scaling would look like under the
assumption of mass conservation. With just drainage area, the scaling is arguably
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‘simpler’ in that the scaling exponent is roughly symmetric around 𝑟𝑟 = 1, and

moments with orders equally far away from one demonstrate similar scaling
exponents. When additional variables are considered, lower-order moments scale
in a markedly different fashion than the high moments. Most obviously, the 𝛽𝛽𝑟𝑟

estimates for negative moment orders are greater than one rather than less, and the
overall tendency is for 𝛽𝛽𝑟𝑟 to decrease with r, with 𝛽𝛽1 ≈ 1 indicating mass
conservation, as discussed previously.

In addition to the scaling exponent values, there are a couple of other ways
in which negative moments differ from the positive moments once additional
variables are included.

First, different sets of variables are significant in

explaining the inverse and positive moments.

The slope of the basin

(SLOPE_PCT) (positive coefficients), organic content of the soil (OMAVE)
(negative coefficients), depth to the water table (WTDEPAVE) (negative
coefficients), percent of open water (WATERNLCD06) (positive coefficients),
extent of pasture land (PASTURENLCD06) (negative coefficients) and the
amount of high-density development (DEVHINLCD06) (negative coefficients)
commonly play a role in predicting the inverse moments. Positive-order moments
are driven significantly by the extent of soybean crops (CDL_SOYBEAN)
(negative coefficients). Most moments were affected by the depth to rock in the
soil (ROCKDEPAVE) (positive coefficients for negative-order moments,
negative coefficients for positive-order moments) and the silt content of the soils
(SILT_AVE) (negative coefficients for negative-order moments, positive
coefficients for positive-order moments). Basin precipitation (PPTAVG_BASIN)
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appears in the equations for inverse and small positive order moments with large
positive coefficients, which decrease as the moment orders increase.

The R

(rainfall erosivity) factor of the Universal Soil Loss Equation (RFACT), a
precipitation measure that is sensitive to intense precipitation (D’Odorico and
others, 2001; Hollinger and others, 2002), appears in both negative and positive
order moments but is more common and more significant in high positive order
moment equations; RFACT appears in those equations with a positive coefficient
when PPTAVG_BASIN disappears.
These results indicate some physically reasonable relationships:
SLOPE_PCT, with its positive coefficients for negative-order moments, indicates
the importance of gravity in maintaining streamflow during relatively low-water
periods. Similarly, ROCKDEPAVE, an indicator of soil depth, with its positive
coefficients for negative-order moments and negative coefficients for positiveorder moments, shows that deep soils tend to increase streamflow during lowwater periods but reduce it during high-water periods. The switch in precipitation
variables from PPTAVG_BASIN to RFACT, the latter being more indicative of
precipitation intensity, at high positive-order moments also makes physical sense.
In addition to the differences in explanatory variables, all methods showed
that the regression relationships were weaker for the inverse moments, as
indicated by their substantially lower adjusted R2 values. This shows that the
explanatory variables available in this study only partially captured the behavior
of low flows.

Possible causes of this phenomenon are considered in the

Discussion section below.
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2.6. Quantile Analysis
Moment scaling analysis can be somewhat inaccessible because it is
difficult to interpret the physical meaning of moment orders other than r = 1 (the
mean). For this reason, quantile scaling is an attractive alternative method to
evaluate the behavior of the spatial scaling exponent 𝛽𝛽𝑝𝑝 . Again, because all

quantiles are in units of streamflow, the regression slope estimate of the linearized
form of Eq. 2.11 at each exceedance probability provides a direct, though
approximate, estimate of 𝛽𝛽𝑝𝑝 . Furthermore, quantile analysis is directly linked to

the flow-duration curve, making the relation between scaling factors and flow
regimes much more intuitive for interpretation and useful in applications (Vogel
and Fennessey, 1995). As will be shown, quantile and moment analysis often,
though not always, lead to similar conclusions.

Table 2.4 Summary of regression results for quantile analysis with drainage area
(DRAIN_SQKM) as the only explanatory variable.
T-Stat
Exceedance
T-Stat
Scaling
(Scaling
Residual
Probability Intercept (Intercept) Exponent Exponent) SD
R2
0.0005
0.0050
0.0100
0.0250
0.0500
0.1000
0.1500
0.2000
0.2500
0.3000
0.4000
0.5000

3.0091
1.7342
1.2666
0.6096
0.1334
-0.2914
-0.4937
-0.6404
-0.7564
-0.8528
-1.0224
-1.2156

19.3737
12.2964
9.6003
5.0250
1.1437
-2.4057
-3.8310
-4.6124
-5.0631
-5.2837
-5.4028
-5.4320

0.8179
0.8808
0.9026
0.9302
0.9441
0.9475
0.9409
0.9346
0.9282
0.9211
0.9063
0.8948
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38.5350
45.6995
50.0613
56.1116
59.2420
57.2429
53.4285
49.2561
45.4650
41.7615
35.0493
29.2583

0.3905
0.3515
0.3289
0.2979
0.2825
0.2924
0.3095
0.3306
0.3527
0.3778
0.4366
0.5143

0.8900
0.9193
0.9317
0.9461
0.9524
0.9490
0.9421
0.9335
0.9238
0.9123
0.8827
0.8408
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Table 2.4 (continued) Summary of regression results for quantile analysis with
drainage area (DRAIN_SQKM) as the only explanatory variable.
Exceedance
T-Stat
Scaling
Probability Intercept (Intercept) Exponent
0.6000
-1.4175
-5.2968
0.8823
0.7000
-1.6480
-5.2322
0.8730
0.7500
-1.7782
-5.2511
0.8699
0.8000
-1.9167
-5.2715
0.8668
0.8500
-2.0890
-5.3681
0.8661
0.9000
-2.2914
-5.4842
0.8653
0.9500
-2.5622
-5.5964
0.8630
0.9750
-2.7722
-5.6569
0.8594
0.9900
-2.9811
-5.6357
0.8520
0.9950
-3.1230
-5.6030
0.8473
0.9995
-3.2286
-4.9728
0.7988

T-Stat
(Scaling
Residual
Exponent) SD
R2
24.1268
0.6130
0.7823
20.2819
0.7275
0.7116
18.7972
0.7866
0.6760
17.4451
0.8491
0.6388
16.2862
0.9132
0.6032
15.1544
0.9853
0.5643
13.7935
1.0897
0.5117
12.8331
1.1773
0.4701
11.7861
1.2791
0.4226
11.1237
1.3517
0.3932
9.0032
1.5751
0.2996

We first applied quantile analysis with WLS regression on drainage area
alone; results are summarized in Table 2.4. The regressions have high goodnessof-fit for exceedance probabilities less than 0.4 (R2 > 0.88), but drop quickly for
low flows (higher exceedance probabilities). As in the moment analysis, here
drainage area alone explains the variability of high flows well, but is less
explanatory for low flows. As can be seen more clearly in the quantile scaling
signature of Figure 2.5, the scaling exponent is not constant across the flow
duration curve, leading to the conclusion that flows in this region do not exhibit
simple scaling. The spatial scaling exponent is greatest for moderately high flows
(near an exceedance probability of 0.1) and reduces rapidly for both extreme high
and low flows; the decline is much more gradual towards higher exceedance
probabilities (lower flows). This finding indicates that the effective contributing
drainage area ratio decreases towards the tails of the distribution. Agreeing with
most results on flood flows (Gupta and others, 1994), high flows have decreasing
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variability with scale, while the variability of low flows increases with scale.
Further, the maximum scaling exponent is less than one throughout, suggesting
that there is no quantile where mass conservation holds, another surprising (or
anomalous) result.

Figure 2.5 Quantile scaling signature for univariate quantile analysis relying on
drainage area (DRAIN_SQKM) alone. The 95%-confidence interval is included.
As in the moment analysis with drainage area alone, these surprising
interpretations lead to the suspicion that OVB is occurring. The impact of OVB
was again assessed by applying a multiple-regression framework that allows for
the impacts of additional variables, especially those correlated with drainage area.
These results are displayed in Table 2.5, and the resultant quantile scaling
signature is shown in Figure 2.6. Including the additional variables produced a
52

CHAPTER 2: SPATIAL SCALING
marked improvement in adjusted R2, indicating a better model and therefore a
better estimate of the scaling exponent at each quantile. As with the moment
scaling analysis, the improvements are most dramatic in the low flows (high
exceedance probabilities), showing that omitted variables are most needed in
predicting low flows. The importance of the omitted variables at low flows is
reinforced in the quantile scaling signature, where the scaling exponent at an
exceedance probability of 0.1, which had the maximum exponent for the
drainage-area only results, is now near one and the decline towards low flows has
become a steady increase with a sharp upward tail. This change in low-flow
scaling indicates that there are variables other than drainage area that are affecting
the generation of low flows particularly.

This finding shows that the non-

conservation of mass and apparent increasing variability with scale that appeared
in the drainage area-only quantile analysis resulted from the failure to account for
these other variables.
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Table 2.5 Summary of regression results for quantile analysis when regression is applied with consideration of all variables available.
Variables that showed a significant correlation with drainage area are included in bold.
Exceedance
Probability

Drainage
Area
Max VIF

Residual
SD

AdjR2

Number of
Coefficients
(Including
Intercept)

0.0005

0.8436

9.8127

0.2957

0.9338

9

0.0050

0.8988

9.1620

0.2184

0.9675

8

0.0100

0.9273

16.2598

0.1985

0.9739

9

0.0250

0.9608

11.9238

0.1708

0.9814

10

0.0500

0.9895

11.1788

0.1441

0.9872

9

0.1000

1.0048

25.6115

0.1336

0.9891

9

0.1500

1.0167

4.6964

0.1333

0.9891

8

0.2000

1.0209

5.5590

0.1345

0.9889

8

0.2500

1.0190

230.1006

0.1384

0.9881

9

0.3000

1.0133

1.8489

0.1534

0.9855

7
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Variables
Intercept, ELEV_MAX_M, SILTAVE, ROCKDEPAVE, RFACT,
PLANTNLCD06, CDL_SOYBEAN, T_INDEX
CLAYAVE, OMAVE, ROCKDEPAVE, RFACT, TEMP_MIN,
WOODYWETNLCD06, T_INDEX
Intercept, SILTAVE, OMAVE, ROCKDEPAVE, RFACT,
TEMP_MIN, WOODYWETNLCD06, T_INDEX
Intercept, PPTAVG_BASIN, ELEV_MAX_M, CLAYAVE,
OMAVE, ROCKDEPAVE, RFACT, TEMP_MIN, T_INDEX
Intercept, PPTAVG_BASIN, OMAVE, ROCKDEPAVE, RFACT,
TEMP_MIN, WOODYWETNLCD06, T_INDEX
Intercept, PPTAVG_BASIN, ELEV_MAX_M, OMAVE,
ROCKDEPAVE, FST32F, TEMP_MIN, T_MAX_BASIN
Intercept, PPTAVG_BASIN, CLAYAVE, SILTAVE,
ROCKDEPAVE, T_MAX_BASIN, PERMAVE
Intercept, PPTAVG_BASIN, TOPWET, SILTAVE,
ROCKDEPAVE, T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, T_AVE_BASIN, TOPWET,
SILTAVE, WTDEPAVE, PET, DEVHINLCD06
Intercept, PPTAVG_BASIN, SILTAVE, WTDEPAVE, PET,
DEVHINLCD06
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Table 2.5 (continued) Summary of regression results for quantile analysis when regression is applied with consideration of all
variables available. Variables that showed a significant correlation with drainage area are included in bold.
Exceedance
Probability

Drainage
Area
Max VIF

Residual
SD

AdjR2

Number of
Coefficients
(Including
Intercept)

0.4000

1.0310

11.9449

0.1703

0.9814

13

0.5000

1.0285

12.3730

0.2111

0.9720

13

0.6000

1.0385

12.9574

0.2776

0.9532

13

0.7000

1.0494

4.9873

0.3676

0.9235

11

0.7500

1.0665

20.0420

0.4041

0.9099

13

0.8000

1.0820

3.6291

0.4692

0.8858

10

0.8500

1.0873

3.8736

0.5107

0.8698

12
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Variables
Intercept, PPTAVG_BASIN, TOPWET, CLAYAVE, SILTAVE,
OMAVE, WTDEPAVE, TEMP_MIN, PLANTNLCD06,
PASTURENLCD06, ELEV_MEDIAN_M_BASIN,
DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, ELEV_MAX_M,
CLAYAVE, SILTAVE, OMAVE, ROCKDEPAVE, WTDEPAVE,
RFACT, PASTURENLCD06, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, ELEV_MAX_M,
CLAYAVE, SILTAVE, OMAVE, ROCKDEPAVE, WTDEPAVE,
TEMP_MIN, PASTURENLCD06, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, ELEV_MAX_M,
CLAYAVE, SILTAVE, OMAVE, ROCKDEPAVE,
PASTURENLCD06, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, CLAYAVE, SILTAVE,
OMAVE, ROCKDEPAVE, RFACT, TEMP_MIN,
PASTURENLCD06, T_INDEX, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, CLAYAVE, SILTAVE,
OMAVE, ROCKDEPAVE, PASTURENLCD06, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, CLAYAVE, SILTAVE,
OMAVE, ROCKDEPAVE, WATERNLCD06, PASTURENLCD06,
RRMEDIAN, DEVHINLCD06
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Table 2.5 (continued) Summary of regression results for quantile analysis when regression is applied with consideration of all
variables available. Variables that showed a significant correlation with drainage area are included in bold.
Exceedance
Probability

Drainage
Area
Max VIF

Residual
SD

AdjR2

Number of
Coefficients
(Including
Intercept)

0.9000

1.1021

3.8736

0.5651

0.8496

12

0.9500

1.1223

3.8736

0.6470

0.8196

12

0.9750

1.1233

2.8034

0.7241

0.7925

10

0.9900

1.1461

2.8709

0.8188

0.7552

10

0.9950

1.1769

10.7891

0.8593

0.7433

12

0.9995

1.1311

2.8152

1.0829

0.6582

9
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Variables
Intercept, PPTAVG_BASIN, SLOPE_PCT, CLAYAVE, SILTAVE,
OMAVE, ROCKDEPAVE, WATERNLCD06, PASTURENLCD06,
RRMEDIAN, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, CLAYAVE, SILTAVE,
OMAVE, ROCKDEPAVE, WATERNLCD06, PASTURENLCD06,
RRMEDIAN, DEVHINLCD06
PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, WATERNLCD06, PASTURENLCD06,
RRMEDIAN, DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, PLANTNLCD06, WATERNLCD06,
DEVHINLCD06
Intercept, PPTAVG_BASIN, SLOPE_PCT, SILTAVE, OMAVE,
ROCKDEPAVE, TEMP_MIN, PLANTNLCD06,
WATERNLCD06, ELEV_MEDIAN_M_BASIN, DEVHINLCD06
PPTAVG_BASIN, SLOPE_PCT, SILTAVE, ROCKDEPAVE,
BDAVE, WATERNLCD06, PASTURENLCD06, DEVHINLCD06
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Figure 2.6 Quantile scaling signature for multivariate quantile analysis relying on
multiple regressions considering all available variables.
Examination of the explanatory variables used in the multiple regressions
for the quantile scaling analysis (Table 2.5) shows similar results as appear in
Table 2.3 for the multiple regressions for the moment scaling analysis. For
example PPTAVG_BASIN (again having positive coefficients) is used except at
the extreme high flow end, where RFACT appears to substitute for it. Similarly
SLOPE_PCT (again with positive coefficients) appears in the lower flow half of
the equations. ROCKDPEAVE appears for most low-flow equations, and its
coefficients switch from positive to negative when moving from low to high
flows.

PASTURENLCD06 and DEVHINLCD06 both appear with negative

coefficients in most of the lower flow equations.
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Figure 2.7 Quantile scaling signatures for univariate and multivariate quantile
analysis.
The two quantile scaling signatures derived are re-displayed in Figure 2.7.
This presentation further highlights the effect of OVB on the interpretation of
scaling. A multiple-regression framework provides a different view of the scaling
relationship. This difference is most apparent in the scaling exponents associated
with low flows (high exceedance probabilities).

When regressing against

drainage area alone, the scaling signature is smoother.

Occurring at an

exceedance probability near 0.1, the maximum exponent is 0.95. From this peak,
the exponent steeply declines for high and low extremes. The signature from the
multiple regressions shares the steep decline at the extreme high flow but then
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crosses a value of one at an exceedance probability of about 0.1 and rises slowly
across the moderate and low flows to a maximum of about 1.15. From this figure,
mitigating the effect of OVB results in a more interpretable (and possibly less
anomalous) scaling relationship.

Figure 2.8 (Upper Panel) Spatial scaling signatures derived from multivariate
moment and quantile analyses. (Lower Panel) Adjusted R2 of multivariate
moment and quantile analyses across exceedance probabilities.

2.7. Discussion
The conclusions pertaining to scaling behavior based on moment and
quantile analysis can be compared with the use of the median of the power meanbased mapping of moment orders to exceedance probabilities presented above
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(Figure 2.1). The scaling signatures resulting from the regressions making use of
all available variables are shown in the upper panel of Figure 2.8; the lower panel
shows the corresponding adjusted R2 values.
Despite being derived from different modes of analysis, these scaling
signatures show broadly similar spatial scaling behavior. Both signatures are
marked by three distinct regions along the axis of exceedance probabilities. There
is a significant decline in scaling factors for high flows, i.e., flows with
exceedance probabilities less than about 15%, though this decline is steeper and
occurs at a lower exceedance probability in the quantile-derived signature.
Between exceedance probabilities of 15% and 70% the scaling exponents slope
upward as the exceedance probabilities increase (i.e., as flows get lower). In this
region the scaling factors are close to one or just above one. Beyond exceedance
probabilities of 70%, the moment-based scaling function levels off while the
quantile-based function continues it gentle upward rise. As both spatial scaling
signatures broadly increase with exceedance probability and cross a value of one,
the expected phenomena of decreasing variability with increasing flows and mass
conservation at some exceedance probability near 0.1 for the quantile scaling
analysis and near the mean (0.28) for the moment scaling analysis are indicated.
Overall, the moment analysis indicates scaling exponents less than those
estimated from quantile analysis for flows below the median, and greater than
those from quantile analysis for flows above the median, while agreeing at the
median and at the low and high extremes (Figure 2.8, upper panel).

The

differences in scaling exponents between the two types of analyses appear to
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indicate deficiencies in the mapping between moment order and exceedance
probability. Additionally, it may also be affected by statistical factors such as the
sensitivity of high-order moments, whether normal or inverse, to extreme values.
The importance of statistical factors in the moment analysis is suggested by the
lower adjusted-R2 values for the moment analysis as compared to the quantile
analysis (Figure 2.8, lower panel).
The same general scaling signature that was identified here in the multiple
regression results can also be seen in the quantile-based results of Over and others
(2014) in Indiana and Illinois – which echo the results of Singh (1971) in Illinois,
– though they take a different approach to the problem of heterogeneity of basin
characteristics. A multiple-regression spatial scaling signature for three regions
each in Illinois and in Indiana is shown in Figure 2.9 (see Over and others (2014)
for further information). These results exhibit the same general signature with a
mid-range plateau, a downturn in the high flows and a gentle upward curvature in
the low flows. Although the magnitudes of the low-flow scaling factors are much
greater, probably because the large number of stations having large numbers of
censored (zero) flows are present in the region and were retained in the analysis,
the overall signature is quite similar. Interestingly, Over and others (2014) did
not find much change in scaling relations resulting from use of multiple
regression: they found nearly identical signatures with regressions based on
drainage area alone. In their study, the need for multiple regression to get the
correct scaling exponent was probably circumvented by classifying the larger
region into homogeneous sub-regions prior to the application of regional
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regression. This accomplishes the same goal of multiple regression: controlling
for regional heterogeneity, especially in basin characteristics that are correlated
with both drainage area and the streamflow statistics of interest, in this case.

Figure 2.9 Quantile scaling signatures from multiple regression analysis in
Indiana and Illinois (Over and others, 2014).
We hypothesize that the spatial scaling signature exhibited in the study
region is a generalizable example of the spatial scaling behavior of streamflow in
a given region.

As such, the spatial scaling signatures of daily streamflow

provide fundamental information as to how streamflow is generated in a specific
region. Consider first high flows (floods). When they are rainfall-driven, floods
result from the quick response of a basin to extreme storm conditions. The short
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duration of the flood response and the branching properties of the river network,
along with the scale-dependent spatial variability of the precipitation itself (Gupta
and Waymire, 1993; Over and Gupta, 1996), combine to cause a decreasing
fraction of the basin to be contributing to the streamflow at a given point and
time, as also suggested by the decreasing effective contributing drainage area ratio
discussed here. These effects result in a scaling exponent less than one, as shown
by the simple model of Gupta and others (1996). In particular, in both this study
region and the results from Indiana and Illinois (Over and others, 2014), the high
flow scaling exponent was seen to decrease with decreasing exceedance
probability, as has been observed for annual flood peaks in regions including parts
of the one considered in this study, with primarily rainfall-generated floods
(Gupta and others, 1994; Gupta and Dawdy, 1995; Smith 1992).
Similar logic can be applied to propose a physical mechanism for the
observed scaling properties for low flows. Under conditions when the basin
response is changing slowly, low flows result from groundwater outflow. By
themselves, such conditions would suggest a scaling exponent of one, since the
scale-dependent variability and quick response aspects of high flows have
dissipated.

However, groundwater flows have their own scale-dependent

structure. As originally proposed by Tóth (1963) and extended by Freeze and
Witherspoon (1967), Ophori and Tóth (1990), Cardenas (2007), and Wörman and
others (2007) (see also Dingman (1994), chapter 8), the nested structure of a river
basin’s topography tends to induce a similarly nested set of groundwater flow
systems, with important implications for basin response. The discharge from this
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hierarchy of groundwater flow systems results in increasing fractions of the
upstream recharge contributing to baseflow as the basin scale gets larger, thus
implying a scaling exponent exceeding one, and agreeing with the increased
effective contributing drainage area ratio proposed here. In addition, because the
larger, deeper systems have longer time scales to depletion, they will increasingly
dominate the flow as the exceedance probability increases, causing the scaling
exponent to increase with the exceedance probability. Inter-regional differences
in the low-flow scaling were observed: the scaling exponent at extreme low flows
in this study region was seen to rise to about 1.2; whereas in Illinois and Indiana,
albeit with censored data included, the scaling exponent rose to a value between
1.4 and 3, depending on the sub-region (Over and others, 2014).
Finally, the mid-range of flows on the exceedance probability axis may be
characterized as normal or equilibrium conditions.

Flows in this region are

characterized by scaling factors around one (or slightly above one if there is a
significant impact of the hierarchy of groundwater systems on average flows).
The assertion of the unit scaling exponent for average flows can be seen by
considering a set of streamgages along a single river network with perfectly
homogeneous climate, land use and all basin characteristics. In such a case, the
long-term average flow per unit area, in order to conserve mass, should be
constant, implying a scaling factor of one.
We suggest that the spatial scaling signatures of daily streamflow
constitute a powerful tool for the characterization of streamflow regimes in varied
regions. The magnitude and interplay of the three characteristic regions of the
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spatial scaling signature may provide insight on the behavior of streamflow in a
given region, providing insights as to the main drivers of streamflow and allowing
recognition of significant changes in the streamflow regime. As has been shown
here, multiple regression or another means can be used to isolate these varied
effects and reveal a more accurate spatial scaling signature, which in turn
provides a better understanding of regional streamflow behavior.

2.8. Summary and Conclusions
This work has sought to improve our understanding of the spatial scaling
behavior of daily streamflow. Scaling behavior has long been interpreted by
distinguishing between simple scaling and multiscaling. These notions form the
basis of many regional hydrologic methods, including the index-flood method
(Dalrymple, 1960), regional hydrologic regression (Tasker and Stedinger, 1987;
Reis III, 2007) and the drainage-area ratio transfer method used for prediction in
ungaged basins (as in Farmer and Vogel (2013)). Assessments of spatial scaling
behavior were conducted by examining the relationship between scaling factors
and either streamflow moments (moment analysis) or quantiles (quantile
analysis). Both analyses estimate scaling exponents using methods of regression.
We document a significant deficiency in traditional univariate scaling analysis
and advocate a multivariate technique for improving the interpretation of scaling
behavior.
Our analyses led to two important sets of findings, one set methodological
and another empirical. The methodological findings were two-fold. First it was
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shown that the entire scaling behavior of streamflow moments can be captured
only by including inverse moments in the analysis. This was demonstrated by
means of an approximate mapping of moment orders to exceedance probabilities,
which showed that positive moment orders mapped only to flows above the
median, whereas inverse moments mapped to flows below the median.
Traditional scaling analysis of flow moments using only positive moments is thus
problematic because low-flows were demonstrated to scale differently than highflows with respect to drainage area. It was then demonstrated that omittedvariable bias (OVB) can have a significant impact on the assessment of scaling
behavior and lead to physically implausible results. OVB resulted from univariate
scaling analyses based on drainage area alone. We document that the impact of
this bias can be mitigated by the use of multiple regression. When OVB was
accounted for with multiple regression, the scaling signatures were distinctly
different from those determined using a univariate scaling analysis, and took on
forms that were physically plausible and interpretable in terms of the streamflow
generating processes for high, mid-range, and low flows.
The empirical findings consist of the general form of the OVB-corrected
(multiple regression-based) scaling signature in this region.

Based on its

agreement with results of Over and others (2014) for Illinois and Indiana, we
hypothesize that this signature is generally applicable for humid temperate
regions. The mean flow was found to scale with a unit exponent, indicating mass
conservation. High and low flows were found to have scaling exponents less than
and greater than one, respectively. The high flow exponents suggest a decreasing
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fraction of contributing area with increasing scale and agree with corresponding
peak flow analyses, whereas the low-flow exponents suggest an increasing
fraction of contributing area with increasing scale. The overall form of the OVBcorrected scaling signature also indicates decreasing variability (thinner tails) of
the distribution of flows with increasing scale for both high and low flows.
To our knowledge, no previous analysis of scaling behavior has assessed
the impact of OVB nor considered the scaling of inverse streamflow moments.
As this study only considered streamflow behavior in the Southeast United States,
along with a brief analysis of results from Illinois and Indiana, further research
needs to consider the scaling signatures of other regions. Furthermore, future
consideration of this topic needs to examine scaling behavior in a theoretical
framework such as that developed by Gupta and others (1996) for floods and seek
greater understanding of the physical processes behind these scaling signatures.
Special attention needs to be paid to low flows, which, from a scaling perspective,
have not received the same degree of attention as high flows. It is our hope that
this work and future work will advance our understanding of the characteristics of
spatial scaling signatures and how they relate to streamflow-generating processes
in a region. Such an understanding will provide advantages for prediction in
ungaged basins and the development of water resources in both gaged and
ungaged basins.
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ABSTRACT
Effective and responsible management of water resources relies on a thorough
understanding of the quantity and quality of available water. Streamgages cannot
be installed at every location where streamflow information is needed. As part of
its National Water Census, the U.S. Geological Survey is planning to provide
streamflow predictions for ungaged locations. In order to predict streamflow at a
useful spatial and temporal resolution throughout the Nation, efficient methods
need to be selected. This report examines several methods used for streamflow
prediction in ungaged basins to determine the best methods for regional and
national implementation. A pilot area in the southeastern United States was
selected to apply 19 different streamflow prediction methods and evaluate each
method by a wide set of performance metrics. Through these comparisons, two
methods emerged as the most generally accurate streamflow prediction methods:
the nearest-neighbor implementations of nonlinear spatial interpolation using flow
duration curves (NN-QPPQ) and standardizing logarithms of streamflow by
monthly means and standard deviations (NN-SMS12L). It was nearly impossible
to distinguish between these two methods in terms of performance. Furthermore,
neither of these methods requires significantly more parameterization in order to
be applied: NN-SMS12L requires 24 regional regressions—12 for monthly means
and 12 for monthly standard deviations. NN-QPPQ, in the application described
in this study, required 27 regressions of particular quantiles along the flow
duration curve. Despite this finding, the results suggest that an optimal
streamflow prediction method depends on the intended application. Some
5

Georgia Water Science Center, U.S. Geological Survey, Norcross, Georgia
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methods are stronger overall, while some methods may be better at predicting
particular statistics. The methods of analysis presented here reflect a possible
framework for continued analysis and comprehensive multiple comparisons of
methods of prediction in ungaged basins (PUB). Additional metrics of
comparison can easily be incorporated into this type of analysis. By considering
such a multifaceted approach, the top-performing models can easily be identified
and considered for further research. The top-performing models can then provide
a basis for future applications and explorations by scientists, engineers, managers,
and practitioners to suit their own needs.

3.1. Introduction
Effective and responsible management of water resources relies on a
thorough understanding of the quantity and quality of available water. In regards
to quantity, daily records of streamflow are some of the best sources of the
information required for assessing water resources. These records can be used to
determine specific characteristics of flow that influence a wide range of projects,
from irrigation scheduling to water-supply management and the development of
hydropower, to name a few (Sivapalan, 2003; Sivapalan and others, 2003;
Hrachowitz and others, 2013). Long-term historical records are also essential to
understanding trends in climate and basin hydromorphology (Vogel, 2011). As
human development expands across the landscape, daily streamflow records are
vital to answering a growing number of increasingly complex questions.
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Historically, daily streamflow records have been produced by operating
streamgages. Streamgage density and length of continuous record have thus been
guided by funding availability and location chosen to address specific, often local,
questions. Given the funding requirements and the length of operation needed to
produce streamflow records of sufficient length for analysis, it is unreasonable to
expect daily streamflow records at the outlet of every basin of interest (for
example, HUC-12 outlets). The result is a network of gages in the United States
with many spatial and temporal gaps in observed streamflow records (Kiang and
others, 2013). Developing methods for filling these spatial and temporal gaps
based on mathematical models is required to answer questions regarding the
quantity and quality of available water in ungaged basins and is the goal of the
Prediction in Ungaged Basins (PUB) initiative (Sivapalan and others, 2003;
Hrachowitz and others, 2013).
Recognizing the importance of water resources, the U.S. Department of
the Interior (DOI) launched the WaterSMART initiative to describe the quality
and quantity of the Nation’s water resources (Alley and others, 2013). The U.S.
Geological Survey’s (USGS) National Water Census, a component of
WaterSMART, aims to provide water-accounting tools and to assess the
availability of water resources to meet current and projected ecological and
human water requirements at regional and national scales (Alley and others,
2013). While the National Water Census considers a number of different aspects
of water resources, one specific research focus is to provide spatially and
temporally continuous predictions of natural, historical daily streamflow at the
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subwatershed (HUC-12) outlet scale. (In the southeastern United States, these
outlet basins have a mean size of 2,208 km2.) The daily streamflow product is an
essential component of water budget estimates and will provide direct information
for human and aquatic needs.
While numerous methods exist to predict specific streamflow statistics in
ungaged basins (see Thomas and Benson, 1970, and Ries III, 2007, for a
summary), the literature concerning prediction of complete time series is much
more limited, often consisting of comparisons of a proposed method against one
or two previous methods (Hirsch, 1979; Hughes and Smakhtin, 1996; Shu and
Ouarda, 2012; Razavi and Coulibaly, 2013). In order to predict streamflow at a
useful spatial and temporal resolution throughout the Nation, ideal methods must
be accurate and efficient. In addition, ideal methods, so as to better understand the
limits of their usefulness, should provide some means of characterizing the degree
of

uncertainty

in

predictions.

Prior

to

national-scale

implementation,

methodological approaches to continuous streamflow prediction need to be
developed and rigorously evaluated.
A pilot study in the southeastern United States, called the Southeast
Model-Comparison study (SEMC), was conducted to determine the best
prediction methods for regional and national model implementation. The SEMC
was focused on conducting a comprehensive analysis and cross comparison of 19
prediction methods for ungaged basins (PUB methods) using a wide-ranging set
of performance metrics while also characterizing uncertainty. The intention of the
SEMC is to develop a framework of analysis that can incorporate existing and
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future PUB methods and provide a thorough analysis of the strengths and
weaknesses of each. The result of the SEMC is a robust understanding of current
PUB methods and their advantages and limitations.

3.1.1. PURPOSE AND SCOPE
This report presents the results of the SEMC: a comparison of 19 methods
for predicting streamflow at a daily time step in the southeastern United States
(Figure 3.1). The report documents the ability of each model to predict observed
daily streamflow, daily, no-fail storage-yield curves, and specific flow statistics at
182 locations over a 30-year period (water years 1981–2010). Additionally,
information regarding relative model performance is presented. The accuracy of
the models is the principal basis for comparison, though the level of effort and
data requirements for the various methods are also discussed. This report presents
a method of analysis that is thorough, but not exhaustive, though the conclusions
presented remain relative to the location and PUB methods evaluated, rather than
unconditional or absolute.

3.2. Study Area, Streamgage Selection, and Dataset
Development
The Southeast Model Comparison study area covers approximately
355,000 km2 and includes all or part of 12 4-digit Hydrologic Unit Code (HUC-4)
sub-basins in Alabama, Florida, Georgia, Mississippi, North Carolina, South
Carolina, Tennessee, and Virginia (Figure 3.1). The majority of the study area
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eventually drains to the Gulf of Mexico, including the Alabama-CoosaTallapoosa,

Apalachicola-Chattahoochee-Flint,

Choctawhatchee-Escambia,

Mobile-Tombigbee, Ochlockonee, Pascagoula, Suwannee, and middle and upper
Tennessee River Basins, with parts of two additional basins (Altamaha and
Savannah Rivers) draining to the Atlantic Ocean. An analysis of the 2011
National Land Cover Database (NLCD; Jin and others, 2013) shows that the study
area consists of 49.4 percent forest cover, 17.6 percent agricultural lands, 12.1
percent scrub/shrub and grasslands, 9.0 percent developed lands, 9.0 percent
wetlands, 2.5 percent open water, and 0.4 percent barren land. The study area is
composed of six physiographic regions: the Appalachian Plateaus, Blue Ridge,
Coastal Plain, Interior Low Plateaus, Piedmont, and Valley and Ridge. The
Appalachian and Interior Low Plateaus include nearly horizontal layers of
Mississippian- and Pennsylvanian-age sedimentary rocks. The Blue Ridge and
Piedmont are underlain mostly by Precambrian-age and older Paleozoic-age
crystalline rocks. The Valley and Ridge, as its name suggests, consists of a series
of northeast-trending linear ridges and valleys underlain by alternating beds of
hard and soft Paleozoic sedimentary rocks (Johnson and others, 2002). Lastly, the
Coastal Plain is underlain by Mesozoic- and Cenozoic-age sedimentary rocks and
unconsolidated sediments (Couch and others, 1995).
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Figure 3.1 Southeast Model Comparison (SEMC) study area with four-digit
Hydrologic Unit Codes (HUC) and Physiographic Provinces. HUC 4 units are as
follows: (1) Upper Tennessee, (2) Middle Tennessee-Hiwassee, (3) Middle
Tennessee-Elk, (4) Savannah, (5) Mobile-Tombigbee, (6) Alabama-CoosaTallapoosa, (7) Apalachicola-Chattahoochee-Flint, (8) Altamaha, (9) Pascagoula,
(10) Chocktawhatchee-Escambia, (11) Ochlockonee, and (12) Suwannee.
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The SEMC study area is generally a warm and humid temperate climate.
Air temperatures generally decrease with increasing latitude and elevation.
Annual average temperatures range from a high of 67.8 °F in the southern part to
a low of 50.7 °F in the northern part. Average annual precipitation accumulation
in the study area is 54.4 inches (in.), with average values ranging from a low of
44.1 in. in the northeastern-most part of the upper Tennessee River Basin to a
high of 69.2 in. at the intersection of Georgia, North Carolina, and South
Carolina. Generally, precipitation accumulation is greatest in the southern part of
the study area near the Gulf of Mexico and in the southern Appalachian
Mountains, lowest in central Georgia and the northeastern most part of the study
area, and closer to the average in the western half of the study area.
In order to assess the predictive power of the PUB methods, the
streamgages considered for calibration and validation were required to exhibit
near-natural streamflow records for an extended period of time. As the intention
was to produce a 30-year continuous daily record between October 1, 1980, and
September 30, 2010, each potential streamgage was required to have at least 10
complete water years within the period of interest. Based largely on the work of
Falcone and others (2010), Falcone (2011) and Gotvald and others (2009), 182
streamgages in the southeastern United States satisfied these criteria and were
selected for use in this analysis (Figure. 3.2; Table 3.1). The selected records
were assessed for missing periods. At seven streamgages (see Appendix 3.A),
short missing periods of 1 to 33 days were filled in consultation with surfacewater specialists of each USGS Water Science Center where the data originated;
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often missing data were available from the local databases. Other methods used
for filling included transfer of data from nearby stations and interpolation; see
Appendix 3.A. After filling, only complete water years of data were used in the
analyses.

Figure 3.2 Study area and streamgages, with validation scenarios.
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Table 3.1 Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast Model
Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
CHATTOOGA RIVER NEAR CLAYTON,
02177000
GA
TALLULAH RIVER NEAR CLAYTON,
02178400
GA
02185200
LITTLE RIVER NEAR WALHALLA, SC
TWELVEMILE CREEK NEAR LIBERTY,
02186000
SC
02186645
02191300
02192000
02208450
02212600
02213050
02215100
02216180
02217500

CONEROSS CK NR SENECA, SC
BROAD RIVER ABOVE CARLTON, GA
BROAD RIVER NEAR BELL, GA
ALCOVY RIVER ABOVE COVINGTON,
GA
FALLING CREEK NEAR JULIETTE, GA
WALNUT CREEK NEAR GRAY, GA
TUCSAWHATCHEE CREEK NEAR
HAWKINSVILLE, GA
TURNPIKE CREEK NEAR MCRAE, GA
MIDDLE OCONEE RIVER NEAR
ATHENS, GA

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Ref

1981

2010

30

0.00%

203.39

611.00

Ref
Non-ref

1981
1981

2010
2003

30
23

0.00%
0.00%

58.41
72.15

169.20
158.60

Non-ref
Not in GAGESII
Non-ref
Non-ref

1990

2010

18

0.00%

104.15

177.30

1990
1998
1981

2003
2010
2010

14
13
30

0.00%
0.00%
0.00%

65.39
756.25
1418.35

115.30
871.50
1588.00

Non-ref
Ref
Ref

1981
1981
1981

2010
2010
1993

30
30
13

0.00%
0.99%
0.06%

185.60
72.57
31.26

232.90
55.27
24.99

Ref
Ref

1987
1984

2010
2010

24
27

0.00%
31.33%

162.28
49.85

154.80
46.49

Non-ref

1981

2010

30

0.00%

391.90

471.80
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
APALACHEE RIVER NEAR
02219000
BOSTWICK, GA
02220900
LITTLE RIVER NEAR EATONTON, GA
MURDER CREEK BELOW
02221525
EATONTON, GA
ALAPAHA RIVER AT STATENVILLE,
02317500
GA
WITHLACOOCHEE RIVER AT US 84,
02318500
NEAR QUITMAN, GA
OKAPILCO CREEK AT GA 33, NEAR
02318700
QUITMAN, GA
02326512
AUCILLA RIVER NR SCANLON, FL
SOPCHOPPY RIVER NR SOPCHOPPY,
02327100
FL
OCHLOCKONEE RIVER NR HAVANA,
02329000
FL
QUINCY CREEK AT STATE HWY 267
02329534
AT QUINCY, FL
02329600
LITTLE RIVER NR MIDWAY, FL
02330100
TELOGIA CREEK NR BRISTOL, FL
02330400
NEW RIVER NEAR SUMATRA, FL

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Non-ref
Non-ref

1981
1981

2010
2010

30
30

0.00%
0.00%

176.30
266.40

223.60
226.60

Ref

1981

2010

30

0.00%

189.50

151.90

Non-ref

1981

2010

30

0.00%

1390.51

1083.00

Non-ref

1989

2010

20

0.00%

1491.78

1249.00

Non-ref
Ref

1981
1981

2010
1997

30
17

14.56%
0.00%

272.08
818.35

237.80
561.90

Ref

1981

2010

30

0.00%

104.68

179.30

Non-ref
Not in GAGESII
Non-ref
Non-ref
Ref

1981

2010

30

0.00%

1145.49

1054.00

1981
1986
1981
1999

1992
2010
2010
2010

12
25
30
12

0.00%
0.00%
0.00%
4.04%

16.96
305.15
124.54
173.29

27.56
374.70
205.50
267.90
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
CHATTAHOOCHEE RIVER AT HELEN,
02330450
GA
CHATTAHOOCHEE RIVER NEAR
02331600
CORNELIA, GA
CHESTATEE RIVER NEAR
02333500
DAHLONEGA, GA
SWEETWATER CREEK NEAR
02337000
AUSTELL, GA
SNAKE CREEK NEAR WHITESBURG,
02337500
GA
HILLABAHATCHEE CREEK AT
02338523
THAXTON RD, NR FRANKLIN, GA
NEW RIVER AT GA 100, NEAR
02338660
CORINTH, GA
YELLOWJACKET CREEK-HAMMETT
02338840
RD, BLW HOGANSVILLE, GA
WEHADKEE CREEK BELOW ROCK
02339225
MILLS, AL
UPATOI CREEK NEAR COLUMBUS,
02341800
GA

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Non-ref

1982

2010

29

0.00%

45.02

128.30

Non-ref

1981

2010

30

0.00%

316.51

717.50

Non-ref

1981

2010

30

0.00%

150.70

331.80

Non-ref

1981

2010

30

0.00%

238.47

348.80

Non-ref

1981

1999

19

0.00%

35.64

52.90

Ref

2003

2010

8

0.00%

16.69

22.41

Non-ref
Not in GAGESII
Not in GAGESII

1981

2010

30

0.00%

124.86

138.50

1981

2010

6

0.00%

90.07

118.00

1981

1989

9

0.00%

60.11

81.00

Non-ref

1981

2010

30

0.00%

341.17

407.00
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
UCHEE CREEK NEAR FORT
02342500
MITCHELL, AL
SOUTH FORK COWIKEE CREEK NEAR
02342933
BATESVILLE, AL
02343300
ABBIE CREEK NEAR HALEBURG, AL
SAWHATCHEE CREEK AT CEDAR
02343940
SPRINGS, GA
FLINT RIVER NEAR THOMASTON,
02346180
GA
FLINT RIVER AT US 19, NEAR
02347500
CARSONVILLE, GA
02349900
TURKEY CREEK AT BYROMVILLE, GA
KINCHAFOONEE CREEK AT
02350600
PRESTON, GA
KINCHAFOONEE CREEK AT
PINEWOOD ROAD, NR DAWSON,
02350900
GA
MUCKALEE CREEK NEAR AMERICUS,
02351500
GA
MUCKALEE CREEK AT GA 195, NEAR
02351890
LEESBURG, GA

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Non-ref

1981

2010

30

0.00%

320.69

385.30

Ref
Ref

1981
1981

2010
1992

30
12

0.00%
0.00%

112.01
146.23

112.00
165.80

Ref

2003

2010

8

0.00%

65.00

90.77

Non-ref

1981

1992

12

0.00%

1216.59

1284.00

Non-ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

1849.49
47.44

1959.00
40.19

Ref

1987

2010

17

0.00%

186.09

203.20

Ref

1986

2010

25

0.00%

527.08

520.70

Non-ref

2002

2010

9

0.00%

140.56

143.50

Non-ref

1981

2010

30

0.00%

375.30

378.90

81

CHAPTER 3: SOUTHEAST MODEL COMPARISON

Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
02353400
PACHITLA CREEK NEAR EDISON, GA
ICHAWAYNOCHAWAY CREEK AT
02353500
MILFORD, GA
02359000
CHIPOLA RIVER NR ALTHA, FL
CHOCTAWHATCHEE RIVER NEAR
02361000
NEWTON, AL
LITTLE DOUBLE BRIDGES CREEK NR
02362240
ENTERPRISE, AL
02363000
PEA RIVER NEAR ARITON, AL
02364570
PANTHER CREEK NEAR HACODA, AL
WRIGHTS CREEK AT SH 177-A NR
02365470
BONIFAY, FL
BRUCE CREEK AT SH 81 NR REDBAY,
02365769
FL
ALAQUA CREEK NEAR PLEASANT
02366996
RIDGE, FL
JUNIPER CREEK AT STATE HWY 85
02367310
NR NICEVILLE, FL
BLACKWATER RIVER NEAR
02369800
BRADLEY, AL
02370000
BLACKWATER RIVER NR BAKER, FL

Classification
(GAGES-II)
Non-ref

Zero-Flow
First
Last
Days
Water Water Number (Percent
Year
Year
of Years of Record)
1989 2010
22
0.00%

Drainage
Area
Mean
(square
Streamflow
miles)
(ft^3/s)
181.65
228.10

Non-ref
Non-ref

1981
1981

2010
2010

30
30

0.00%
0.00%

622.66
835.10

681.20
1425.00

Ref

1981

2010

30

0.00%

687.89

845.80

Ref
Ref
Ref

1986
1988
1981

2010
2010
1995

25
23
15

0.00%
0.00%
0.00%

21.31
499.04
26.39

35.26
571.10
40.97

Ref

1999

2010

12

0.00%

149.22

204.00

Ref

1999

2010

12

0.00%

81.85

167.50

Ref

1999

2010

12

0.00%

38.88

99.42

Ref

1981

1993

13

0.00%

28.26

94.61

Ref
Ref

1981
1981

2010
2010

30
26

0.00%
0.00%

87.84
206.31

137.50
358.90
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
02371500
CONECUH RIVER AT BRANTLEY, AL
PATSALIGA CREEK NEAR BRANTLEY,
02372250
AL
SEPULGA RIVER NEAR MCKENZIE,
02373000
AL
MURDER CREEK NEAR EVERGREEN,
02374500
AL
BURNT CORN CREEK AT STATE HWY
02374745
41 NEAR BREWTON, AL
02378500
FISH RIVER NEAR SILVER HILL, AL
FAUSETT CREEK NEAR TALKING
02381600
ROCK, GA
TALKING ROCK CREEK NEAR
02382200
HINTON, GA
02384540
MILL CREEK NEAR CRANDALL, GA
HOLLY CREEK NEAR CHATSWORTH,
02385800
GA
TWO RUN CREEK NEAR KINGSTON,
02395120
GA
CEDAR CREEK AT GA AVE, AT
02397410
CEDARTOWN, GA

Classification
(GAGES-II)
Ref

Zero-Flow
First
Last
Days
Water Water Number (Percent
Year
Year
of Years of Record)
1981 2010
30
0.00%

Drainage
Area
Mean
(square
Streamflow
miles)
(ft^3/s)
499.15
593.50

Ref

1981

2010

30

0.00%

442.18

551.40

Ref

1981

2010

30

0.00%

468.58

621.70

Ref

1981

2010

30

0.00%

172.09

271.30

Ref
Non-ref

2000
1988

2010
2010

11
23

0.00%
0.00%

182.29
56.02

270.00
118.30

Ref

1981

2010

30

0.00%

3.99

15.20

Non-ref
Ref

1981
1986

2010
2010

30
25

0.00%
0.00%

119.64
8.25

159.20
17.86

Non-ref

1981

2010

30

0.00%

63.97

116.40

Ref
Not in GAGESII

1981

2010

30

0.00%

32.44

42.46

1982

1997

16

0.00%

65.07

89.94
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
CHATTOOGA RIVER ABOVE
02398300
GAYLESVILLE, AL
02399200
LITTLE RIVER NEAR BLUE POND, AL
02400100
TERRAPIN CREEK AT ELLISVILLE, AL
BIG WILLS CREEK NEAR REECE CITY,
02401000
AL
BIG CANOE CREEK NEAR
02401370
SPRINGVILLE, AL
02401390
BIG CANOE CREEK AT ASHVILLE, AL
LITTLE CANOE CREEK NEAR STEELE,
02401470
AL
CHOCCOLOCCO CREEK AT JACKSON
02404400
SHOAL NR LINCOLN, AL
02405500
KELLY CREEK NEAR VINCENT, AL
02406500
TALLADEGA CREEK AT ALPINE, AL
HATCHET CREEK BELOW ROCKFORD
02408540
AL
LITTLE TALLAPOOSA RIVER NEAR
02413300
NEWELL, AL
HILLABEE CREEK NEAR
02415000
HACKNEYVILLE, AL

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Non-ref
Non-ref
Non-ref

1985
1981
1981

2010
2010
2010

26
30
30

0.00%
0.00%
0.00%

365.57
198.97
252.81

599.20
443.40
375.30

Non-ref
Not in GAGESII
Non-ref
Not in GAGESII

1987

2010

24

0.00%

182.83

289.50

1981
1981

1994
2010

14
30

0.00%
0.00%

45.01
141.06

76.83
250.10

1983

1994

12

0.00%

22.16

32.01

Non-ref
Non-ref
Non-ref

1985
1987
1988

2010
2010
2010

26
24
23

0.00%
0.00%
0.00%

478.93
193.95
149.08

699.70
333.50
234.90

Ref

1981

2010

30

0.00%

263.48

398.60

Non-ref

1981

2010

30

0.00%

405.78

553.30

Ref

1986

2010

25

0.00%

189.72

297.40
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
UPHAPEE CREEK NEAR TUSKEGEE,
02419000
AL
ALABAMA RIVER NEAR
02420000
MONTGOMERY, AL
CATOMA CREEK NEAR
02421000
MONTGOMERY, AL
02422500
MULBERRY CREEK AT JONES, AL
02423555
CAHABA RIVER NEAR HELENA, AL
PINE BARREN CREEK NEAR SNOW
02427250
HILL, AL
02427700
TURKEY CREEK AT KIMBROUGH, AL
RED BUD CREEK NR MOORES MILL,
02430085
MS
02430615
MUD CREEK NR FAIRVIEW, MS
02430880
CUMMINGS CREEK NR FULTON, MS
BUTTAHATCHEE RIVER BELOW
02438000
HAMILTON, AL
LUXAPALLILA CREEK AT MILLPORT,
02442500
AL
02446500
SIPSEY RIVER NR ELROD, AL

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Non-ref

1981

2010

30

0.00%

332.88

363.50

Non-ref

1981

2010

19

0.00% 15106.77

21120.00

Non-ref
Ref
Non-ref

1981
1981
1996

2010
2010
2010

30
30
15

0.00%
0.00%
0.00%

293.13
203.69
334.48

335.80
277.70
582.50

Ref
Ref

1990
1981

2010
1996

21
16

0.00%
0.00%

260.71
97.48

346.20
123.10

Ref
Ref
Ref

1981
1981
1981

2010
2010
2010

30
30
30

0.00%
0.00%
0.00%

15.66
11.09
18.40

26.92
18.42
29.49

Ref

1991

2010

20

0.00%

279.62

552.30

Non-ref
Non-ref

1982
1981

2010
2010

14
30

0.00%
0.00%

244.65
528.21

422.70
877.10

85

CHAPTER 3: SOUTHEAST MODEL COMPARISON

Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
02448500
02448900
02449245
02450000
02450180
02450250
02450825
02453000
02455000
02456500
02462000
02464000
02464146

Station Name
NOXUBEE RIVER NR GEIGER, AL
BODKA CREEK NEAR GEIGER, AL
BRUSH CREEK NEAR EUTAW, AL
MULBERRY FORK NEAR GARDEN
CITY, AL
MULBERRY FORK NEAR
ARKADELPHIA, AL
SIPSEY FORK NEAR GRAYSON, AL
CLEAR C AT NEW HOPE CHURCH NR
POPLAR SPRINGS, AL
BLACKWATER CREEK NEAR
MANCHESTER, AL
TALLULAH RIVER NEAR CLAYTON,
GA
LOCUST FORK AT SAYRE, AL
VALLEY CREEK NEAR OAK GROVE,
AL
NORTH RIVER NEAR SAMANTHA, AL
TURKEY CREEK NEAR TUSCALOOSA,
AL

Classification
(GAGES-II)
Non-ref
Ref
Non-ref

Zero-Flow
First
Last
Days
Water Water Number (Percent
Year
Year
of Years of Record)
1981 2010
30
0.00%
1991 2010
20
4.09%
1981 1997
17
0.00%

Drainage
Area
Mean
(square
Streamflow
miles)
(ft^3/s)
1097.55
1522.00
159.00
208.10
43.24
55.04

Non-ref

1981

2010

30

0.00%

359.10

665.90

Non-ref
Ref

1981
1981

2010
2010

28
30

0.00%
0.00%

488.08
89.51

836.20
160.60

Ref

1981

2010

18

0.00%

101.72

190.00

Non-ref

1981

2010

24

0.00%

181.92

350.20

Non-ref
Non-ref

1981
1981

2010
2010

24
30

0.00%
0.00%

303.07
887.85

495.40
1415.00

Non-ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

148.31
223.53

307.50
362.90

Ref

1982

2010

27

0.00%

6.11

9.89
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
BINION CREEK BELOW GIN CREEK
02464360
NEAR SAMANTHA, AL
ELLIOTTS CREEK AT MOUNDVILLE,
02465493
AL
02467500
CONEROSS CK NR SENECA, SC
SATILPA CREEK NEAR COFFEEVILLE,
02469800
AL
BASSETT CREEK AT US HIGHWAY 43
02470072
NR THOMASVILLE, AL
CHICKASAW CREEK NEAR KUSHLA,
02471001
AL
02479431
POND CREEK NEAR DEER PARK, AL
ESCATAWPA RIVER NEAR
02479560
AGRICOLA, MS
BIG CREEK AT COUNTY RD 63 NEAR
02479945
WILMER, AL
CROOKED CREEK NEAR FAIRVIEW,
02479980
AL
FRENCH BROAD RIVER AT ROSMAN,
03439000
NC

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Ref

1987

2010

24

0.00%

57.38

87.12

Ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

32.21
607.77

39.16
817.70

Ref

1981

2010

30

0.00%

163.20

220.80

Ref

1996

2010

15

1.42%

10.64

14.47

Non-ref
Ref

1981
1981

2010
1999

30
19

0.00%
0.00%

125.17
20.41

271.80
37.38

Ref

1981

2010

30

0.00%

561.52

1058.00

Ref

1991

2010

20

0.00%

31.66

59.84

Non-ref

1991

2010

20

0.00%

8.31

16.59

Ref

1981

2010

30

0.00%

68.98

224.90
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
DAVIDSON RIVER NEAR BREVARD,
03441000
NC
FRENCH BROAD RIVER AT
03443000
BLANTYRE, NC
03446000
BROAD RIVER ABOVE CARLTON, GA
MIDDLE OCONEE RIVER NEAR
03450000
ATHENS, GA
SWANNANOA RIVER AT BILTMORE,
03451000
NC
FRENCH BROAD RIVER AT
03451500
ASHEVILLE, NC
FRENCH BROAD RIVER AT
03453500
MARSHALL, NC
WITHLACOOCHEE RIVER AT US 84,
03455000
NEAR QUITMAN, GA
W F PIGEON R ABOVE LAKE LOGAN
03455500
NR HAZELWOOD, NC
03456500
NEW RIVER NEAR SUMATRA, FL
03456991
PIGEON RIVER NEAR CANTON, NC
CHATTAHOOCHEE RIVER NEAR
03459500
CORNELIA, GA

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Ref

1981

2010

27

0.00%

40.27

121.50

Non-ref
Non-ref

1981
1981

2010
2010

30
30

0.00%
0.00%

295.57
66.63

936.30
162.30

Ref

1981

2010

26

0.00%

5.44

10.43

Non-ref

1981

2010

30

0.00%

129.51

143.20

Non-ref

1981

2010

30

0.00%

943.92

1979.00

Non-ref

1981

2010

30

0.00%

1331.47

2327.00

Non-ref

1981

2010

28

0.00%

1852.98

2714.00

Ref
Ref
Non-ref

1981
1981
1981

2010
2010
2010

30
30
29

0.00%
0.00%
0.00%

28.17
51.52
129.56

95.38
135.60
307.20

Non-ref

1981

2010

30

0.00%

349.69

646.10
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
CATALOOCHEE CREEK NEAR
03460000
CATALOOCHEE, NC
03463300
SOUTH TOE RIVER NEAR CELO, NC
NOLICHUCKY RIVER AT
03465500
EMBREEVILLE, TN
CHESTATEE RIVER NEAR
03466228
DAHLONEGA, GA
S F HOLSTON RIVER AT RIVERSIDE,
03471500
NEAR CHILHOWIE, VA
SWEETWATER CREEK NEAR
03473000
AUSTELL, GA
SNAKE CREEK NEAR WHITESBURG,
03475000
GA
UPATOI CREEK NEAR COLUMBUS,
03478400
GA
WATAUGA RIVER NEAR SUGAR
03479000
GROVE, NC
N F HOLSTON RIVER NEAR
03488000
SALTVILLE, VA
03491000
BIG CREEK NEAR ROGERSVILLE, TN

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

49.04
43.31

107.60
134.30

Ref

1981

2010

30

0.00%

803.71

1345.00

Ref

1981

2000

20

0.00%

13.68

12.92

Ref

1981

2010

30

0.00%

76.51

106.60

Ref

1981

2010

30

0.00%

303.02

458.00

Non-ref

1981

2010

30

0.00%

206.16

243.30

Non-ref

1981

2010

30

0.00%

26.30

32.05

Ref

1981

2010

30

0.00%

90.97

171.50

Ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

223.25
47.90

282.90
52.64
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
FLINT RIVER NEAR THOMASTON,
03495500
GA
LITTLE RIVER ABOVE TOWNSEND,
03497300
TN
03498500
PACHITLA CREEK NEAR EDISON, GA
LITTLE TENNESSEE RIVER NEAR
03500000
PRENTISS, NC
03500240
CHIPOLA RIVER NR ALTHA, FL
LITTLE TENNESSEE RIVER AT
03503000
NEEDMORE, NC
NANTAHALA RIVER NEAR RAINBOW
03504000
SPRINGS, NC
OCONALUFTEE RIVER AT
03512000
BIRDTOWN, NC
TUCKASEGEE RIVER AT BRYSON
03513000
CITY, NC
03524000
PANTHER CREEK NEAR HACODA, AL
CLINCH RIVER ABOVE TAZEWELL,
03528000
TN
POWELL RIVER NEAR JONESVILLE,
03531500
VA

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Non-ref

1981

1993

13

0.00%

3744.77

4399.00

Ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

104.60
269.02

273.50
495.30

Ref
Ref

1981
1981

2010
2010

30
30

0.00%
0.00%

139.44
56.32

354.50
132.40

Non-ref

1981

2010

28

0.00%

436.27

967.30

Ref

1981

2010

30

0.00%

51.94

195.90

Non-ref

1981

2010

30

0.00%

183.80

502.20

Non-ref
Non-ref

1981
1981

2010
2010

26
30

0.00%
0.00%

654.33
533.53

1531.00
675.40

Non-ref

1981

2010

30

0.00%

1473.29

1888.00

Non-ref

1981

2010

30

0.00%

319.57

511.10
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
03532000
POWELL RIVER NEAR ARTHUR, TN
BULLRUN CREEK NEAR HALLS
03535000
CROSSROADS, TN
DADDYS CREEK NEAR
03539600
HEBBERTSBURG, TN
03539778
BLACKWATER RIVER NR BAKER, FL
03539800
OBED RIVER NEAR LANCING, TN
03540500
EMORY RIVER AT OAKDALE, TN
03543500
SEWEE CREEK NEAR DECATUR, TN
PATSALIGA CREEK NEAR BRANTLEY,
03550000
AL
03558000
TOCCOA RIVER NEAR DIAL, GA
OOSTANAULA CREEK NEAR
03565500
SANFORD, TN
03567500
MILL CREEK NEAR CRANDALL, GA
LOOKOUT CREEK NEAR NEW
03568933
ENGLAND, GA
SEQUATCHIE RIVER NEAR
03571000
WHITWELL, TN

Classification
(GAGES-II)
Non-ref

Zero-Flow
First
Last
Days
Water Water Number (Percent
Year
Year
of Years of Record)
1981 2010
15
0.00%

Drainage
Area
Mean
(square
Streamflow
miles)
(ft^3/s)
687.63
914.40

Ref

1981

2010

15

0.00%

68.45

83.56

Non-ref
Ref
Non-ref
Non-ref
Non-ref

2000
1998
1981
1981
1981

2010
2010
2010
2010
1994

11
13
18
30
14

0.00%
0.00%
0.00%
0.00%
0.00%

139.36
170.34
517.63
700.71
117.60

239.20
275.80
900.50
1451.00
175.20

Non-ref
Ref

1981
1981

2010
1996

30
16

0.00%
0.00%

103.50
176.33

241.10
470.50

Non-ref
Non-ref

1981
1981

2010
1994

15
14

0.00%
0.00%

57.89
428.00

71.61
695.90

Non-ref

1981

2010

30

0.00%

146.33

239.50

Non-ref

1981

2010

22

0.00%

386.34

772.00
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Table 3.1 (continued) Streamgages, station numbers, fraction of zeros, and period of record for each streamgage used in the Southeast
Model Comparison.
[A description of GAGES-II can be found in Falcone and others (2009) and Falcone (2011)]
Station
Identification
Number
Station Name
HOLLY CREEK NEAR CHATSWORTH,
03572110
GA
PAINT ROCK RIVER NEAR
03574500
WOODVILLE, AL
03575000
FLINT RIVER NEAR CHASE, AL
03575830
INDIAN CREEK NEAR MADISON, AL
LIMESTONE CREEK NEAR ATHENS,
03576250
AL
03578000
ELK RIVER NEAR PELHAM, TN
BIG NANCE CREEK AT COURTLAND,
03586500
AL
SHOAL CREEK AT LAWRENCEBURG,
03588000
TN
03588500
SHOAL CREEK AT IRON CITY, TN
LITTLE YELLOW CREEK EAST NR
03592718
BURNSVILLE, MS
NORTH FORK SWANNANOA RIVER
0344894205 NEAR WALKERTOWN, NC
HESTER CREEK AT BUDDY
0357479650 WILLIAMSON RD NR PLEVNA, AL

Classification
(GAGES-II)

First
Water
Year

Last
Water Number
Year
of Years

Zero-Flow
Days
(Percent
of Record)

Drainage
Area
(square
miles)

Mean
Streamflow
(ft^3/s)

Ref

1981

1996

16

0.00%

130.67

280.50

Ref
Non-ref
Non-ref

1981
1981
1981

2010
1994
2001

30
13
21

0.00%
0.00%
0.00%

314.21
342.73
48.93

629.00
600.70
70.59

Non-ref
Ref

1995
1981

2010
2010

16
16

0.00%
0.00%

121.05
65.16

201.70
123.30

Non-ref

1981

2010

23

0.00%

163.48

286.00

Non-ref
Ref

1981
1981

1991
2010

11
24

0.00%
0.00%

54.49
347.73

94.52
637.90

Ref

1981

2010

30

0.00%

25.86

39.74

Ref

1990

2010

21

0.00%

14.91

40.39

Ref

1999

2010

12

0.00%

29.33

32.05
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More than 300 basin characteristics were obtained for the each of the
catchments used in the study; a description of the characteristics and how they
were computed can be found in the GAGES-II documentation (Falcone and
others, 2010; Falcone, 2011); these include climate characteristics, drainage
characteristics, characteristics describing geology and soils, characteristics
describing land use, and topographic characteristics. After some initial
exploration of regional regressions following the methods for the prediction of
streamflow means, standard deviations, and percentiles outlined below, this list
was reduced to over 80 different variables that appeared most frequently in
regressions based only on GAGES-II reference basins. These candidate variables
were identified using best-subsets regression (REGSUBSETS in R) and the R
package

LEAPS

(Lumley, 2012). The remaining 80 variables represented the full

range of the basin characteristics mentioned above. (The set of basin
characteristics considered here is included in Appendix 3.B.) For streamgages
used in this study that are not part of the GAGES-II dataset, the same protocols
described in Falcone and others (2010) were employed to determine catchment
characteristics.

3.3. Methods to Predict Daily Streamflow
Six basic methods were used to predict daily streamflow at ungaged
locations. These methods include four statistical, transfer-based methods, one
process-based method, and one quasi-process-based method. The transfer-based
and quasi-process-based methods require an index gage for the transfer of timing
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and magnitude information. Two such indexing algorithms were assessed,
selecting either by minimum Euclidean distance (nearest neighbor) or maximum
estimated correlation (Map Correlation; Archfield and Vogel, 2010). The transferbased methods include drainage area ratio, nonlinear spatial interpolation using
flow duration curves (Fennessey, 1994; Hughes and Smakhtin, 1996),
standardizing streamflows by a mean streamflow, standardizing streamflows by a
mean, and standard deviation of streamflow. Standardizing by mean can be
executed with annual or monthly means; standardizing by the mean and standard
deviation can be implemented with annual or monthly mean and standard
deviations of natural, logarithmically transformed and untransformed streamflow.
The Precipitation Runoff Modeling System (PRMS) (Leavesley and others, 1983;
Markstrom and others, 2008) is a process-based model that uses climatic, land
use, and basin properties to predict time series of streamflow. The quasi-processbased method was a temporal downscaling of the monthly Analysis of Flows in
Networks of Channels (AFINCH) model (Holtschlag, 2009). AFINCH uses land
use and temporal climatic inputs, but is largely based on statistical relationships
rather than physical processes. The temporal downscaling, or disaggregation, is
accomplished using an index gage; additional information is provided below.
Accounting for the possibilities for index-gage selection and particular use of
moments, there were 19 complete methods considered; these are outlined in
Table 3.2.
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Table 3.2 A listing of all of the names and abbreviations of methods for
prediction in ungaged basins considerd as part of the Southeast Model
Comparison.
Short
Name
NN-DAR
NN-QPPQ
NN-SM1
NN-SM12
NN-SMS1R
NN-SMS1L
NNSMS12R
NNSMS12L
MC-DAR
MC-QPPQ
MC-SM1
MC-SM12
MCSMS1R
MC-SMS1L
MCSMS12R
MCSMS12L
PRMS
NNAFINCH
MCAFINCH

Long Name
Drainage-Area Ratio using Nearest-Neighbor Index Gage
Nonlinear Spatial Interpolation with Flow-Duration Curves (QPPQ)
using Nearest-Neighbor Index Gage
Standardization by Annual Mean using Nearest-Neighbor Index
Gage
Standardization by Monthly Mean using Nearest-Neighbor Index
Gage
Standardization of Streamflows with Annual Mean and Standard
Deviation using Nearest-Neighbor Index Gage
Standardization of Log Streamflows with Annual Mean and
Standard Deviation using Nearest-Neighbor Index Gage
Standardization of Streamflows with Monthly Means and Standard
Deviations using Nearest-Neighbor Index Gage
Standardization of Log Streamflows with Monthly Means and
Standard Deviations Using Nearest-Neighbor Index Gage
Drainage-Area Ratio using Map-Correlated Index Gage
Non-linear Spatial Interpolation with Flow-Duration Curves (QPPQ)
using Map-Correlated Index Gage
Standardization by Annual Mean using Map-Correlated Index
Gage
Standardization by Monthly Mean using Map-Correlated Index
Gage
Standardization of Streamflows with Annual Mean and Standard
Deviation using Map-Correlated Index Gage
Standardization of Log Streamflows with Annual Mean and
Standard Deviation using Map-Correlated Index Gage
Standardization of Streamflows with Monthly Means and Standard
Deviations using Map-Correlated Index Gage
Standardization of Log Streamflows with Monthly Means and
Standard Deviations Using Map-Correlated Index Gage
Precipitation Runoff Modeling System
Analysis of Streamflows in Networks of Channels, with NearestNeighbor, Temporal Downscaling
Analysis of Streamflows in Networks of Channels, with MapCorrelated, Temporal Downscaling
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These 19 PUB methods were used to simulate the ungaged scenario for
182 sites in the southeastern United States. A threefold validation procedure was
used whereby the 182 sites were divided into three groups. For each third of the
sites, the remaining two-thirds were used to calibrate each PUB method, as
needed. The parameters estimated through calibration were then used to predict
the ungaged third. The two-thirds set used for calibration is referred to as the
calibration network, while the remaining third is known as the validation set.
Iterating which third is considered the validation set produces a single, “ungaged”
estimate for each site, which allowed for an assessment of performance across all
182 sites.

3.3.1. SELECTION OF INDEX GAGES
All of the PUB methods compared in this paper require an index gage
from which to transfer information. The statistical, transfer-based methods and the
disaggregation of AFINCH require an index gage to determine streamflow timing
and relative streamflow magnitudes. PRMS requires an index gage to obtain
model parameters at the ungaged site. The index gages were identified by two
different techniques: nearest neighbor or map correlation. Both of these
techniques are widely used, though the nearest neighbor is used more often
(Archfield and Vogel, 2010; Shu and Ouarda, 2012), largely because of its ease of
use and relative success. In either case, the index gage was selected from the
calibration network of gages as defined by the threefold validation procedure
outlined above.
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Daily streamflow was predicted at validation sites from October 1, 1980,
to September 30, 2010. However, for the PUB methods that require timing
information, it was not always possible to find a single index gage in the
calibration set that could be used to estimate daily streamflow for the entire
period. To remedy this, the potential index gages for a validation site were ranked
by the selected criteria (nearest neighbor or map correlation) and index gages
were selected until the entire period of interest was represented. For example, the
top three index gages for a particular validation site might have had different
periods of record: (1) October 1939–September 1996; (2) January 1998–
December 2010; and (3) October 1991–September 2005. In predicting the
streamflow for this validation site, index gage (1) would have been used from
October 1980–September 1996, gage (2) would have been used to predict January
1998–September 2010, and gage (3) would have been used to fill the gap between
October 1996 and December 1997.
The nearest-neighbor index-selection technique ranks potential index
gages based on spatial proximity. The location of each gage in the calibration
network and validation set is defined by the latitude and longitude of the basin
outlet. For the statistical, transfer-based methods and AFINCH, the index gages
are ranked according to smallest Euclidean distance between the validation site
and potential index gage. These methods then use the index gages to build a
complete record, as described above. For PRMS, the nearest-neighbor procedure
was augmented by restricting the calibration network to only gages where at-site
calibration of PRMS exceeded a Nash-Sutcliffe model efficiency of 0.80. Model
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parameters were transferred to the validation site from the nearest index gage with
an acceptably efficient at-site calibration of PRMS.
Map correlation is predicated on the assumption that, when transferring
daily time series of streamflow from a gaged to an ungaged location, the
correlation in the daily streamflow time series would provide an improved metric
of similarity over the use of the nearest index streamgage. Archfield and Vogel
(2010) show this to be the case for ungaged locations in the northeastern United
States and developed a geostatistically based kriging method termed map
correlation to select an index streamgage estimated to be most correlated with the
ungaged location. This method has been subsequently applied to the States of
Pennsylvania and Iowa (Stuckey and others, 2012; Linhart and others, 2013,
respectively) and to the Connecticut River Basin (Archfield and others, 2013c).
The map-correlation method (Archfield and Vogel, 2010) is an application
of ordinary kriging that provides an estimate of the cross correlation in
streamflow time series between any location in a region and an ungaged location
and, when applied to a set of gaged catchments, can select the gaged catchment
that has the highest estimated correlation in daily streamflow time series with the
ungaged catchment. The map-correlation method has been successfully used with
the drainage-area ratio method to improve estimates of daily streamflow time
series in the northeastern United States (Archfield and Vogel, 2010).
For each gaged catchment in a study region, the map-correlation method is
implemented through the following steps:
(1) Compute the Spearman’s rho correlation between concurrent streamflow

98

CHAPTER 3: SOUTHEAST MODEL COMPARISON
time series at the gaged catchment and all other gaged study catchments.
(2) Fit a continuous spatial statistical model, termed a variogram model, to the
relation between the observed differences in correlation and distance
between each pair of gaged catchments. The resulting variogram model
can then be used to map the spatial distribution of correlation between the
gaged catchment and any other location in the study area.
(3) Use the variogram model to estimate the correlation between the gaged
catchment and the ungaged location.
When correlations are mapped for more than one gaged catchment, each map can
be used to estimate the correlation at the ungaged location. By comparing
multiple mapped estimates of correlation at the ungaged catchment, the mapcorrelation method is able to select the gaged catchment that corresponds to the
highest estimated correlation value at the ungaged catchment. Thus, the mapcorrelation method is able to select the gaged catchment having streamflows
estimated to be most correlated with the ungaged location.
Archfield and Vogel (2010) use the Pearson r correlation coefficient to
estimate correlation between the logarithms of concurrent streamflow time series
at the gaged catchments; however, this measure of correlation has its
disadvantages. The Pearson r correlation coefficient assumes a linear relation
between the correlated time series (Helsel and Hirsch, 2002). Archfield and Vogel
(2010) obtained an approximately linear relation between streamflow time series
by taking the logarithms of the streamflows before computing the Pearson r
correlation coefficient. This approach is not feasible if there are zero values in the
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streamflow record and, furthermore, this approach does not fully ensure a linear
relation between the streamflow time series. To avoid these concerns, the methods
applied here use the rank-based Spearman rho correlation metric (Helsel and
Hirsch, 2002) to estimate the correlation between streamflow time series. Just as
with Pearson r correlation coefficient values, Spearman rho correlation values
range from -1 to 1, with extremes indicating a perfect negative or positive
correlation, respectively.
For each site in the calibration network, variogram models were fit to the
Spearman rho correlation values according to the methods explained in Archfield
and Vogel (2010) and summarized here. The R statistical program (R
Development Core Team, 2005) and the related geoR software package (Ribeiro
Jr. and Diggle, 2001) were used to fit the variogram models to the observed
correlations between a particular site in the calibration network and any other site
within the calibration network. The variogram model was fit using weighted least
squares from binned values of the observed correlation across the calibration sites,
as a function of inter-site distances, with the weights determined by the number of
points used to estimate each bin (Ribeiro, Jr. and Diggle, 2001). Because of its
relatively simple formulation, its visual agreement with the majority of the sample
variograms, and the previous success of this model form by Archfield and Vogel
(2010), the model fit to the calibration network was a spherical variogram model.
The spherical variogram, (see Ribeiro, Jr. and Diggle 2001), has the form
𝛾𝛾(ℎ) = 1 − 1.5

ℎ

ℎ 3

+ 0.5 �𝑎𝑎� , 𝑖𝑖𝑖𝑖 ℎ < 0 ,
𝑎𝑎

0 , 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
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where γ(h) is the variogram model (also referred to as the correlation function), h
is the separation distance, and a is the range parameter. Following from traditional
geostatistics techniques for ordinary kriging as presented in Isaaks and Srivastava
(1989), when γ(h) (Eq. 3.1) is multiplied by the partial sill, σ2, the covariance
function, C(h), is obtained (Ribeiro, Jr. and Diggle, 2001):
𝐶𝐶(ℎ) = σ2 𝛾𝛾(ℎ).

Eq. 3.2

The parameters a and σ2 were estimated for each of the variogram models,

corresponding to each of the calibration sites, and when used in conjunction with
Eqs. 3.1 and 3.2, the covariance between two correlation values at any distance
apart from one another can be estimated (Ribeiro, Jr. and Diggle, 2001). This
application of the map-correlation method also estimated a nugget value, which is
a constant value added to Eq. 3.1 when the variability in the data is such that γ(h)
does equal zero when h is zero Isaaks and Srivastava (1989). Fitting a model for
each site in the calibration network allows for an approximation of the correlation
between a validation site and each calibration site. The potential index gages can
then be ranked according to the estimated correlation between streamflow
records.
Table 3.3 presents the root-mean-squared error (RMSE) associated with
the fit of each calibration variogram. Apart from the threefold validation, these
results are from a leave-one-out validation and give an indication of how well
these models are performing in the region. The RMSE is computed for each
variogram model by first fitting the model to the entire dataset and then
systematically leaving one of the gages out of the fitting procedure. Archfield and
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Vogel (2010) report much lower RMSE values than reported here; however,
because the scope of this report is to evaluate existing methods to estimate daily
streamflow, the reasons for this difference were not explored. In the streamflow
predictions presented below, the variogram models were fit following the
threefold validation framework.

Table 3.3 Root-mean-square error of the fitted variograms at 182 streamgages in
the Southeast Model Comparison.

Station

Rootmeansquare
error

02177000
02178400
02185200
02186000
02186645
02191300
02192000
02208450
02212600
02213050
02215100
02216180
02217500
02219000
02220900
02221525
02317500
02318500
02318700
02326512
02327100
02329000
02329534
02329600
02330100
02330400

0.1209
0.1269
0.1262
0.1010
0.1241
0.0612
0.0914
0.0630
0.1098
0.0951
0.0589
0.0871
0.0925
0.0890
0.0642
0.0962
0.0617
0.0695
0.0647
0.0706
0.0830
0.0808
0.0758
0.0872
0.0898
0.0879
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Station
02330100

Rootmeansquare
error
0.0898

02330400
02330450

0.0879
0.1233

02331600
02333500

0.1216
0.1214

02337000
02337500

0.0632
0.0954

02338523
02338660

0.0690
0.1121

02338840
02339225

0.1202
0.1142

02341800
02342500

0.0628
0.1066

02342933
02343300

0.0993
0.0687

02343940
02346180

0.0751
0.0805

02347500
02349900

0.0679
0.0631

02350600
02350900

0.0655
0.0649

02351500
02351890

0.0853
0.0674

02353400

0.0867
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Table 3.3 (continued) Root-mean-square error of the fitted variograms at 182 streamgages in the Southeast Model Comparison.

Station
02353500
02359000
02361000
02362240
02363000
02364570
02365470
02365769
02366996
02367310
02369800
02370000
02371500
02372250
02373000
02374500
02374745
02378500
02381600

Rootmeansquare
error
0.0631
0.0955
0.0674
0.1014
0.1050
0.0658
0.0686
0.1059
0.0618
0.1126
0.1066
0.1021
0.1044
0.0784
0.1008
0.1026
0.1327
0.0699
0.1242

Station
02382200
02384540
02385800
02395120
02397410
02398300
02399200
02400100
02401000
02401370
02401390
02401470
02404400
02405500
02406500
02408540
02413300
02415000
02419000

Rootmeansquare
error
0.1104
0.1182
0.0778
0.0700
0.1119
0.0651
0.0613
0.1069
0.1035
0.1081
0.0652
0.1287
0.0955
0.0944
0.1256
0.1148
0.1422
0.1448
0.1233

Station
02420000
02421000
02422500
02423555
02427250
02427700
02430085
02430615
02430880
02438000
02442500
02446500
02448500
02448900
02449245
02450000
02450180
02450250
02450825
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Rootmeansquare
error
0.1400
0.1418
0.1371
0.0716
0.1334
0.0686
0.0717
0.0676
0.1090
0.1049
0.0855
0.0873
0.1236
0.1242
0.1269
0.1282
0.0878
0.1331
0.1297

Station
02453000
02455000
02456500
02462000
02464000
02464146
02464360
02465493
02467500
02469800
02470072
02471001
02479431
02479560
02479945
02479980
03439000
03441000
03443000

Rootmeansquare
error
0.1310
0.1313
0.0765
0.0791
0.0804
0.0808
0.1169
0.0795
0.0857
0.1139
0.0920
0.1240
0.1163
0.0919
0.0770
0.1185
0.0779
0.0923
0.1291
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Table 3.3 (continued) Root-mean-square error of the fitted variograms at 182
streamgages in the Southeast Model Comparison.

Station

Rootmeansquare
error

Station

Rootmeansquare
error

03446000
03450000
03451000
03451500
03453500
03455000
03455500
03456500
03456991
03459500
03460000
03463300
03465500
03466228
03471500
03473000
03475000
03478400
03479000
03488000
03491000
03495500
03497300
03498500
03500000
03500240
03503000
03504000
03512000

0.1087
0.1058
0.0741
0.0856
0.1016
0.0923
0.0943
0.1220
0.1266
0.1115
0.0871
0.0851
0.1441
0.0890
0.0993
0.1136
0.1032
0.1061
0.0971
0.0965
0.0584
0.0803
0.1021
0.0780
0.0686
0.1170
0.1174
0.1124
0.1008

03513000
03524000
03528000
03531500
03532000
03535000
03539600
03539778
03539800
03540500
03543500
03550000
03558000
03565500
03567500
03568933
03571000
03572110
03574500
03575000
03575830
03576250
03578000
03586500
03588000
03588500
03592718
0344894205
0357479650

0.0772
0.1143
0.0889
0.1355
0.0734
0.0990
0.1110
0.0715
0.0715
0.1071
0.0958
0.0845
0.0934
0.0823
0.1051
0.1189
0.0897
0.0927
0.1250
0.1212
0.1103
0.1145
0.1110
0.1384
0.0945
0.1212
0.1003
0.1440
0.0825
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The map correlation techniques were used to select index gages for the
statistical, transfer-based methods and AFINCH, but were not used to identify the
parameters for PRMS. The statistical, transfer-based methods ranked potential
index gages by the correlation between streamflow time series. AFINCH, for
reasons explained below, ranked potential index gages by applying map
correlation to the time series of ratios between daily and monthly streamflow.

3.3.2. METHODS TO ESTIMATE STREAMFLOW MOMENTS AT UNGAGED
SITES
Estimates of the streamflow mean and standard deviation on a monthly
and annual basis are required for several of the statistical, transfer-based methods,
including the standardizations with means and the standardizations with both
means and standard deviations. The means and standard deviations must be
calculated using untransformed and natural, logarithmically transformed
streamflow data. For these applications, monthly and annual moments of
untransformed and natural, logarithmically transformed streamflows were
estimated for the ungaged validation sites via regional regression techniques
documented and developed by Farmer and Vogel (2013). Depending on the
implementations of the PUB methods, a different number of regressions were
required. Standardizing with an annual mean requires a single regression, while
standardizing with

monthly means

requires

12

regressions.

Similarly,

standardizing with an annual mean and an annual standard deviation requires two
regressions, while standardizing with analogous monthly moments requires 24
regressions.
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Monthly and annual means and standard deviations were estimated using a
regression technique similar to the automated approach proposed by Farmer and
Vogel (2013). A set of regional regressions for the prediction of these means was
developed using only the calibration network and associated basin characteristics.
A large set of basin characteristics was passed through a set of filters, described in
some detail in Appendix A of Farmer and Vogel (2013). In general terms, this
consisted of passing the calibration set of explanatory variables through a
stepwise regression to identify the most significant variables. The remaining
explanatory variables were passed through a loop of weighted multivariate
regressions, removing the most insignificant variables at each step until all
variables were significant according to a t test on the regression coefficient. The
inverse lengths of known records were used to weight observations. This
technique was used to estimate both annual and monthly moments. In the monthly
case, these regressions were recursive, with a single lagged variable, allowing the
mean from one month to be used as an explanatory variable in the subsequent
month and tying the 12 monthly equations into a simultaneous solution of
parameters—an adjustment on the iterative solutions of Farmer and Vogel (2013).

3.3.3. METHODS TO ESTIMATE THE QUANTILES OF FLOW DURATION
CURVES AT UNGAGED SITES
The PUB method of nonlinear spatial interpolation using flow duration
curves involves the transfer of streamflow information from the index gage to the
validation site via exceedance probabilities and flow duration curves (FDCs). This
requires the FDCs at both the index and validation sites be available before
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implementing the nonlinear spatial interpolation using flow duration curves. Each
FDC was represented by discrete percentiles of the streamflow distribution rather
than a continuous function. The percentiles used here corresponded to
nonexceedance probabilities of 0.02, 0.05, 0.1, 0.2, 0.5, 1, 2, 5, 10, 20, 25, 30, 40,
50, 60, 70, 75, 80, 90, 95, 98, 99, 99.5, 99.8, 99.9, 99.95, and 99.98 percent. The
percentiles of the FDCs at the calibration sites, which possess gaged records, were
obtained via empirical estimators. The percentiles of the FDCs at the validation
sites were estimated with regional multiple-linear regressions based on the
calibration network.
For each calibration site, the value of each of the 27 percentiles of the
streamflow distribution was computed by linearly interpolating between the
observed daily discharge values and the nonexceedance probability, pi . These
probabilities were computed using the standard formula of the plotting position
p i = (i − a ) (n + 1 − 2a ) , where pi is the nonexceedance probability, i is the rank

of the daily streamflow value (1 to n, smallest to largest), n is the number of
observations, and a is a constant. In this case, setting the constant to a = 0.375, the
Blom plotting position was used. The Blom plotting position gives unbiased
percentiles for the normal distribution (Stedinger and others, 1993), which is
usually a reasonable approximation for log-transformed daily streamflow. The
Blom formula is also numerically similar to the Cunnane formula with 𝑎𝑎 = 0.4,

which is approximately quantile unbiased for a range of distributions (Cunnane,

1978). The dense set of 27 percentiles was chosen in order to minimize the need
for extrapolation of extremes and gap over which values must be interpolated
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when applying the nonlinear spatial interpolation using flow duration curves.
Because the minimum record length of calibration sites was set to 10 years of
daily data, which means there were at least 3,650 observed values, the upper and
lower

percentiles

were

set

to

pmin = p(i = 1) = 0.0017

percent

and

p max = p(i = n ) = 99.983 percent.

Seeking to minimize the curvature of the FDCs, the values of the
percentiles were logarithmically transformed with the common logarithm. A few
of the calibration sites, as noted in Table 3.1, contained zero flow values and
produced zero-valued percentiles. The zeroes could not be logarithmically
transformed. The smallest nonzero flow in the published records was 0.01 ft3/s,
for which log 10 0.01 = −2 . As a placeholder, the published zeroes were marked as
a value of -3 when logarithmically transformed. The logarithmically transformed
value -2 was later used as a censoring level in regional regression.
The percentiles of the distribution of daily streamflow at the validation
sites were estimated using a regional multiple-linear regression based on the
calibration network. This regression provided estimates of the logarithmically
transformed percentile at each site as a function of at-site basin characteristics,
following the form below:

log10 Q p (i ) = b p (0 ) + ∑ b p ( j )B p (i, j ) + ε p (i )
j

Eq. 3.3

where log10 Q p (i ) is the base-10 logarithm of the pth quantile of streamflow at
the ith station, bp (0 ) is the estimated intercept of the linear regression model of
the pth quantile, b p ( j ) is the estimated coefficient of the jth (j = 1, k) basin
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characteristic in linear regression model of the pth quantile, B p (i, j ) is the value
of the jth basin characteristic for the pth quantile of the ith station, and ε p (i ) is

[

]

the residual (error) of estimation of log10 Q p (i ) , where Var e p (i ) = σ p2 ω (i ) , where

σ p2 is the ordinary least squares regression residual variance of the pth quantile
(to be estimated) and ω (i ) is the residual’s variance weight of the ith station,
which is assumed to be proportional to its record length, in particular,

ω (i ) = nN (i )

n

∑ N (i ) , where N (i )

is the number of years of record of the ith

i =1

station.
If all the validation sites exhibited nonzero percentiles, the regression
model could be solved as a weighted least-squares regression for each quantile.
For example, Judge and others (1985, p. 420–421) show how to transform
weighted least squares to an ordinary least-squares problem. However, as
mentioned, some of the daily streamflow quantiles are published as zeroes, and so
the method of estimation must take this into account. In particular, when zerovalued percentiles are present, least-squares methods cannot be used. Instead, the
logarithmically transformed percentiles were estimated with “tobit” regression, as
the maximum likelihood estimation method is often called in this situation
(Greene, 1997, p. 962–967). Tobit regression was implemented using the
SURVREG()

function of the survival package of R (Therneau, 2013) and a

censoring level of log 10 0.01 = −2 . By using this regression method, the
logarithmically transformed values of some streamflow percentiles may be
estimated as being less than -2, corresponding to streamflow values less than 0.01
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ft3/s. When no censored values are present, tobit regression reduces to leastsquares regression.
For validation sites, the regression models were developed for three flow
regimes and composed of one to six basin characteristics. The basin
characteristics were comprised of subsets of the GAGES-II variables, with
various transformations (for example, logarithmic or square-root transformations)
that improved the normality of the regression residuals. The flow regimes
included high (exceedance probabilities less than 5 percent)-, medium
(exceedance probabilities between 5 and 95 percent)-, and low-flow events
(exceedance probabilities greater than 95 percent). For a particular candidate
model in a particular flow regime, the same basin characteristics were used to
predict each percentile, resulting in a unique set of coefficients for each
percentile. Candidate models were ranked by combined goodness of fit across the
flow regime. Selecting models by flow regime reduced the likelihood of nonmonotonicity and noisiness in the estimated FDCs while reducing the number of
basic characteristics required for prediction. Although not tested here, alternative
strategies for reducing noise in estimated FDCs attempt to account for the cross
correlations between quantiles; these include the regression-on-quantiles approach
utilized by Archfield and others (2013c) and seemingly unrelated regressions
(Tasker, 1997). The analysis of PUB methods below applied the threefold
validation procedure to percentile estimation, but the regional results of the
percentile regression, using all sites as calibration data, are included in Table 3.4.
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Table 3.4 Fitted coefficients and goodness-of-fit statistics for regressions of the 27 percentiles of the distribution of daily streamflow
at the 182 streamgages used in the Southeast Model Comparison.
Basic Variable
Intercept
DRAIN_SQKM

Description and transformation
Regression intercept.
Common logarithm of drainage
area.

Common logarithm of mean basin
slope.
Mean precipitation. Centered by
PPTAVG_BASIN
subtracting the interbasin mean
(146.373).
Common logoarithm of the
difference between the maximum
value (60 inches (in.) and the
ROCKDEPAVE
depth to rock. (A value of 0.6 in.
was added to preclude zeros.)
Square roof of the percentage of
PLANTNLCD06
the basin classified as planted or
cultivated.
Standard error of tobit regression.
Performance
Coefficient of determination from
Metrics
Tobit regression.
SLOPE_PCT

Parameter

X0.02

X0.05

X0.1

X0.2

X0.5

X1

X2

Coefficient
Stan. Error
Coefficient
Stan. Error
Coefficient
Stan. Error
Coefficient
Standard
Error
Coefficient

-4.4433
0.3818
1.1958
0.1068
2.0287
0.2202
0.0217

-4.3865
0.3737
1.1956
0.1045
2.0108
0.2155
0.0212

-4.2604
0.3631
1.1800
0.1016
1.9696
0.2094
0.0203

-4.1446
0.3592
1.1721
0.1006
1.9349
0.2071
0.0194

-3.9843
0.3524
1.1679
0.0987
1.8807
0.2031
0.0183

-3.7303
0.3367
1.1456
0.0944
1.8085
0.1941
0.0162

-3.4082
0.3225
1.1095
0.0906
1.7009
0.1860
0.0144

0.0038
-0.8248

0.0037 0.0036 0.0036
-0.8106 -0.7859 -0.7614

0.0035
-0.7363

0.0034
-0.6981

0.0032
-0.6399

0.1359
0.1505

0.1330
0.1484

0.1293
0.1433

0.1280
0.1367

0.1256
0.1293

0.1201
0.1118

0.1151
0.0956

0.0411
0.7558

0.0402
0.7401

0.0391
0.7198

0.0387
0.7125

0.0380
0.6994

0.0363
0.6692

0.0348
0.6420

0.5764

0.5897

0.5996

0.6025

0.6117

0.6114

0.6175

Standard
Error
Coefficient
Standard
Error
Tobit Scale
R-squared

111

CHAPTER 3: SOUTHEAST MODEL COMPARISON

Table 3.4. (continued) Fitted coefficients and goodness-of-fit statistics for regressions of the 27 percentiles of the distribution of daily
streamflow at the 182 streamgages used in the Southeast Model Comparison.
Basic Variable

Description and transformation

Intercept
Regression intercept.
DRAIN_SQKM

SLOPE_PCT

PPTAVG_BASIN

ROCKDEPAVE

Performance
Metrics

Common logarithm of drainage
area.
Common logarithm of mean
basin slope.
Mean precipitation. Centered
by subtracting the interbasin
mean (146.373).
Common logoarithm of the
difference between the
maximum value (60 inches (in.)
and the depth to rock. (A value
of 0.6 in. was added to preclude
zeros.)
Standard error of tobit
regression.
Coefficient of determination
from Tobit regression.

Parameter

X5

X10

Coefficient
Standard
Error
Coefficient
Standard
Error
Coefficient
Standard
Error
Coefficient
Standard
Error

-2.6058

X30

X40

X50

-2.2753 -1.8686 -1.7228

-1.5892

-1.2035

-0.9480

0.2682
1.1057

0.2573
1.0795

0.2009
1.0684

0.1898
1.0647

0.1816
1.0628

0.0981
1.0244

0.0715
1.0175

0.0823
1.3089

0.0790
1.1340

0.0617
0.9072

0.0582
0.8251

0.0557
0.7453

0.0301
0.5876

0.0219
0.4513

0.1625
0.0102

0.1559
0.0102

0.1218
0.0099

0.1150
0.0099

0.1101
0.0099

0.0595
0.0082

0.0433
0.0076

0.0026

0.0025

0.0020

0.0019

0.0018

0.0010

0.0007

Coefficient

-0.4790

-0.3907 -0.3032 -0.2611

-0.2187

-0.1637

-0.1019

Standard
Error

0.1047

0.1005

0.0785

0.0741

0.0709

0.0383

0.0279

Tobit Scale

0.5903

0.5664

0.4423

0.4177

0.3998

0.2161

0.1573

R-squared

0.6152

0.6244

0.6955

0.7224

0.7436

0.8709

0.9255
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Table 3.4. (continued) Fitted coefficients and goodness-of-fit statistics for regressions of the 27 percentiles of the distribution of daily
streamflow at the 182 streamgages used in the Southeast Model Comparison. [Medium Flows]
Basic Variable
Intercept

Description and
transformation
Regression intercept.

DRAIN_SQKM

Common logarithm of
drainage area.

SLOPE_PCT

Common logarithm of
mean basin slope.
Mean precipitation.
Centered by subtracting
the interbasin mean
(146.373).
Common logoarithm of
the difference between
the maximum value (60
inches (in.) and the depth
to rock. (A value of 0.6 in.
was added to preclude
zeros.)
Standard error of tobit
regression.
Coefficient of
determination from Tobit
regression.

PPTAVG_BASIN

ROCKDEPAVE

Performance
Metrics

Parameter

X60

X70

X75

X80

X90

X95

Coefficient
Standard Error
Coefficient
Standard Error
Coefficient
Standard Error
Coefficient

-0.7267
0.0542
1.0136
0.0167
0.3425
0.0329
0.0071

-0.5292
0.0436
1.0144
0.0134
0.2459
0.0264
0.0066

-0.4236
0.0395
1.0154
0.0121
0.1958
0.0239
0.0064

-0.3093
0.0360
1.0160
0.0110
0.1438
0.0218
0.0062

0.0130
0.0321
1.0074
0.0098
0.0159
0.0194
0.0057

0.3181
0.0349
0.9865
0.0107
-0.0756
0.0211
0.0052

Standard Error

0.0005

0.0004

0.0004

0.0004

0.0003

0.0003

Coefficient

-0.0581

-0.0197

-0.0021

0.01651

0.06534

0.1019

Standard Error

0.0212

0.0170

0.0154

0.0141

0.0125

0.0136

Tobit Scale

0.1194

0.0961

0.0870

0.0792

0.0706

0.0768

R-squared

0.9552

0.9707

0.9760

0.9801

0.9842

0.9810
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Table 3.4. (continued) Fitted coefficients and goodness-of-fit statistics for regressions of the 27 percentiles of the distribution of daily
streamflow at the 182 streamgages used in the Southeast Model Comparison. [Medium Flows]
Basic Variable
Intercept
DRAIN_SQKM

ROCKDEPAVE

RFACT
SILTAVE
Performance
Metrics

Description and
transformation
Regression intercept.
Common logarithm of
drainage area.
Common logoarithm of the
difference between the
maximum value (60 inches (in.)
and the depth to rock. (A
value of 0.6 in. was added to
preclude zeros.)
Rainfall and runoff coefficient
from the Universal Soil Loss
Equation.
Average silt content of soils, in
percent.
Standard error of tobit
regression.
Coefficient of determination
from Tobit regression.

Parameter

X98

X99

X99.5

X99.8

X99.9

X99.95

X99.98

Coefficient
Standard Error
Coefficient
Standard Error

-0.0060
0.06090
0.9466
0.0116

0.1795
0.0706
0.9258
0.0134

0.3640
0.0793
0.9070
0.0151

0.6255
0.0859
0.8801
0.0163

0.7529
0.0912
0.8700
0.0174

0.9128
0.1016
0.8528
0.0193

1.2146
0.1156
0.8233
0.0220

Coefficient

0.11664 0.09723 0.09005 0.06827 0.06158 0.04509 0.03168

Standard Error 0.01784 0.02067 0.02324 0.02516 0.02674 0.02977 0.03387
Coefficient
0.00102 0.00099 0.00097 0.00089 0.00093 0.00100 0.00092
Standard Error 0.00008 0.00010 0.00011 0.00012 0.00012 0.00014 0.00016
Coefficient
0.00623 0.00749 0.00794 0.00832 0.00850 0.00789 0.00613
Standard Error 0.00107 0.00124 0.00139 0.00151 0.00160 0.00178 0.00203
Tobit Scale

0.0870

0.1008

0.1134

0.1228

0.1304

0.1452

0.1652

R-squared

0.9745

0.9645

0.9537

0.9428

0.9343

0.9163

0.8871
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3.3.4. STATISTICAL, TRANSFER-BASED METHODS
3.3.4.1.

DRAINAGE-AREA RATIO

The drainage-area ratio (DAR) method has been used for decades to
predict daily streamflow at ungaged locations. Asquith and others (2006) provide
a summary of the history, development, and application of the DAR method. The
DAR method assumes that the streamflow per unit drainage area at the index gage
and validation site are equal to one another. In the DAR method, daily
streamflows on a given day, t, are predicted as
𝐴𝐴𝑌𝑌
𝑄𝑄�
𝑌𝑌,𝑡𝑡 = 𝐴𝐴 𝑄𝑄𝑋𝑋,𝑡𝑡

Eq. 3.4

𝑋𝑋

and 𝑄𝑄�
𝑌𝑌,𝑡𝑡 is the predicted streamflow on day t at the validation site, 𝑄𝑄𝑋𝑋,𝑡𝑡 is the
measured streamflow on day t at the index gage, 𝐴𝐴𝑌𝑌 is the drainage area of the
validation site, and 𝐴𝐴𝑋𝑋 is the drainage area to the index gage.

3.3.4.2.

STANDARDIZATION WITH MEAN

An alternative to standardizing streamflow by the drainage area is to
standardize streamflows by the mean streamflow. This method can be applied
with either an annual mean (SM1) or a set of 12 monthly means (SM12). Farmer
and Vogel (2013) found that standardizing streamflows by monthly means
produced accurate predictions of monthly flows. Especially when applied with
monthly means, this method corrects for some of the seasonality observed in the
application of the more-traditional drainage-area ratio.
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The SM technique maps streamflow information from an index gage, X, to
the validation site, Y, as
𝜇𝜇𝑌𝑌
𝑄𝑄�
𝑌𝑌,𝑡𝑡 = 𝜇𝜇 𝑄𝑄𝑋𝑋,𝑡𝑡 ,

Eq. 3.5

𝑋𝑋

where 𝑄𝑄�
𝑌𝑌,𝑡𝑡 is the predicted streamflow on day t at the validation site, 𝑄𝑄𝑋𝑋,𝑡𝑡 is the

measured streamflow on day t at the index gage, 𝜇𝜇𝑌𝑌 is the mean streamflow at the
validation site, and 𝜇𝜇𝑋𝑋 is the mean streamflow at the index gage. In practice,

estimates of the mean at the ungaged site are required prior to the application of
SM techniques. As in Farmer and Vogel (2013), regression techniques described
above were used to apply these methods.

3.3.4.3.

STANDARDIZATION WITH MEAN AND STANDARD DEVIATION

A common method for the extension of streamflow records is the
Maintenance of Variance Extension (MOVE) (Hirsch, 1979 and 1982). Hirsch
(1979) noted the potential of a similar technique for prediction in ungaged basins,
calling it a method of regional statistics. Farmer and Vogel (2013) considered
several variations of this method for the prediction of monthly records and these
same variations can be applied to daily streamflow records. Standardizing by
mean and standard deviation (SMS) can be implemented using untransformed or
normal, logarithmically transformed streamflow.
Standardizing untransformed streamflows, the information at a validation
site can be related to an index gage as
𝑄𝑄𝑋𝑋 −𝜇𝜇𝑋𝑋
𝜎𝜎𝑋𝑋

=

𝑄𝑄𝑌𝑌 −𝜇𝜇𝑌𝑌
𝜎𝜎𝑌𝑌

,

Eq. 3.6
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where X and Y indicate two sites and µ and σ are the mean and standard deviation
of the flows at the subscripted site. This standardization produces a new
standardized variable with zero mean and unit variance, regardless of the
probability distribution of the original flows. SMS techniques can also be used to
standardize the logarithms of streamflows, in which case the Eq. 3.6 becomes
ln(𝑄𝑄𝑋𝑋 )−𝜇𝜇ln(𝑄𝑄𝑋𝑋 )
𝜎𝜎ln(𝑄𝑄𝑋𝑋 )

=

ln(𝑄𝑄𝑌𝑌 )−𝜇𝜇ln(𝑄𝑄𝑌𝑌)

Eq. 3.7

𝜎𝜎ln(𝑄𝑄𝑌𝑌 )

with the same definitions as above. When relating an index gage to a validation
site, either of these equations can be manipulated to solve for the ungaged
streamflow. Furthermore, either method can be applied with an annual mean and
an annual standard deviation of streamflow or a series of 12 monthly means and
standard deviations, resulting in four closely related methods: standardizing
streamflow with an annual mean and standard deviation (SMS1R), standardizing
the natural logarithms of streamflow with an annual mean and standard deviation,
standardizing streamflows with monthly means and standard deviations
(SMS12R), and standardizing the natural logarithms of streamflow with monthly
means and standard deviations (SMS12L) (Table 3.2). In practice, the means and
standard deviations would need to be estimated; the estimation procedure used
here is described above.
SMS techniques have been shown to be extremely powerful in practice. In
a study of Virginia watersheds, Hirsch (1979) found the SMS class of methods,
referred to as the method of regional statistics, to be “distinctly superior” to the
drainage-area ratio technique, among others, for the prediction of monthly series.
Farmer and Vogel (2013) found, in a study of unaltered basins across the United
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States, that SMS techniques outperformed a wide range of techniques when there
was little uncertainty in the estimated moments—an idealized case. Of course, as
one is required to estimate moments in truly ungaged basins, the degree of
superiority is directly linked with the ability to parameterize this PUB method.

3.3.4.4.

NONLINEAR SPATIAL INTERPOLATION USING FLOW

DURATION CURVES
The method nonlinear spatial interpolation using flow duration curves
assumes that the exceedance probability of streamflow on a given day is identical
between two hydrologically similar sites, between an index and validation site. As
noted in Archfield and others (2013c), with an index gage selected and estimated
daily flow duration curve (FDC) at the validation site, a time series of daily
streamflow for the simulation period can be constructed by use of the nonlinear
spatial interpolation (Fennessey, 1994; Hughes and Smakhtin, 1996; Smakhtin,
1999; Mohamoud, 2008; Archfield and others, 2010; Shu and Ouarda, 2012). For
example, if the streamflow on October, 1, 1994, was at the 90-percent-exceedance
probability at the index gage, then it is assumed that the streamflow on that day at
the ungaged location also was at the 90-percent exceedance probability; this
probability can then be converted to a streamflow value via the estimated FDC.
Therefore, to implement the method of nonlinear spatial interpolation using flow
duration curves, an FDC is required at both the index and validation site. The time
series of exceedance probabilities is transferred from the index gage to the
validation site without transformation.
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In this application, the discretization of FDCs necessitated several
additional steps for the application of nonlinear spatial interpolation using FDCs.
At the index gage, the percentiles of the streamflow distribution are determined
by ranking the observations. At the validation site, the streamflow percentiles are
estimated with regional regression, as outlined above. The nature of nonlinear
spatial interpolation with FDCs requires that streamflows be estimated between
the discrete percentiles as well. A Gaussian interpolation technique was used here.
The following details describe the additional steps required to implement the
nonlinear spatial interpolation using FDCs.
FDCs are typically represented as streamflow values (Q) plotted against
exceedance probabilities (p) on semi-log axes. In an attempt to better linearize the
curve, especially towards the tails, the FDCs are represented here as the common
logarithms of the 27 percentiles (q) plotted against the standard normal (Gaussian)
quantiles associated with each exceedance probability (Zp). The standard normal
quantiles are computed as the quantiles of a normal distribution with a mean of
zero and standard deviation of one, each with a given exceedance probability p.
This approach was designed to address the “hooks” in the extreme tails noted by
Archfield and others (2010) when plotting FDCs with log-linear axes.
Estimating the streamflow QY,t on day t at the validation site Y begins by
observing the logarithm of the streamflow on the same day at the index gage X,
where 𝑞𝑞𝑋𝑋,𝑡𝑡 = ln(𝑄𝑄𝑌𝑌,𝑡𝑡 ). More often than not, this value falls between 2 of the 27
observed quantiles on the empirical FDC associated with site X, qX,lower and
qX,upper. These two quantiles are associated with two normal quantiles, Zp,lower and
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Zp,upper. The normal quantile associated with qX,t and time t, Zt, can then be
obtained by linearly interpolating between these two ordered pairs.
Having obtained Zt, an estimate of QY,t is arrived at by conducting the
same process in reverse, with the regression-estimated FDC at the validation site
used in place of the index gage’s empirical FDC. On the regression-estimated
FDC at the validation site, the same normal quantiles that surround Zt, namely
Zp,lower and Zp,upper, are associated with estimated common logarithms of two
quantiles, 𝑞𝑞�𝑌𝑌,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 and 𝑞𝑞�𝑌𝑌,𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 . The estimate 𝑄𝑄�
𝑌𝑌,𝑡𝑡 is obtained by conducting a

linearly interpolation of Zt between these two points. The estimate of streamflow
𝑞𝑞�
𝑌𝑌,𝑡𝑡 .
at the validation site on day t is then given as 𝑄𝑄�
𝑌𝑌,𝑡𝑡 = 10

Given that the highest and lowest quantiles considered here were at

exceedance probabilities of 0.02 percent and 99.98 percent, at any particular site it
would be expected that 0.04 percent of the days had streamflow values and
probabilities beyond the highest or lowest available quantile. In such a case, it is
impossible to conduct an interpolation to transfer information from one site to
another. Rather than attempting a more-involved extrapolation technique, the
drainage-area ratio was applied in substitution. This procedure of Gaussian
interpolation worked well for this study region.
The method of nonlinear spatial interpolation using flow duration curves,
known by several different names, is referred to here as QPPQ. Fennessey (1994)
first coined this technique the QPPQ TRANSFORM. It has also been published
by Smakhtin (1999), Mohamoud (2008), and Archfield and others (2010) under
names including “nonlinear spatial interpolation technique” (Hughes and
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Smakhtin, 1996; Smakhtin, 1999) and “reshuffling procedure” (Mohamoud,
2008). Recently, Shu and Ouarda (2012) demonstrated the advantages of the
nonlinear spatial interpolation using flow duration curves and it has become more
and more popular.

3.3.5. ANALYSIS OF FLOWS IN NETWORKS OF CHANNELS MODEL,
TEMPORALLY DISAGGREGATED
The Analysis of Flows in Networks of Channels (AFINCH) model
estimates monthly streamflow at ungaged locations (Holtschlag, 2009). AFINCH
uses observed temperature, precipitation and streamflow data, as well as land use
information to estimate monthly streamflow at ungaged locations. It is a quasiprocess-based method because although it is based on empirically derived
statistical relationships between streamflow and climate and land use variables,
the monthly streamflow estimates are driven by the climate variables as occurs in
a rainfall-runoff model. Monthly precipitation and temperature were obtained
from the Processing Routines in IDL for Spectroscopic Measurements (PRISM)
dataset (Gibson and others, 2002) via the USGS CIDA GeoDataPortal, while land
use information was derived from the 1992 version of the National Land Cover
Dataset (Vogelmann and others, 2001). AFINCH is designed to provide
streamflow estimates based on the NHDPlus framework (U.S. Environmental
Protection Agency (EPA) and U.S. Geological Survey (USGS), 2010); version 1
of NHDPlus

(http://www.horizon-systems.com/NHDPlus/

NHDPlusV1_home.php) was used for this analysis. Using a calibration network,
AFINCH begins by fitting monthly regressions (12 equations) to predict the
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runoff (“water yield”, or streamflow per unit area) as a function of basin
characteristics. These equations then allow the prediction of water yield along
each stream segment in NHDPlus. After predicting the streamflow according to
the regression equations, AFINCH then adjusts the predictions to match
streamflows at the gaged locations by applying the observed-to-predicted
streamflow ratios to the upstream water yields.
This analysis applied the beta version of AFINCH version 2c (accessed on
October 31, 2012). AFINCH version 2c allows the user to define regions for
analysis by selecting eight-digit hydrologic unit code (HUC) watersheds within a
given water resources region (two-digit HUC). Because the region of interest for
this study includes parts of regions 03 and 06, and subregions were not defined
for the other methods used here, the AFINCH analysis was done as two disparate
regions, splitting the 182 sites by two-digit HUC. Therefore, for each of these two
regions and each calendar month, regression coefficients relating candidate
explanatory variables were determined from the observed monthly streamflow,
and those coefficients that were significant were used to predict the streamflow at
the ungaged locations in each region.
For this application, the monthly streamflow values predicted by AFINCH
were temporally disaggregated to estimate daily values. Monthly streamflows at
the validation site were temporally disaggregated by adjusting the simulated
monthly by the contemporaneous ratio of daily-to-monthly streamflow from an
index gage and a bias correction, that is,
Yd (t ) = cR(t )YmS (t ) ,

Eq. 3.8
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where Yd (t ) is the disaggregated daily average streamflow on day t at the
validation site, YmS (t ) is the monthly average streamflow corresponding to the
month of day t, R(t ) is the daily-to-monthly ratio at the index gage X, and c is a
site-dependent constant that corrects for bias. In this study, a 31-day centered
running mean of monthly values was used to reduce temporal edge effects and is
S
represented by the equation Ym (t ) =

s =t +15

∑ Y (s )

s =t −15

m

31 , where Ym (s ) is the predicted

monthly flow associated with day t. The ratio of daily-to-monthly streamflow at
an index gage, R(t ) , was estimated using X d (t ) X m (t ) = R(t ) . The constant c is
given as c = ∑t Ym (t )

∑ (Y (t )R(t )). The application and temporal disaggregation
t

s
m

of the monthly AFINCH model was executed using the same threefold validation
procedure identified previously. Additionally, the index gages, from which the
streamflow ratios were obtained, were selected by either the nearest-neighboring
index gage or the map-correlated index gage based on the correlation of ratios
rather than streamflows.

3.3.6. PRECIPITATION RUNOFF MODELING SYSTEM
The Precipitation-Runoff Modeling System (PRMS) is a deterministic
hydrologic modeling system (Leavesley and others, 1983; Markstrom and others,
2008). The primary uses of PRMS are to (1) simulate land-surface hydrologic
processes, including evapotranspiration, runoff, infiltration, interflow, snowpack,
and soil moisture, on the basis of distributed climate information (temperature,
precipitation, and solar radiation); and (2) simulate water budgets at the watershed
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scale with temporal scales ranging from days to centuries. PRMS is useful
because it can integrate with models used for natural-resource management or
other scientific disciplines and provides a modular design that allows the user to
select alternative hydrologic-process algorithms from either the standard module
library or user-provided provisional modules.
PRMS models are developed by dividing a watershed into homogeneous
areas called hydrologic response units (HRUs) and stream segments derived from
the Geospatial Fabric for National Hydrologic Modeling (Viger and Bock, 2014),
a dataset based on the spatial units of the NHDPlus v.1 dataset (EPA and USGS,
2010). Saturated zone, unsaturated zone, and surface-runoff flow components
were computed for each HRU in response to precipitation, air temperature, and
hydrologic processes defined by land-surface and subsurface characteristics
(Leavesley and others, 1983) and were routed and accumulated to the watershed
outlet using the modeled stream network. Spatial datasets for land cover type,
imperviousness, canopy cover, soils information, and shallow permeability maps
are used to parameterize the HRUs.
For each site in the calibration network, an automated parameter
estimation procedure based on the Shuffled Complex Evolution algorithm (Duan
and others, 1992, 1993, 1994) was used to calibrate the PRMS model. Parameters
were calibrated in six steps: (1) solar radiation, (2) potential evapotranspiration,
(3) water balance, (4) daily flows, (5) high flows, and (6) low flows. For each
step, a subset of PRMS parameters was selected that was determined to be most
influential in adjusting the simulations to match each calibration step. For steps 1
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and 2, the objective functions targeted minimizing the absolute error between
simulated and observed long-term mean-monthly solar radiation and potential
evapotranspiration data, respectively. For steps 3 through 6, the objective
functions targeted minimizing the root-mean-square-normalized error between
simulated and observed streamflow at several time steps (annual, monthly, mean
monthly, and daily).
As described previously, when the PRMS model was developed, initial
parameter values were computed based on various spatial datasets of land cover
type, imperviousness, canopy cover, soils information, and shallow permeability
maps. During calibration, these initial parameters were allowed to vary across
specified ranges as the calibration algorithm searched for an optimal parameter
set; as there may be many parameter sets that provide acceptable estimates of
streamflow due to the equifinality concept in mechanistic modeling described by
Beven and Freer (2001). As the parameters vary across the study area (as opposed
to being a constant value for all HRUs), the algorithm adjusts the mean of the
distributed values across the HRUs for a particular parameter in the calibration,
and then that adjustment to the mean value is applied back to the individual
parameter values for each HRU. For ungaged locations, the relative changes made
to parameters contained in the calibration watershed are applied to the ungaged
watershed parameter values, as opposed to transferring the actual values from the
calibration watershed. PRMS was calibrated in a one-to-many fashion using this
transfer method. Each gage was used to inform the calibration of all remaining
gages used in the study, resulting in a matrix of each gage being used to calibrate
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every other gage. Then, with a matrix of each gage calibrated by every other gage,
the specific streamflow predictions that pertain to the methodology of threefold
validation could be extracted from the calibration results to determine the
performance of PRMS predictions calibrated by the optimization of flow
predictions at adjacent sites.

3.4. Methods of Analysis
The performance of the PUB methods was assessed using several
goodness-of-fit metrics, observing the reproducibility of a no-fail storage-yield
curve, determining the accuracy with which particular streamflow statistics were
reproduced and conducting a robust rank-based evaluation across metrics. The
overall goodness of fit and reproducibility of the daily, no-fail storage-yield curve
were assessed with seven metrics, including the Nash-Sutcliffe of the
untransformed

(NSE)

and

natural,

logarithmically transformed

(NSEL)

streamflow predictions, the root-mean-square error in streamflow predictions
(RMSE), the root-mean-square-normalized error in streamflow predictions
(RMSNE), the average percent error in streamflow estimates, the Pearson
correlation coefficient between observed and predicted streamflow, and the
Spearman correlation coefficient between observed and predicted streamflow. In
addition, the reproducibility of several streamflow statistics was assessed with the
percent error; these statistics included the coefficient of variation of annual
streamflow, the coefficient of variation of daily streamflow, the 10th and 50th
percentiles of the distribution of 7-day-average annual-minimum flows, the 90th
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percentile of the distribution of annual-maximum flows, and the 10th, 25th, 50th,
75th, and 90th percentiles of the distribution of annual streamflow. This analysis
also considered the reproducibility of the seven fundamental daily streamflow
statistics, consisting of the mean streamflow, coefficient of variation as an Lmoment

ratio

(L-CV),

skewness

(L-skew),

kurtosis

(L-kurtosis)

and

autoregressive lag-one autocorrelation coefficient of daily streamflow, and the
amplitude and the phase of the sinusoidal seasonal signal (Archfield and others,
2013a). Details on the metrics noted here, as well as specific notes on the
calculation of the no-fail storage-yield curve and the robust rank-based
evaluation, are included below. The body of this report focuses on the NSE,
NSEL, and average percent error, but full results and descriptions of the other
individual goodness-of-fit metrics are included in Appendix 3.C.
The Nash-Sutcliffe efficiency was used to assess the accuracy of
streamflow predictions and the daily, no-fail storage-yield curve. The NSE is a
widely used metric for understanding overall goodness of fit, especially in
hydrology (Nash and Sutcliffe, 1970). The NSE is typically estimated for a set of
observed, 𝑂𝑂, and simulated, 𝑆𝑆, data values as
∑𝑛𝑛 (𝑆𝑆 −𝑂𝑂 )2

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 − ∑𝑛𝑛𝑖𝑖=1(𝑂𝑂 𝑖𝑖−𝜇𝜇 𝑖𝑖 )2 ,
𝑖𝑖=1

𝑖𝑖

𝑂𝑂

Eq. 3.9

where 𝑛𝑛 is the number of observations and 𝜇𝜇𝑂𝑂 is the mean of the observations.
Careful inspection reveals that this can be understood as a measure of mean

squared error standardized by the variance of the observations, and thus is a
function of the RMSE. Upon further analysis, NSE is an amalgamation of bias in
the estimate relative to the variability in the observations, correlation between
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observed and simulated flows, and the similarity of the variances of the observed
and simulated records (Gupta and Kling, 2011; Gupta and others, 2009). The NSE
ranges from a perfect-fit value of 1 to negative infinity; a value of zero indicates
that the mean would provide just as reliable of an estimate. Because differences
between observed and simulated values are squared and an arithmetic mean is
implied, NSE can be highly sensitive to outliers and skewed data.
When applied to heavily skewed data, the NSE can be somewhat
misleading: Large absolute errors, typically associated with high-flow values,
tend to have undue influence on the statistic when the distributions of flows
exhibit distinct positive skew. In order to remove some skew from the data and
avoid this problem, it is useful to consider the NSE of the natural logarithms of all
nonzero flows (NSEL). While a useful transformation, this method is limited by
its inability to handle zero values. Nonetheless, it provides an NSE that is affected
more evenly by all nonzero flows. Of 182 sites considered, only 7 had observed
zero-flow days; these days were removed from the analysis for this particular
metric.
The average percent error measures the tendency of each PUB method to
overpredict or underpredict nonzero daily streamflow estimates. This is a
common measure of goodness of fit, as it gives an indication of the sign and
magnitude of the average error. Like the NSEL, the average percent error cannot
handle zero-valued flows; the seven sites with zero flows were not considered by
this metric. The average percent error is closely related to the percent bias of an
estimator, which measures the tendency of each PUB method to overpredict or
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underpredict streamflow, on average. By definition, the percent bias is merely the
percent error in the mean value, which is discussed with the assessment of the
fundamental daily streamflow statistics.

3.4.1. ESTIMATES OF DAILY, NO-FAIL STORAGE-YIELD CURVES
The storage-yield curve (SYC) is a common tool for understanding the
relation between basin storage and yield or volume of flow. These curves are
often used to aid in the design of reservoir systems and the management of
irrigation. The SYC represents the cumulative and sequential behavior of the
streamflow record, accounting for the variability, timing, and magnitude of flows
and can be thought of as a cumulative signature of the streamflow record.
The SYC is derived from a continuous record of streamflow. There are
many techniques for estimating the SYC, depending on the intended reliability of
yield and the level of acceptable risk. One common method is the Sequent-Peak
Algorithm (Thomas and Burden, 1963). This is a no-fail technique, which means
that the algorithm is designed such that enough water will always be available to
meet the yield. The result is a curve that specifies the amount of storage required
to produce a specific, constant yield. Storage-yield curves are useful in helping
water-resources engineers and managers plan abstractions and design of
reservoirs.
Several examples of the observed sequent-peak, daily, no-fail SYC are
shown in Figure 3.3. In order to compare curves across sites, the storage is
represented as time—volume divided by mean streamflow—while the yield is
expressed as a fraction of the mean streamflow. These graphs can be read two
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ways: By specifying a daily, no-fail yield, as a fraction of the mean streamflow,
along the horizontal axis, one can determine the days of storage required to meet
that demand. Or, given a specific storage capacity, one can determine the
expected daily, no-fail yield. The daily variability of streamflow dictates how
quickly the storage increases with yield.

Figure 3.3 Several examples of daily, no-fail storage-yield curves for sites in the
study area of the Southeast Model Comparison. The horizontal axis gives the
daily yield, as a fraction of the mean streamflow. The vertical axis gives the
required days of storage (volume divided by mean streamflow) required to meet
the given yield. Refer to the text for a discussion of the methodology used to
develop these curves.
The overall goodness-of-fit metrics used to assess streamflow, like the
NSE and NSEL of streamflow, cannot capture the intangible, cumulative
properties represented by the SYC. Therefore, understanding how reliably a PUB
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method can reproduce an SYC gives an important indication of the ability of that
PUB method to reproduce higher order properties of the streamflow record. Here,
the SYC was estimated from the observed and predicted records using the daily,
no-fail, constant-yield sequent-peak algorithm with several yield fractions. The
yield fractions considered ranged from 0 to 1 at a step of 0.05. The reproducibility
of these curves was assessed by calculating the NSE, NSEL, root-mean-square
error, root-mean-square-normalized error, and the Pearson and Spearman
correlations between observed and predicted SYC. The NSE and average percent
error of the SYCs are discussed in the body of this report; additional metrics are
included in Appendix 3.C.
As the SYC is often used to answer design questions concerning the size
of reservoirs and safe yields, the average error in the storage-yield curve can be
interpreted in terms of the intended design. Consider the case of attempting to
determine the size of a reservoir required for a particular yield. A positive error
amounts to requiring more storage than is needed for a particular yield fraction.
On the other hand, a negative error suggests that one would underestimate the
storage needed, causing the effective yield to be less than desired. This is a
tradeoff between overdesign and underdesign. Overdesign can be costly because
of a waste of materials, while underdesign can be costly in that the design goals
are not satisfied. In general, a slight overdesign might be more acceptable than
underdesign, but a full cost-benefit analysis would be required for any particular
project.

3.4.2. ROBUST RANK-BASED EVALUATION
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Robust Rank-Based Evaluation (RRBE) is presented herein as a tool for
comparing the performance of several PUB methods simultaneously. A largely
graphical method, RRBE seeks to find an optimal balance with high average
performance and low variability of performance for any particular method. In
RRBE, each PUB method is represented as a point defined by the average and
standard deviation of a performance metric. (The average and standard deviation
are used here, but any measures of central tendency and spread may be
acceptable.) When these points are created for each PUB method, the result is a
RRBE cloud. The optimal PUB method, which will perform well on average
(high NSE or low RMSE) and have minimal variability of performance, will
appear near an edge of the cloud. The optimal edge depends on the performance
metric, for example, ideal NSEs are near one, while ideal RMSEs are near zero.
Methods appearing on the optimal edge of the cloud are said to exist along the
optimal or efficient frontier. In many cases, several methods may exist at or near
the frontier, representing a tradeoff between central tendency and spread; one
method may offer a better average performance but possess greater variability of
performance.
RRBE can be used to assess the performance of several PUB methods
across a single performance metric, or it may be used to compare several PUB
methods across several performance metrics. When working with different
performance metrics, it is often difficult to draw general conclusions: each metric
highlights a different aspect of performance and is affected by its own
idiosyncrasies, making a cross-metric comparison problematic. In order to draw
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general conclusions, it must be possible to compare these metrics in
commensurate units. Such a comparison would show which methods are
performing best across all the performance metrics, on average. This can be
achieved by considering the relative ranks of the PUB methods at each site,
according to any performance metric, rather than the values of the performance
metric. In this manner, the performance is relative and all metrics are on the same
relative scale. Thus, the RRBE cloud shows the average relative performance
against the variability of relative performance. By averaging the relative
performances across metrics, multiple performance metrics can be assessed
simultaneously.
Here, RRBE is conducted by selecting each metric in turn, starting with
the NSE, for example. For each site, taken in turn, the 19 PUB methods are
ranked from 1 to 19. The best performing method (greatest NSE, in this case) is
given a rank of 1; the second best is given a rank of 2; and so on. Ties are given
the best ranking available. One could apply a RRBE here by graphing each PUB
method as a point in Cartesian coordinates, where one axis is the mean of the
ranks and the other axis is the standard deviation of the ranks. This would give the
efficient frontier according to a single metric, information that can be inferred
from the boxplots presented in this report. Instead, the mean and standard
deviation of the relative ranks were taken for each PUB method and each
performance metric. Multiple performance metrics were assessed by taking the
average relative ranking across performance metrics and the average standard
deviation across performance metrics, thus creating a cross-metric RRBE.
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3.5. Results and Discussion
Daily streamflow was predicted for water years 1981 through 2010 for
each of the 182 sites using each of the 19 PUB methods and the threefold
validation procedure. The goodness of fit of these predictions was assessed at
each site by comparing the portion of the observed record with complete water
years against the corresponding predictions. The daily predictions for each PUB
method were evaluated using three comparisons: (1) the overall goodness of fit of
the streamflow records; (2) the accuracy of the reproduced storage-yield curve;
and (3) the accuracy of reestimated streamflow statistics, including the FDC and
fundamental daily streamflow statistics. A final analysis combined each of these
comparisons to evaluate the overall performance of each PUB method.

3.5.1. OVERALL GOODNESS OF FIT OF PREDICTED STREAMFLOW
RECORDS
Daily streamflow estimates were assessed for goodness of fit using NashSutcliffe efficiencies and the average percent bias to give a coarse measure of
how well each method performs. NSE was calculated for untransformed and
normal, logarithmically transformed streamflow predictions. Results for rootmean-squared error (RMSE), root-mean-square-normalized error (RMSNE),
Pearson correlation, and Spearman correlation are presented in Appendix 3.C, but
are not part of the discussion below. All seven metrics, however, are used for a
cross-metric RRBE. These measures quantify how well daily streamflow is
estimated, on average. None of these measures explicitly capture the sequencing
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or the serial correlation of errors. These metrics summarize the average error of
daily flows and do not quantify the error associated with any particular flow
statistic or distribution.

Figure 3.4 The distribution of Nash-Sutcliffe efficiencies of daily streamflow
predictions for each method of prediction in ungaged basins (PUB) considered in
the Southeast Model Comparison. The horizontal axis indicates each PUB
method. The Nash-Sutcliffe efficiency is along the vertical axis. Nash-Sutcliffe
efficiency ranges from one to negative infinity; a value of one indicates a perfect
fit, while a value of zero indicates that a mean value would have produced the
same level of accuracy. (The dark line indicates the median of the distribution, the
box outlines the 25th and 75th percentiles, and the whiskers extend to the data
point a distance not more than 1.5 times the interquartile range away from the
nearest quartile. Data points beyond this whisker length are defined as outliers
and, to increase the visibility of the distribution, have not been drawn.) Method
abbreviations are in Table 3.1.
NSE was estimated for each of the 182 sites for each of the 19 PUB
methods; the distribution for each PUB method can be seen in Figure 3.4 (outliers
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were not plotted because their inclusion inflates the scale of the axis so as to
obscure the characteristics of the distribution). Based on NSE, the accuracy of
PUB methods varies widely. Notably, PUB methods using the nearest-neighbor
approach to index selection fared better than those using map correlation. PRMS
had the greatest median (0.5615), though NN-AFINCH, NN-QPPQ, and NNSMS12R were nearly as high. NN-DAR, NN-SMS12L, and NN-SM12 were only
slightly inferior. PRMS also had the smallest interquartile range. Annualized
methods (SMS1R, SMS1L, SM1) were originally included because they
performed well on a monthly time step (Farmer and Vogel, 2013), but they are not
competitive here. Measuring by the NSE, PRMS is the best PUB method at 30
percent of sites and outperforms each other method, taken one by one, at more
than 50 percent of sites.
Compared to the values of NSE, taking the NSE of normal,
logarithmically transformed streamflows (NSEL) suggests that most of the PUB
methods perform better when the range of streamflow values is weighted more
evenly (Figure 3.5; outliers not drawn). However, some of the worse-performing
methods by the NSE criterion have even lower NSEL values. Still, the general
comparison among methods is quite similar: The nearest-neighbor methods have
generally greater NSELs than the map-correlation methods. The same seven
methods (NN-DAR, NN-QPPQ, NN-SMS12R, NN-SMS12L, NN-SM12, PRMS,
and NN-AFINCH) have the highest distributions of NSEL.
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Figure 3.5 The distribution of the at-site Nash-Sutcliffe efficiencies of the
logarithms of daily streamflow predictions for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis.
Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one
indicates a perfect fit, while a value of zero indicates that a mean value would
have produced the same level of accuracy. (The dark line indicates the median of
the distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.
Interestingly, NSEL demonstrates poorer performance of PRMS than was
previously indicated by the NSE. This could be a result of the calibration
procedure, which minimized RMSE between observed and simulated streamflow
in linear space, where high flows tend to dominate the Nash-Sutcliffe efficiency
metric. When the simulated streamflows are analyzed in log space (Figure 3.5),
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the low flows have more influence on the Nash-Sutcliffe efficiency. This result
indicates that this calibration of PRMS is weighted more towards matching the
high flows than the low flows. Perhaps future calibrations that focus on matching
logarithmically transformed streamflows would improve the fit across all flow
magnitudes. Regardless, this suggests that fully calibrated models may be
adversely affected by their calibration criteria.
Balancing the performance of PUB methods in terms of both NSE and
NSEL begins to highlight the need for a more comprehensive analysis. Looking at
the PUB methods through several different lenses provides an understanding of
how a method performs under different circumstances and in different ways. In
the case of PRMS, the physical constraints imposed by the model structure may
reduce the median performance while restricting the range of outcomes. For
NSEL, NN-AFINCH, followed closely by PRMS, demonstrated the smallest
interquartile range, but NN-SM12 had the greatest median. Though not drawn
here, graphing the median value versus the spread (IQR) of the distribution shows
a distinct tradeoff between metric centrality and spread. Improvement in the
median NSEL often results in a larger IQR and vice versa. It is noteworthy,
therefore, that the NN-DAR continues to be competitive with the more
complicated methods, suggesting it may be particularly robust across performance
metrics.
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Figure 3.6 The distribution of at-site average percent errors of daily streamflow
predictions for the seven most accurate methods of prediction in ungaged basins
(PUB). The horizontal axis indicates each PUB method. The vertical axis shows
the average percent bias. Unbiased methods display a median near zero and
minimum the variability of at-site bias. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.
The average percent error measures the tendency of each PUB method to
overpredict or underpredict nonzero daily streamflow estimates. (Zero-flow days
were excluded from the analysis.) This is a common measure of goodness of fit,
as it gives an indication of the sign and magnitude of the average error. In all
cases, there is a wide variability of the average percent error (Figure 3.6). From
here on out, only the seven PUB methods identified with better performance
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based on NSE are included, while figures including all PUB methods are included
in Appendix 3.C. The transfer-based methods (NN-DAR, NN-QPPQ, NNSMS12R, and NN-SMS12L) show the smallest median error (10–20 percent),
though they still present an overprediction. NN-SMS12R offers the smallest range
and median. PRMS has a median error of 50 percent, while NN-AFINCH had a
median error of 27 percent. The average percent error is closely related to the
percent bias of an estimator, which measures the tendency of each PUB method to
overpredict or underpredict streamflow, on average. By definition, the percent
bias is merely the percent error in the mean value, which is discussed below in
reference to the fundamental daily streamflow statistics. For comparison, the
range of percent bias can be seen in Appendix 3.C, figure 3.C.25.
In addition to the three metrics discussed above, several other metrics
were used to characterize the overall goodness of fit of the PUB methods. These
include the RMSE (which is closely related to NSE), the RMSNE error, Pearson
correlation between observed and simulated streamflows, and Spearman
correlation of the same. Full results can be found in Appendix 3.C. The general
conclusions are identical to those presented here. PRMS is most accurate in terms
of Pearson correlation, with regard to both median and range. NN-AFINCH is
most accurate in terms of RMSE. The five top transfer-based methods are most
accurate in terms of Spearman correlation and root-mean-square-normalized
error. While not discussed in detail, these metrics did play a role in the RRBE
discussed below.
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In total, seven metrics were used to characterize the overall goodness of fit
of each PUB method. The information contained in these metrics was combined
by conducting a cross-metric RRBE. For each metric, the PUB methods were
ranked at each site. The average and standard deviation of these ranks for each
PUB method are provided in Tables 3.5 and 3.6. The cross-metric RRBE cloud of
the overall goodness of fit is composed of the average ranking across the seven
metrics and the average standard deviation across metrics (Figure 3.7). (An
example of the efficient edge of the cloud is drawn in Figure 3.7.) The frontier
presented here consists of NN-QPPQ, NN-SM12, and NN-SMS12R. NN-QPPQ
and NN-SM12 have more variability, while NN-SMS12R has less variability but
a better ranking across these seven metrics. Of the seven best methods, all except
NN-DAR and PRMS hover near the frontier of efficiency.
From the metrics used here to characterize overall goodness of fit, it is
nearly impossible to select a single PUB method that is best PUB method for this
region. NN-SM12 performed well across all metrics, but a strong case can be
made for QPPQ as well as SMS12R. Still, some general conclusions can be
drawn: Many of the PUB methods that worked well for monthly predictions
(Farmer and Vogel, 2013) do not perform well in the context of daily flows. The
nearest-neighbor algorithm for selecting an index gage outperforms the mapcorrelation algorithm, generally.
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Table 3.5 Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

NNDAR
7.59
1.20
6.65
6.25
6.65
7.62
6.03
4.43

NNQPPQ
7.32
1.44
5.63
5.66
5.63
6.69
6.62
4.40

NNSM1
10.01
3.20
12.81
12.77
12.81
12.59
6.04
4.01

NNSM12
7.02
1.43
5.86
4.68
5.86
5.91
6.57
6.03

NNSMS1R
12.49
2.99
12.41
13.88
12.41
13.73
5.79
4.37

Root-mean-square-normalized error of streamflow
Average
Standard deviation

6.20
6.26
0.96

5.31
5.71
0.78

9.10
10.02
3.71

5.16
5.72
0.62

12.37
10.71
3.92
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

NNDAR
7.97
8.12
7.97
7.98
8.38
8.36

NNQPPQ
8.31
7.98
8.31
8.40
8.77
7.53

NNSM1
7.09
7.90
7.09
7.78
8.32
7.62

NNSM12
6.91
7.26
6.91
7.36
7.71
7.53

NNSMS1R
13.66
14.28
13.66
14.45
14.81
12.76

Root-mean-square-normalized error of required storage
Average
Standard deviation

3.95
7.53
1.59

2.88
7.46
2.05

3.97
7.11
1.45

3.73
6.77
1.38

9.22
13.26
1.90
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

NNDAR
6.68
7.14
8.96
7.58
7.97
7.85
8.02
8.31
8.09
8.27
8.42
8.36
8.17
8.12
8.47
9.38
8.52

NNQPPQ
6.36
8.52
8.25
7.09
7.80
7.26
7.75
7.85
7.34
6.92
6.79
7.91
8.77
8.59
8.70
9.27
8.66

NNSM1
13.66
6.81
8.84
10.62
11.96
13.23
11.91
12.49
13.81
15.27
15.38
15.33
8.10
8.46
8.52
9.39
8.56

NNSM12
6.74
6.99
8.42
7.09
7.16
8.57
6.82
6.80
6.46
6.12
6.19
5.94
7.16
8.14
9.36
9.28
10.26

NNSMS1R
15.31
13.88
11.80
15.59
14.68
13.04
14.99
13.93
14.31
15.15
15.75
15.32
14.30
8.95
8.68
9.49
8.73

Phase of seasonal trend in daily streamflow

7.95

8.14

8.16

9.75

7.99

Average

8.13

7.89

11.14

7.63

12.88

Standard deviation

0.61

0.80

2.87

1.34

2.80
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

NNSMS1L
11.21
2.87
12.78
13.57
12.78
13.07
6.89
3.38

NNSMS12R
8.90
2.51
5.27
7.08
5.27
7.31
7.00
10.80

NNSMS12L
7.36
1.25
7.18
5.64
7.18
6.73
9.08
7.54

MCDAR
10.80
1.34
12.37
11.31
12.37
10.77
14.16
12.02

MCQPPQ
8.88
1.92
11.09
9.09
11.09
8.54
13.73
11.82

Root-mean-square-normalized error of streamflow
Average
Standard deviation

9.76
10.32
3.88

8.69
7.35
1.94

6.24
7.08
1.09

12.19
12.17
1.06

10.90
10.90
1.72
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

NNSMS1L
9.71
9.16
9.71
9.26
9.54
9.01

NNSMS12R
10.56
11.28
10.56
13.90
12.95
9.24

NNSMS12L
7.35
7.13
7.35
7.61
7.63
7.13

MCDAR
11.09
10.36
11.09
10.66
10.64
11.35

MCQPPQ
10.12
8.02
10.12
8.76
8.52
10.18

Root-mean-square-normalized error of required storage
Average
Standard deviation

5.08
8.78
1.65

4.53
10.43
3.04

3.04
6.75
1.65

5.54
10.11
2.04

3.30
8.43
2.43
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

NNSMS1L
14.55
10.49
12.09
10.47
12.31
13.38
12.12
12.92
14.59
15.74
15.55
15.81
10.97
11.46
11.81
9.95
11.76

NNSMS12R
6.70
10.96
8.52
15.16
11.29
7.00
10.30
8.34
7.27
6.53
7.30
5.82
9.93
9.69
7.92
9.28
8.47

NNSMS12L
6.09
7.85
8.80
6.62
7.37
7.80
7.25
7.24
6.80
6.91
6.45
7.27
7.79
8.32
8.02
8.82
8.51

MCDAR
10.14
10.57
11.18
9.42
10.12
9.63
10.45
10.80
10.28
10.33
9.73
10.67
11.60
11.10
11.25
10.26
10.80

MCQPPQ
7.77
10.26
8.27
7.23
7.93
7.45
7.94
7.87
7.23
6.65
6.52
7.74
8.67
8.23
8.60
10.21
9.47

Phase of seasonal trend in daily streamflow

8.93

9.99

10.68

11.36

10.74

Average

12.50

8.92

7.70

10.54

8.27

Standard deviation

2.07

2.23

1.09

0.62

1.21
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

MCSM1
12.14
2.22
15.19
15.19
15.19
12.99
13.85
11.59

MCSM12
9.59
1.85
11.22
9.40
11.22
8.16
13.43
12.62

MCSMS1R
13.40
1.63
14.91
15.03
14.91
13.69
13.69
12.05

MCSMS1L
12.24
2.28
15.35
15.38
15.35
13.45
13.93
11.09

MCSMS12R
10.17
2.60
10.37
10.01
10.37
8.73
13.19
16.25

Root-mean-square-normalized error of streamflow
Average
Standard deviation

12.65
13.81
1.45

11.18
11.03
1.79

14.12
14.06
1.06

12.89
13.92
1.61

12.71
11.66
2.55
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

MCSM1
10.12
10.05
10.12
10.33
10.38
10.87

MCSM12
9.77
8.97
9.77
9.21
9.41
10.77

MCSMS1R
13.20
14.02
13.20
13.73
13.24
12.89

MCSMS1L
10.24
10.01
10.24
10.21
10.25
10.81

MCSMS12R
11.36
11.85
11.36
13.90
12.98
11.31

Root-mean-square-normalized error of required storage
Average
Standard deviation

5.75
9.66
1.75

4.71
8.95
1.96

8.80
12.72
1.77

5.61
9.63
1.79

4.66
11.06
2.99
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

MCSM1
14.87
9.92
11.42
10.47
11.75
14.02
12.08
12.81
14.34
14.84
15.36
15.17
11.63
11.47
11.48
10.31
10.74

MCSM12
8.81
10.03
10.86
8.38
8.54
10.03
8.51
8.53
8.14
7.49
6.74
6.25
10.00
10.74
11.81
10.23
11.99

MCSMS1R
15.79
13.16
11.53
14.94
14.85
12.96
14.70
14.07
14.61
14.82
15.20
15.24
13.13
11.37
11.94
10.26
11.07

MCSMS1L
14.91
10.99
11.77
10.80
11.81
13.04
11.97
12.84
14.85
15.37
15.57
15.70
11.57
10.97
10.86
10.71
11.92

MCSMS12R
7.38
11.59
8.39
15.40
11.27
7.51
10.56
8.68
6.81
6.92
7.87
6.49
9.49
9.93
9.53
9.81
8.32

Phase of seasonal trend in daily streamflow

11.38

10.08

11.62

11.36

10.27

Average

12.45

9.29

13.40

12.61

9.23

Standard deviation

1.83

1.62

1.73

1.82

2.17
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

MCSMS12L
8.89
2.23
12.21
9.25
12.21
8.79
14.71
13.77

Root-mean-square-normalized error of streamflow
Average
Standard deviation

11.89
11.83
2.17
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PRMS
10.01
2.01
5.64
8.05
5.64
11.78
6.84
10.43

NNAFINCH
8.49
1.98
4.74
7.24
4.74
9.04
7.14
11.49

MCAFINCH
9.57
2.01
8.05
8.82
8.05
10.15
11.08
13.62

9.80
8.31
2.42

8.15
7.51
2.38

10.42
10.03
1.98
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks
were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 19 PUB methods.
Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

MCSMS12L
8.95
7.92
8.95
8.48
8.03
9.45

PRMS
11.05
10.54
11.05
9.27
10.01
10.88

NNAFINCH
11.12
8.70
11.12
9.08
9.07
10.91

MCAFINCH
11.17
8.44
11.17
9.38
9.10
11.15

Root-mean-square-normalized error of required storage
Average
Standard deviation

3.47
7.89
2.02

6.08
9.84
1.78

3.00
9.00
2.85

3.21
9.09
2.83
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Table 3.5 (continued) Mean rank for each performance metric and method of prediction in ungaged basins (PUB).

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

MCSMS12L
6.40
9.47
8.66
7.93
7.46
8.48
7.36
7.73
7.01
7.29
7.27
7.66
7.87
7.93
7.96
10.25
8.57

PRMS
10.57
8.83
11.54
9.31
9.69
9.37
10.55
11.16
11.19
9.53
9.20
8.62
12.14
13.53
12.21
13.10
9.98

NNAFINCH
7.52
11.16
9.42
7.63
7.46
8.59
7.85
8.44
7.88
7.23
7.36
7.20
8.73
10.36
10.42
9.03
11.13

MCAFINCH
9.48
11.12
11.01
7.98
8.31
10.35
8.23
8.75
8.55
8.21
6.96
7.26
9.74
12.41
12.18
10.71
12.28

Phase of seasonal trend in daily streamflow

11.07

12.83

8.64

8.81

Average

8.13

10.74

8.67

9.57

Standard deviation

1.16

1.54

1.33

1.73
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Table 3.6 Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

NNDAR
4.93
0.37
5.18
5.17
5.18
5.25
3.68
4.33

NNQPPQ
4.39
0.58
4.02
4.20
4.02
3.92
4.28
3.41

NNSM1
4.66
0.56
4.66
5.05
4.66
5.01
3.61
3.70

NNSM12
4.36
0.59
4.49
3.95
4.49
3.76
3.72
3.20

NNSMS1R
4.95
0.96
4.54
4.27
4.54
5.22
3.66
4.23

Root-mean-square-normalized error of streamflow
Average
Standard deviation

4.68
4.78
0.59

3.55
3.92
0.32

5.36
4.58
0.68

3.67
3.90
0.46

5.84
4.61
0.71
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

NNDAR
4.89
4.94
4.89
5.49
5.42
5.08

NNQPPQ
5.13
4.65
5.13
4.87
4.96
5.24

NNSM1
4.53
5.08
4.53
5.40
5.14
4.57

NNSM12
4.32
4.67
4.32
4.85
4.53
4.61

NNSMS1R
5.76
4.58
5.76
5.82
5.50
5.87

Root-mean-square-normalized error of required storage
Average
Standard deviation

5.22
5.13
0.25

3.39
4.77
0.64

5.25
4.93
0.37

4.66
4.57
0.19

7.85
5.88
0.98
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

NNDAR
4.82
4.63
5.33
4.74
5.22
5.41
5.13
5.28
4.94
4.78
4.50
4.69
5.11
4.71
4.94
4.77
4.62

NNQPPQ
3.98
5.01
4.56
4.24
4.43
4.07
4.34
4.15
3.83
3.70
3.75
3.84
4.89
4.81
4.88
5.54
4.63

NNSM1
4.26
4.31
5.20
4.65
4.84
5.26
4.81
5.04
4.70
3.43
3.57
3.51
5.19
4.76
5.01
4.70
4.48

NNSM12
4.21
4.59
5.02
4.08
4.45
5.09
4.17
4.24
3.96
3.54
3.47
3.23
4.77
4.92
4.90
4.84
5.44

NNSMS1R
3.48
5.66
5.56
4.81
5.49
5.04
5.23
5.75
4.61
3.35
2.84
3.83
5.49
4.87
5.11
4.64
4.52

Phase of seasonal trend in daily streamflow

4.82

5.01

4.75

5.40

4.73

Average

4.91

4.43

4.58

4.46

4.72

Standard deviation

0.27

0.52

0.57

0.65

0.84
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

NNSMS1L
4.87
0.77
4.71
4.56
4.71
4.98
4.30
3.44

NNSMS12R
4.63
0.86
2.90
3.51
2.90
4.55
3.68
4.21

NNSMS12L
4.44
0.57
3.98
4.00
3.98
3.83
4.46
3.70

MCDAR
5.04
0.37
4.22
4.86
4.22
5.29
4.25
4.85

MCQPPQ
4.51
0.60
4.11
4.09
4.11
4.27
4.42
4.04

Root-mean-square-normalized error of streamflow
Average
Standard deviation

5.80
4.64
0.71

4.04
3.68
0.64

4.17
4.02
0.24

4.66
4.62
0.41

4.34
4.19
0.15
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

NNSMS1L
5.01
4.89
5.01
4.87
4.97
4.84

NNSMS12R
5.68
4.60
5.68
4.97
5.46
5.69

NNSMS12L
4.55
4.24
4.55
4.47
4.44
4.95

MCDAR
5.33
4.75
5.33
5.18
5.10
5.13

MCQPPQ
5.28
4.79
5.28
4.88
5.17
5.02

Root-mean-square-normalized error of required storage
Average
Standard deviation

5.83
5.06
0.35

5.23
5.33
0.42

3.93
4.45
0.31

5.71
5.22
0.29

3.48
4.84
0.63
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

NNSMS1L
3.54
5.44
5.72
4.85
4.78
5.24
5.02
4.98
4.27
3.61
3.42
3.22
4.93
5.87
5.83
6.12
5.71

NNSMS12R
3.92
5.46
4.78
4.37
5.59
4.13
5.24
4.97
4.16
3.43
3.85
3.37
5.33
5.69
5.18
5.09
5.07

NNSMS12L
4.09
4.63
5.04
4.12
4.13
4.55
4.10
4.19
4.13
3.94
3.81
4.22
4.25
5.07
5.34
5.60
5.54

MCDAR
4.55
5.03
5.37
4.72
5.37
5.53
5.17
5.35
5.46
5.23
5.04
4.95
5.39
5.04
4.89
4.85
5.14

MCQPPQ
4.02
5.15
4.82
4.18
4.19
3.63
4.42
4.28
3.93
3.87
3.64
3.73
5.13
5.04
5.02
5.75
5.35

Phase of seasonal trend in daily streamflow

5.32

5.31

6.03

5.18

4.80

Average

4.88

4.72

4.60

5.13

4.50

Standard deviation

0.91

0.74

0.67

0.27

0.65
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

MCSM1
4.72
0.66
3.73
3.48
3.73
5.31
4.13
4.53

MCSM12
4.70
0.53
4.71
4.04
4.71
4.74
4.26
3.98

MCSMS1R
4.88
0.99
3.21
3.69
3.21
5.71
4.02
4.78

MCSMS1L
4.83
0.84
3.28
3.64
3.28
5.23
4.49
4.33

MCSMS12R
4.67
0.82
3.62
3.60
3.62
4.86
3.61
3.07

Root-mean-square-normalized error of streamflow
Average
Standard deviation

5.38
4.33
0.78

4.98
4.49
0.39

5.29
4.27
1.00

5.25
4.22
0.84

3.40
3.68
0.56
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

MCSM1
5.17
4.61
5.17
5.17
5.04
4.76

MCSM12
5.02
4.37
5.02
4.49
4.48
5.40

MCSMS1R
5.33
4.27
5.33
5.54
5.96
5.49

MCSMS1L
5.21
4.82
5.21
4.92
5.03
4.72

MCSMS12R
5.56
4.58
5.56
5.24
5.58
5.36

Root-mean-square-normalized error of required storage
Average
Standard deviation

5.77
5.10
0.37

4.87
4.81
0.38

7.79
5.67
1.07

5.82
5.10
0.36

5.60
5.35
0.37
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

MCSM1
3.85
4.87
5.39
4.91
5.31
4.97
5.17
4.90
4.49
3.99
3.44
3.38
5.42
5.12
4.77
4.80
5.12

MCSM12
4.81
5.20
5.14
4.43
4.29
5.25
4.54
4.42
4.24
3.97
4.00
3.45
4.74
5.06
5.62
5.06
5.75

MCSMS1R
3.20
5.67
5.52
5.00
5.21
4.91
5.27
5.30
4.20
3.90
3.82
3.38
5.94
5.30
4.91
4.96
5.00

MCSMS1L
3.84
5.09
5.73
5.07
5.31
5.17
5.47
5.15
4.08
3.98
3.27
3.34
4.92
6.05
6.04
5.95
5.75

MCSMS12R
3.93
5.49
4.50
4.10
5.57
4.28
5.35
5.03
4.05
4.11
4.12
3.74
5.58
4.90
4.88
5.36
5.37

Phase of seasonal trend in daily streamflow

5.10

5.37

5.12

5.09

5.72

Average

4.72

4.74

4.81

4.96

4.78

Standard deviation

0.64

0.62

0.78

0.89

0.68
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Overall goodness of fit

Class
All
metrics

Metric
Average
Standard deviation
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-squared error of streamflow
Average percent error of streamflow
Pearson correlation between observed and simulated streamflow
Spearman correlation between observed and simulated streamflow

MCSMS12L
4.40
0.62
4.09
3.58
4.09
4.22
3.71
3.32

Root-mean-square-normalized error of streamflow
Average
Standard deviation

4.19
3.89
0.35
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PRMS
5.70
0.46
5.27
5.45
5.27
5.30
6.21
6.08

NNAFINCH
4.73
0.61
3.52
4.13
3.52
4.86
4.29
4.54

MCAFINCH
4.99
0.67
3.96
4.13
3.96
4.82
4.99
4.36

5.84
5.63
0.41

4.66
4.21
0.53

4.81
4.43
0.44
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These
standard deviations were taken across 182 sites for each PUB method. The process was repeated for each of the 32 metrics and 19
PUB methods. Method abbreviations are in Table 3.1.]

Storage-yield curve (SYC)
goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required storage
Root-mean-squared error of required storage
Average percent error of required storage
Pearson correlation between observed and simulated required storage
Spearman correlation between observed and simulated required storage

MCSMS12L
4.60
3.91
4.60
3.91
4.22
4.98

PRMS
5.63
5.66
5.63
5.34
5.34
5.89

NNAFINCH
5.46
4.69
5.46
4.65
5.02
5.59

MCAFINCH
5.52
4.80
5.52
4.74
5.22
5.64

Root-mean-square-normalized error of required storage
Average
Standard deviation

3.76
4.28
0.45

6.75
5.75
0.48

3.64
4.93
0.68

3.66
5.01
0.69
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Table 3.6 (continued) Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins.

Percent error in streamflow statistics

Class

Metric
Root-mean-square-normalized error of fundamental daily streamflow statistics
Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum streamflow
50th percentile, 7-day average annual-minimum streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

MCSMS12L
4.06
4.93
5.00
4.24
4.29
5.16
4.20
4.07
3.98
3.98
3.93
4.34
4.42
5.06
4.82
5.77
5.39

PRMS
5.31
5.57
6.02
5.41
6.04
5.49
5.85
5.82
5.57
4.97
4.92
4.95
5.67
5.78
6.12
6.77
6.10

NNAFINCH
4.41
5.37
5.49
4.18
4.10
5.00
4.69
4.94
4.46
4.30
4.31
4.22
4.87
5.43
5.44
5.41
5.44

MCAFINCH
4.78
5.42
6.10
4.75
4.43
4.96
5.05
5.37
4.92
4.62
4.26
4.24
5.25
5.87
5.88
6.30
6.06

Phase of seasonal trend in daily streamflow

5.92

6.42

5.23

5.16

Average

4.64

5.71

4.85

5.19

Standard deviation

0.63

0.50

0.52

0.64
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Figure 3.7 The robust rank-based evaluation cloud showing the tradeoff between
the mean ranking and standard deviation of the ranks of the seven overall
goodness-of-fit metrics for each method of prediction in ungaged basins. The
horizontal axis shows the mean average rank, while the vertical axis gives the
average standard deviation of the ranks. Optimal methods would display minimal
spread and a low mean-average ranking. The dashed line notes the optimal edge
of the cloud. The seven most competitive methods have been labeled. Method
abbreviations are in Table 3.1.
Regarding the overall goodness of fit of the predicted streamflow time
series, the five most accurate methods are NN-DAR, NN-QPPQ, NN-SMS12R,
NN-SMS12L, and NN-SM12. Methods that relied on more standardization
(SMS12R and L) were not necessarily better than those requiring less (SM12).
This is particularly true for SMS12R, which does not account for the skewness of
the observations. In addition, two of the more process-based methods, NNAFINCH and PRMS, also performed well. When considering the RRBE cloud, all
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of these seven methods, except NN-DAR and PRMS, clustered near the efficient
edge. Finally, it is noteworthy that the parsimonious, even simplistic, methods of
standardizing by drainage area or mean monthly flow perform so well. This
suggests that the additional investment required for some PUB methods provides
relatively little improvement over DAR. NN-SM12, which requires the only
slightly more investment that NN-DAR, provided the largest return on
investment.

3.5.2. DAILY, NO-FAIL STORAGE-YIELD CURVES
The reproducibility of the SYC indicates how well each PUB method
captures the cumulative, sequential behavior of the daily streamflow record. For
each PUB method, the accuracy of the estimated daily, no-fail SYC was assessed
using the average percent error and the NSE of the estimated storage values.
Though not discussed here, the RMSE, RMSNE, NSEL, and Pearson and
Spearman correlations between observed and estimated storages are presented in
Appendix 3.C. All seven metrics are used in the cross-metric RRBE of the SYC.
Because the storage-yield curves considered here are derived from a
uniform distribution of yield fractions from zero to one and SYCs are monotonic,
the points along the SYC are unlikely to exhibit strongly skewed behavior. This
means that the Nash-Sutcliffe efficiency can be directly applied to the estimated
storages rather than the logarithms of the storage. The NSE of the SYC therefore
gives a reliable estimate of the goodness of fit of the estimated storage yield
curve.
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Figure 3.8 The distribution of the at-site Nash-Sutcliffe efficiencies of the daily
storage-yield curve for the seven most accurate methods of prediction in ungaged
basins (PUB). See text for a description of the methodology used to predict the
storage-yield curve. The horizontal axis indicates each PUB method. The NashSutcliffe efficiency is along the vertical axis. Nash-Sutcliffe ranges from one to
negative infinity; a value of one indicates a perfect fit, while a value of zero
indicates that a mean value would have produced the same level of accuracy. (The
dark line indicates the median of the distribution, the box outlines the 25th and
75th percentiles, and the whiskers extend to the data point a distance not more
than 1.5 times the interquartile range away from the nearest quartile. Data points
beyond this whisker length are defined as outliers and, to increase the visibility of
the distribution, have not been drawn.) Method abbreviations are in Table 3.1.
According to the NSE, all of the methods produce the SYC reasonably
well, with the majority of values falling above 0.4 (Figure 3.8). The variability in
performance is greater for NN-AFINCH, PRMS, and NN-SMS12R than for the
remaining four methods. For NN-DAR, NN-QPPQ, NN-SMS12L, and NNSM12, more than 75 percent of the SYCs had NSE values greater than 0.8, a
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common level of “acceptable” performance when applied to the estimation and
interpretation of daily and monthly streamflow (Moriasi and others, 2007).

Figure 3.9 The distribution of at-site average percent errors of the estimated daily
storage-yield curve for the seven most accurate methods of prediction in ungaged
basins (PUB). See text for a description of the methodology used to predict the
storage-yield curve. The horizontal axis indicates each PUB method. The vertical
axis shows the average percent bias. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
The average percent error of the storage-yield curve indicates how much,
on average, the PUB method overpredict or underestimates the storage required
for each yield fraction. All of the methods produce a significant error on average
(Figure 3.9). Several of the transfer-based approaches (NN-DAR, NN-QPPQ,
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NN-SMS12L and NN-SM12) produce a relatively low level of error in the SYC
storages on average, with medians ranging between 5 percent and 20 percent. This
is the same group that clustered close to the efficient frontier when considering
overall goodness of fit. NN-SMS12R, though, produces a much more variable
average error, with a median of nearly 120 percent. The more process-based
methods underestimate storage, while reducing the variability of the average
error. PRMS underestimates the storage by 36 percent on average, while NNAFINCH underestimates the required storage by a median of 14 percent.
Underestimating the storage required for a reservoir system by more than 15
percent may be more costly than overestimating by 10 percent.
The cross-metric RRBE of the SYC shows that NN-SMS12L and NNSM12 reproduce the SYC most accurately (Figure 3.10). Each point in the RRBE
cloud shows the average ranking and average standard deviation across the seven
metrics used to assess the reproducibility of the SYC (see Tables 3.5 and 3.6).
NN-SMS12L and MC-SMS12L (unlabeled) define the optimal edge of the RRBE
cloud; NN-SM12 is also near the frontier. NN-SMS12R, NN-AFINCH, and
PRMS all are relatively far from the frontier. Though not too dissimilar to the
result of overall goodness of fit, this analysis shows that the ability to reproduce
the SYC varies across methods; some methods that performed poorly with overall
goodness of fit are capable of reproducing the SYC accurately.
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Figure 3.10 The robust rank-based evaluation cloud showing the tradeoff
between the mean ranking and standard deviation of the ranks of the seven
metrics of the storage-yield curve for each method of prediction in ungaged
basins. (See text for a description of the methodology used to predict the storageyield curve.) The horizontal axis shows the mean-average rank, while the vertical
axis gives the average standard deviation of the ranks. Optimal methods would
display minimal spread and a low mean-average ranking. The seven most accurate
methods have been labeled. Method abbreviations are in Table 3.1.
Assessing the ability of each PUB method to reproduce the storage-yield
curve helps to evaluate how well each PUB method reproduces the cumulative
behavior of the streamflow record. Most of the PUB methods considered here
reproduce the SYC similarly. NN-DAR, NN-QPPQ, NN-SMS12L, and SM12 all
overestimate

the

SYC.

PRMS

and

NN-AFINCH

produce

significant

underestimates of the storage required for a specific yield. NN-SMS12R does not
perform nearly as well as the other transfer-based methods. It is again noteworthy
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that simple methods, like NN-DAR and NN-SM12, perform so well when
compared against significantly more complex models. Even standardizing flows
by an annual mean is promising, if one desires only to reproduce the SYC and
cares little for producing a reliable estimated record. On average, MC-SM12, NNSM12, and NN-SMS12L provide the greatest relative performance with the
smallest variability.

3.5.3. STREAMFLOW STATISTICS
Instead of predicting continuous daily streamflow records, a large amount
of PUB exploration has focused on the prediction of specific streamflow statistics
(Hrachowitz and others, 2013; Ries III, 2007; Thomas and Benson, 1970). Often,
a designer or manager is concerned only with a specific streamflow parameter: be
it the flow duration curve, an ecological flow statistic, a measure of base flow, or
something else altogether. Because of the importance of these statistics, the best
PUB methods for daily record reconstruction should also yield reliable estimates
of many such statistics. This analysis considers a handful of flow statistics,
namely the flow duration curve and the fundamental daily streamflow statistics
(Archfield and others, 2013a). Additional statistics were also considered in
Appendix 3.C. The number of statistics that could be assessed is endless; this
analysis considers only a few to augment the overall goodness-of-fit statistics.
Future research should expand on these comparisons.
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Figure 3.11 The median at-site percent error of five percentiles along the daily
flow duration curve for the seven most accurate methods for prediction in
ungaged basins. Transfer-based methods are indicated in black. The percentiles
considered are the 10-percent-, 25-percent-, 50-percent-, 75-percent-, and 90percent-exceedance flows. The horizontal axis represents the exceedance
probability, while the vertical axis represents the median percent error. Method
abbreviations are in Table 3.1.

3.5.3.1.

FLOW DURATION CURVES

The daily flow duration curve (FDC) is a representation of the distribution
of daily streamflows at a given site. It is identical to the cumulative distribution
function, with the flow on the vertical axis corresponding to a particular
probability of exceedance along the horizontal axis. An FDC is used to
understand the average flows and extreme events in a basin. They can be used to
determine design events, which dictate the design parameters of certain water-
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management structures, including reservoirs, ecological flow standards, and
hydropower installations (Vogel and Fennessey, 1995).
Because of the importance of FDCs, optimal PUB methods should
produce reliable approximations of the flow duration curve. Here, the FDC was
approximated by reestimating specific percentiles from observed and predicted
streamflow records. Five percentiles were considered: 10 percent, 25 percent, 50
percent, 75 percent, and 90 percent. The observed and estimated percentiles were
then compared, giving a general understanding of how well the flow duration
curve is reproduced. The median percent error of each quantile for each of the
seven top PUB methods is shown in Figure 3.11. The right-hand side of the
horizontal axis represents low-flow events.
PRMS estimates the 10-percent-exceedance flow fairly accurately, but the
magnitude of the median bias increases towards low flow. This result is consistent
with the calibration procedure, which matched simulated and observed
streamflows in linear space, putting greater weight on the higher flows. At the 90percent-exceedance level, PRMS produces a median error more than 50 percent
greater than the observed events. This could be because the regional calibration of
PRMS is limited by the allowable parameter calibration range. The calibration
procedure, for a particular parameter, considers the range of initial values across a
large spatial region. For particular regions or sites, this initial value is allowed to
vary only within a user-specified window. Due to the constraint of considering a
large spatial extent, the calibration algorithm may have not been able to find the
true optimal parameter set for any particular gage. Smaller region of calibration
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may improve performance. Alternatively, model parameters could be refined
individually by methods other than autocalibration. Weighting the autocalibration
more evenly across all flows (perhaps by optimizing model fit in log space) may
yield a substantial improvement in performance as well.
The statistical, transfer-based methods and the quasi-process-based
methods produce a much smaller level of bias than the process-based method. The
transfer-based methods are most unbiased, with median biases of ±5 percent. NNAFINCH produces a positive error (median: ~10 percent) in the lower end of the
flow regime. Still, the SMS methods begin to show a slight negative bias at the
90-percent-exceedance level: NN-SMS12R produces a median error of -30
percent; only NN-DAR and NN-QPPQ, among the statistical-transfer methods,
did not underestimate the lower flows by more than 5 percent. NN-DAR had a
consistently low level of error across all percentiles. With respect to the 90percent-exceedance event as a measure of low flow, the relatively poor
performance of the SM and SMS methods is not surprising as the normalization
does not explicitly address extreme events, especially low flows. By similar logic,
high flows, which also are not explicitly addressed by the standardization, may
nonetheless be better controlled because the mean, which is used for
standardization, is significantly affected by the right-hand skew of streamflow
data. (Additional metrics of low-flow performance can be found in the Appendix
3.C; these include the 10th and 50th percentile of the 7-day-average annualminimum flow.)
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Figure 3.12 The median at-site absolute percent error of five percentiles along the
daily flow duration curve for the seven most competitive methods for prediction
in ungaged basins. Transfer-based methods are indicated in black. The percentiles
considered are the 10-percent-, 25-percent-, 50-percent-, 75-percent-, and 90percent-exceedance flows. The horizontal axis represents the exceedance
probability, while the vertical axis represents the median absolute percent error.
Method abbreviations are in Table 3.1.
In addition to the signed percent error, the median absolute error for each
quantile gives a measure of the frequency and magnitude of error, showing the
point at which half of the sites exhibit an absolute error less than this amount
(Figure 3.12). All of the PUB methods produce an absolute error of less than 10
percent or 15 percent for the 10-percent-exceedance flow. This level of error
increases to 40 percent for the 90-percent-exceedance flow. In this case, PRMS
departs widely from the transfer-based methods, but NN-AFINCH does not. Yet
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again, the SMS12R method also exhibits a relatively poor performance at the 90percent-exceedance level.
Looking at both the signed error and absolute error, NN-SM12 appears to
be nearly unbiased and to produce the lowest median absolute error. NN-AFINCH
and the transfer-based methods produce a similar level of absolute bias, but NNAFINCH displays a positive bias in the middle flows. NN-SMS12R performs
similar to all other methods, except at the 90-percent-exceedance level: the
median error rises over 50 percent at the low end of the FDC.

3.5.3.2.

FUNDAMENTAL DAILY STREAMFLOW STATISTICS

In addition to the flow duration curve, recent research demonstrates that
the distribution of daily streamflow can be characterized by seven fundamental
daily streamflow statistics (Archfield and others, 2013a). These statistics
sufficiently describe the distribution and behavior of daily streamflow events and
can be used to group different basins into homogeneous clusters (Archfield and
others, 2013a). These seven statistics are the mean, coefficient of variation (LCV), skewness (L-skew), kurtosis (L-kurtosis) and autoregressive lag-one
autocorrelation coefficient of daily streamflow, and the amplitude and the phase
of the sinusoidal seasonal signal (Archfield and others, 2013a). Because of the
importance of these fundamental daily streamflow statistics (FDSS), an optimal
PUB method should produce reliable estimates of each of the seven statistics. For
each PUB method, the seven statistics were calculated following the methodology
of Archfield and others (2013a).
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Figure 3.13 The median at-site percent error of the seven fundamental daily
streamflow statistics (FDSS) for the seven most accurate methods for prediction
in ungaged basins. Transfer-based methods are indicated in black. In order, the
FDSS are the mean, L-CV, L-skew, L-kurtosis, lag-1 autocorrelation, and the
amplitude and phase of the sinusoidal seasonal trend. The horizontal axis
indicates each statistic, while the vertical axis represents the median percent error.
Method abbreviations are in Table 3.1.
Figure 3.13 shows the median percent error in each of the seven metrics
for the top-performing PUB methods. Almost all of the methods are relatively
unbiased (median: ±10 percent) for the mean streamflow and the parameters
related to seasonality. In terms of the error in the mean, which can also be thought
of as the percent bias of the method, PRMS exhibits at slight positive error
(median: 5.2 percent), while NN-AFINCH and NN-QPPQ display an even
slighter downward error (median: ~-2.5 percent). There is more error in the
seasonality coefficients: NN-AFINCH overestimates the amplitude of the
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seasonal variation by a median of 19 percent. The transfer-based methods are
relatively unbiased for all FDSS and nearly indistinguishable from each other.
PRMS underestimates the L-CV, L-skew, and L-kurtosis with a median of more
than 20 percent. While exhibiting less bias than PRMS, NN-AFINCH
significantly underestimates L-CV, L-skew, and L-kurtosis as well. NN-AFINCH
is unbiased in the lag-one autocorrelation, but PRMS shows the greatest average
error in the lag-one correlation (near -32 percent). The significant underestimation
of the L-moments and overestimation of the low-flow quantiles shown by PRMS
demonstrates reduced extremes in the predicted record. This may demonstrate a
general weakness of calibrated hydrologic simulation models (Thomas, 1982,
1987). The absolute errors in Figure 3.14 demonstrate similar conclusions: the
transfer-based methods exhibit significantly less bias than the more process-based
methods; NN-AFINCH is more similar to the transfer-based methods than to
PRMS. The transfer-based methods, therefore, represent the distribution of
streamflow more accurately than the more process-based methods.

179

CHAPTER 3: SOUTHEAST MODEL COMPARISON

Figure 3.14 The median at-site absolute percent error of the seven fundamental
daily streamflow statistics (FDSS) for the seven most accurate methods for
prediction in ungaged basins. Transfer-based methods are indicated in black. In
order, the FDSS are the mean, L-CV, L-skew, L-kurtosis, lag-1 autocorrelation,
and the amplitude and phase of the sinusoidal seasonal trend. The horizontal axis
indicates each statistics, while the vertical axis represents the median absolute
percent error. Method abbreviations are in Table 3.1.

3.5.3.3.

ROBUST RANK-BASED EVALUATION OF STREAMFLOW

STATISTICS
As with the overall goodness of fit and the daily, no-fail storage-yield
curve, a robust rank-based evaluation (RRBE) was conducted to determine the
method that provided the best and most consistent performance across all of the
observed flow statistics. In addition to the metrics of the flow duration curve and
the fundamental daily streamflow statistics, the RRBE also considered the
coefficient of variation of annual flows, the coefficient of variation of daily flows,
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the 90th percentile of annual-maximum flow, and the 10th and 50th percentile of
the 7-day-average annual-minimum flow. (The latter three statistics are
representative of the 10-year annual maximum and the 10-year and 2-year 7-dayaverage annual-minimum flow, respectively. Whereas these more traditional
statistics require the fitting of a log-Pearson distribution, the statistics presented
here were calculated with an empirical distribution.) Individual analyses of the
additional flow statistics can be found in Appendix 3.C. The PUB methods were
ranked in terms of their absolute error in each statistic; the averages and standard
deviations of the ranks are included in Tables 3.5 and 3.6. The average ranking
and average standard deviation of the ranks across flow statistics were used to
create the RRBE cloud in Figure 3.15.
The RRBE cloud for the tradeoff between the average ranking and average
standard deviation of the rankings across the 17 observed flow statistics shows the
continued superiority of NN-SM12 and NN-QPPQ (Figure 3.15). The optimal
edge of the cloud is defined by NN-SM12 and NN-QPPQ. The tradeoff between
these methods is not steep; the increase in average ranking offered by NN-SM12
comes with only a slight increase in the variability of ranks. NN-SMS12L is also
near the frontier, but set back slightly. NN-DAR, NN-AFINCH, and NN-SMS12R
are set back still further, forming an inferior cluster. PRMS, as in other tradeoffs,
is much further from the frontier. Just behind the frontier, MC-QPPQ and MCSMS12L are near their NN counterparts.
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Figure 3.15 The robust rank-based evaluation cloud showing the tradeoff
between the mean ranking and standard deviation of the ranks of the 17 flow
statistics for each method of prediction in ungaged basins. (See text for a
description of each flow statistic.) The horizontal axis shows the mean average
rank, while the vertical axis gives the average standard deviation of the ranks.
Optimal methods would display minimal spread and a low mean-average ranking.
The seven most competitive methods have been labeled. Method abbreviations
are in Table 3.1.
The ability of the PUB methods to reproduce the distribution of
streamflow and key streamflow statistics (Figure 3.15) further strengthens the
distinction between transfer- and more process-based PUB methods, like NNAFINCH and PRMS. The NN-DAR, NN-QPPQ, NN-SMS12L, and NN-SM12
remain extremely strong, in comparison to PRMS and AFINCH. It is difficult to
distinguish between these methods based on this series of metrics alone.
Additionally, as measured by several different flow statistics, there is a
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discernible tradeoff in the average performance and the variability of
performance. Of the strongest methods, two are very simplistic (NN-DAR and
NN-SM12) and suggest the value of parameter parsimony.

3.5.4. FULL CROSS-METRIC COMPARISON
The 19 different PUB methods considered here have been assessed in
terms of accurately predicting the daily streamflow hydrograph, the ability to
reproduce daily, no-fail storage-yield curves, and the ability to reproduce flow
distribution and other streamflow statistics. Through these individual analyses,
four methods are most accurate by all standards. The most accurate PUB methods
are the NN-DAR, NN-QPPQ, NN-SMS12L, and NN-SM12. As these methods
were, in many cases, nearly indistinguishable from each other, a strong case must
be made if more complexity is to be introduced. If no distinction can be made
between these four methods, then the simpler methods (DAR and SM12) may be
the most valuable. The next analyses consider the average performance across all
metrics and ask how sensitive or robust these methods are to an alternative
method of index-gage selection. It is here that the relative deficiency of the two
parsimonious methods is made apparent.
In order to combine all of the different metrics into a single measure of
performance, an RRBE was conducted across all 32 performance metrics
considered here. (A root-mean-square-normalized error across all seven
fundamental daily streamflow statistics was included to strengthen the importance
of these distributional properties.) The average ranks of each PUB method for
each metric are shown in Table 3.5; the standard deviations of the ranks are
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shown in Table 3.6. The average rank and average standard deviation of the ranks
for each PUB method produce the RRBE cloud in Figure 3.16. Some of these
metrics, like RMSE and NSE, are strongly correlated. While the inclusion of
correlated metrics may mean that certain aspects of performance are more heavily
weighted than others, the correlated metrics quantify extremely important aspects
of model performance, like the day-to-day model performance. Along this
reasoning, including correlated variables did not adversely affect the analysis of
PUB methods presented here. (As discussed below, different sets of performance
metrics can be considered to suit the stakeholder need.)
In the full cross-metric RRBE, the three metrics continue to cluster along
the optimal edge of the RRBE cloud: NN-QPPQ, NN-SMS12L, and NN- SM12.
NN-DAR, while initially competitive, falls further from the frontier when all
metrics are considered. NN-SMS12R and NN-AFINCH are also set back from the
frontier, but not in the main pack, while PRMS is far from the frontier. By
considering all 32 metrics, the statistical advantages of the three frontier methods
are made quite clear. As NN-SM12 requires less effort to parameterize, requiring
only 12 monthly means, it may have a significant advantage over NN-SMS12L
(24 regressions) and NN-QPPQ (27 regressions).
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Figure 3.16 The robust rank-based evaluation cloud showing the tradeoff
between the mean ranking and standard deviation of the ranks of all 32
performance metrics for each method of prediction in ungaged basins. (See text
for a description of each performance metric.) The horizontal axis shows the
mean average rank, while the vertical axis gives the average standard deviation of
the ranks. Optimal methods would display minimal spread and a low meanaverage ranking. The seven most competitive methods have been labeled. Method
abbreviations are in Table 3.1.

3.5.4.1.

SENSITIVITY TO INDEX-SELECTION ALGORITHM

After considering 32 different metrics of performance, it remains
extremely difficult to distinguish between the top three methods: NN-QPPQ, NNSMS12L, and NN-SM12. As all of these methods were similarly competitive,
they might all be reasonably accurate for regional implementation or explored for
national implementation. Furthermore, it might be best to use the SM12, as it is
the least complex. But, as a final analysis, it is useful to consider how sensitive
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any of these methods might be to the information content of the index gage. This
can be assessed by observing how well a basic PUB method, like SM12 or
SMS12L for example, performs with two different index gages. As the mapcorrelation selection methods were shown to be inferior to the nearest-neighbor
methods, these two implementations of the basic PUB method provide an
example of how a particular basic PUB method might be affected by an index
gage with less information content. Ideally, the stronger basic PUB methods
would be less affected by inferior information content.

Figure 3.17 The robust rank-based evaluation cloud showing the tradeoff
between the mean ranking and standard deviation of the ranks of all 32 methods
for each method of prediction in ungaged basins, average across competing
methods for the selection of index gages. (See text for a full description of the
methodology.) The horizontal axis shows the mean average rank, while the
vertical axis gives the average standard deviation of the ranks. Optimal methods
would display minimal spread and a low mean-average ranking. The seven most
competitive methods have been labeled. Method abbreviations are in Table 3.1.
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Two ways of measuring sensitivity of the basic PUB methods to the
information available at the index gage were considered here. First, the ranks of
Table 3.5 and 3.6 were averaged by prediction method; for example, the average
and standard deviation of all 32 performance-metric rankings for NN-DAR and
MC-DAR were used to represent the basic method DAR. A more robust method
will be less degraded by this averaging and would remain along the efficient
frontier of the cloud in Figure 3.17. The averages and standard deviations for all
eight transfer-based methods, along with the process- and quasi-process-based
methods, are in Table 3.7. (Note that PRMS remains unchanged because it did
not use the NN or MC index-gage selection algorithm in the same manner.) This
averaging pushes SM12 off of the frontier, leaving QPPQ and SMS12L along the
optimal edge of the cloud. A similar test can be conducted by calculating the
Euclidean distance between the nearest-neighbor and map-correlation points of a
particular PUB method in the RRBE cloud of Figure 3.16. A robust method will
have a small difference between these points. The Euclidean distance between NN
and MC realizations is included Table 3.7. Looking at the top-performing basic
PUB methods, QPPQ and SMS12L produce the smallest separation distance (1.57
and 1.53, respectively). Of the two, SMS12L has the smaller differential. Notably,
SM12 has a relatively large differential (2.59), suggesting a high sensitivity to
index gage information content. Overall, NN-SMS12L and NN-QPPQ are stable
and nearly indistinguishable, but NN-SM12 is more sensitive to the information
content of the index gage.
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Table 3.7 Mean and standard deviation of the average ranks for each method of
prediction in ungaged basins (PUB), regardless of the method used for index-gage
selection.
[The differential gives the Euclidian distance between the (mean, standard
devation) couplet of the map-correlation and nearest-neighbor realizations of each
method. These differentials give a sense of how sensitive each method is to the
information content available at the index gage. Method abbreviations are in
Table 3.1.]
Basic
method
DAR
QPPQ
SMS1R
SMS1L
SMS12R
SMS12L
SM1
SM12
PRMS
AFINCH

Mean
ranking

Standard
deviation

9.19
8.10
12.94
11.73
9.53
8.12
11.07
8.31
10.01
9.03

4.98
4.45
4.92
4.85
4.65
4.42
4.69
4.53
5.70
4.86

Differential
3.21
1.57
0.91
1.04
1.26
1.53
2.12
2.59
{NA}
1.11

This analysis of 32 metrics of performance shows that there are a few
PUB methods, of the 19 considered in the SEMC study, that produce reliable and
competitive estimates of streamflow. These methods all perform well and can
hardly be distinguished from each other. These methods include the nearestneighbor implementations of drainage area ratio, QPPQ, standardizing the
logarithms of streamflow by monthly means, and standard deviations and
standardizing streamflow by monthly means. Averaging across all 32 metrics
showed these four PUB methods to fall along an efficient frontier of average
performance and variability. NN-SM12, NN-SMS12L, and NN-QPPQ were all
closest to the efficient frontier. It is notable that the relatively simplistic method,
NN-SM12, was able to perform so well. This parsimony may be more appealing
than any marginal improvement in performance seen by the more complex
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methods. When considering the robustness of each transfer method to index-gage
information content, NN-QPPQ and NN-SMS12L are marginally superior. NNSM12 was hampered by sensitivity to the index-gage selection algorithm, as the
variance of performance between the NN and MC implementations was shown to
be much greater. The difference between NN-QPPQ and NN-SMS12L is quite
small. Based on this sensitivity analysis, NN-QPPQ appears to possess a slightly
greater average performance with only a minimal degradation in variability.

3.6. Summary and Conclusions
The Southeast Model-Comparison (SEMC) considered 19 different
techniques for estimating continuous daily records of historical streamflow, with
the goal of determining the best methods for prediction in ungaged basins (PUB).
It was intended that the best methods could then be considered for regional or
national implementation as part of the National Water Census project. The
analysis presented here covered 32 different metrics of performance and
demonstrated a comprehensive and flexible framework for comparing any number
of PUB methods. The results showed the nearest-neighbor implementation of
nonlinear spatial interpolation with flow duration curves (NN-QPPQ) was the best
performing method. This was followed closely by the nearest-neighbor
implementation of standardizing logarithms of streamflow by monthly means and
standard deviations (NN-SMS12L).
The 19 PUB methods considered here (Table 3.2) included variations of
four statistical, transfer-based methods, a process-based model, and a quasi189
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process-based model. The transfer-based methods considered were the drainage
area ratio, QPPQ, standardizing flows by an annual mean and standard deviation,
standardizing the logarithms of flow by an annual mean and standard deviation,
standardizing flows by monthly means and standard deviations, standardizing the
logarithms of flow by monthly means and standard deviations, standardizing
flows by an annual mean, and standardizing flows by monthly means. All of the
methods relied on an index gage that was used to transfer information from a
gaged to an ungaged site. This index gage was selected by either minimum
distance or estimated maximum correlation. Regional regression was used to
parameterize methods like the standardization with annual means, which requires
estimated ungaged means. Rainfall-runoff models were represented by the
Precipitation Runoff Modeling System (PRMS). A transfer-based approach was
used to disaggregate the monthly Analysis of Flows in Networks of Channels
(AFINCH) model into daily values to examine how a quasi-processed-based
monthly model might perform.
The framework presented here considered several different aspects of
model performance for each PUB method. First, the overall goodness of fit of
each PUB method was assessed using the Nash-Sutcliffe efficiency and several
other metrics. This analysis showed that only seven of the PUB methods were
reasonably competitive. Additional analysis determined how well each of these
seven PUB methods reproduced daily, no-fail storage-yield curves, reproduced
other streamflow statistics, and performed across all metrics considered. A robust
rank-based evaluation was used to compare the average relative rankings of each
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PUB metrics. This showed that the seven best methods were split into two groups;
three methods were consistently along or near the efficient frontier of all relative
rankings. Finally, these three PUB methods were tested for sensitivity to the
index-gage information content. This showed the superiority of the nearestneighbor implementations of QPPQ and standardizing logarithms of streamflow
by monthly means and standard deviations.

3.6.1. CONCLUSIONS
Three important conclusions can be drawn from the analyses conducted
here. First, for almost every prediction of ungaged basin (PUB) method
considered as part of the Southeast Model Comparison (SEMC), the prediction
methods using index gages selected with the nearest-neighbor algorithm
outperformed those using the map-correlation algorithm. Second, considering all
32 metrics, the nonlinear spatial interpolation using flow duration curves and the
nearest-neighboring index gage (NN-QPPQ) provided better prediction of daily
streamflow, daily, no-fail storage-yield curves, flow duration curves, and flow
statistics in the southeastern United States than any other PUB method considered
in the SEMC. Finally, regardless of the full-metric comparison, PUB method
selection should be chosen based on end use. The framework provided here can
help to determine the strengths and weaknesses of PUB methods.
The goal of the SEMC study was to identify particular methods for the
prediction of historical daily flow records that proved promising for regional or
national implementation. This would enable the publication of a temporally and
spatially continuous dataset of daily streamflow. Through the numerous analyses,
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two methods emerged as the most generally competitive PUB methods: the
nearest-neighbor implementations of nonlinear spatial interpolation using flow
duration curves (NN-QPPQ) and standardizing logarithms of streamflow by
monthly means and standard deviations (NN-SMS12L). It was nearly impossible
to distinguish between these two methods in terms of performance. Additionally,
neither of these methods requires significantly more parameterization in order to
apply: NN-SMS12L requires 24 regional regressions, 12 for monthly means, and
12 for monthly standard deviations. NN-QPPQ, in this case, required 27
regressions of particular quantiles along the flow duration curve. In the absence of
a clear, far-and-away “winner,” it is necessary to make a somewhat qualitative
judgment between these two methods.
Based on the results presented here, the nonlinear spatial interpolation
technique using flow duration curves with the nearest-neighboring index gages
(NN-QPPQ) produces the most reliable predictions of continuous records of
historical daily streamflow in the Southeast region of the United States. This
method, NN-QPPQ, was shown to be a top performer in almost all the metrics
considered above. Not surprisingly, this method is already becoming more and
more popular in hydrology and water-resources engineering (see Archfield and
others, 2010; Shu and Ouarda, 2012; Smakhtin and Masse, 2000). The literature
concerning improvements to QPPQ and improved estimators of the ungaged flow
duration curve, which is required for the application of QPPQ, continues to grow
(Booker and Snelder, 2012; Castellarin and others, 2007, 2004; Ganora and
others, 2009). Of course, based on this analysis, other methods, like NN-SMS12L,
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might be more appropriate for particular applications; additional research should
continue to consider new metrics and methods, especially for specific purposes.
Modelled time series from the NN-QPPQ method will become available through
the USGS National Water Census data portal (http://cida.usgs.gov/nwc/) under
the heading “Streamflow Stats,” which is currently provided only in a beta state.
The methods of analysis presented here reflect a possible framework for
continued analysis and comprehensive multiple comparisons of PUB methods.
The approach presented here considers overall goodness of fit along with the
ability to reproduce particular streamflow signatures and statistics. Using a tool
like RRBE, it was possible to balance average performance against variability of
average performance across many metrics. Additional metrics of comparison can
easily be incorporated into this type of analysis. By considering such a
multifaceted approach, the top-performing models in any region can easily be
identified and considered for further research. The top-performing models can
then provide a basis for future applications and explorations by scientists,
engineers, managers, and practitioners to suit their own needs.
Even with the analysis presented here, the optimal PUB method relies on
the intended application. Some methods are stronger overall, while some methods
may be better at predicting particular statistics. The optimal PUB method for the
fish biologist might be starkly different than the best PUB method for the
manager at a large hydropower facility; the optimality is a function of purpose
and perspective. The SEMC study sought to find the best method and
demonstrated a framework for determining the best method on average. The many
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facets of this framework allow others with a more targeted application to make a
more-informed choice of PUB method. For this work, every effort was made to
provide an across-the-board assessment of average performance and not make any
weighting of metrics that might limit the application of the identified PUB
method.

3.6.2. LIMITATIONS AND FURTHER RESEARCH
The rigorous examination of prediction in ungaged basins (PUB) is an
extremely active field of research. The work presented here offers only a glimpse
at possible advances in the application of PUB methods. Despite presenting a
comprehensive overview of many performance metrics and PUB methods, this
report is limited in that new metrics and methods are frequently being developed
and introduced. It is therefore necessary that the findings of this report be
frequently reassessed and updated. The findings shown here are far from
exhaustive and may shift in the light of new PUB methods or in different regions
or climates. Additional research will always be required.
As with all studies, this work is subject to some important limitations.
Firstly, this report only focuses on average performance. The intention was not to
make any judgment on the relative importance of performance metrics; different
stakeholders may value different metrics, and thus this analysis could be tailored
to more specific valuations of performance. Second, despite the outperformance
of the Precipitation-Runoff Modeling System (PRMS) by some of the statistically
based models, PRMS may be more advantageous when it is of interest to
understand water availability under future or nonstationary conditions, such as
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water use, urbanization, or climate change. Recall that PRMS, like many processbased models, can be integrated with other process-based and systemic models
and can be edited to incorporate changes in hydrologic processes. The other
models tested in this study, with a strict reliance on contemporaneous index
records, are only able to provide historical estimates of streamflow time series.
Thirdly, regression-based methods should not be applied to basins with
characteristics outside of the range of characteristics found at the gaged locations
used to develop the regression equations. Finally, as these results have only been
applied in the southeastern United States, it is unclear whether the relative model
performances would change if the models were applied to another study area with
differing climate and physiographic conditions or in areas of sparser streamgage
density.
Even with these limitations, there may be some synergy between the
process-based and transfer-based approaches. It is possible to envision an
approach designed to calibrate the PRMS model in an ungaged mode with the use
of estimated streamflow records provided by the statistically based methods.
Leveraging the advantages of both techniques, this could lead to a robust
methodology to both estimate historical streamflow and forecast future records at
ungaged locations. Ongoing research at the USGS and elsewhere (Booker and
Woods, 2013) has already begun to explore using transfer-based models to
calibrate process-based models like the PRMS.
Another avenue of future research might be to consider a more thorough
tradeoff analysis, treating the entire PUB puzzle as a multiobjective problem.
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Here, only the most basic tradeoffs were considered. Additional study could
explore the tradeoffs between particular sets of performance metrics. For
example, one might be concerned with the tradeoff between how well the low
flows are estimated and how well the high flows are estimated. Additionally,
performance metrics could be classified by interest groups or stakeholders: the
fish biologist and the hydropower operator, for example. Multiobjective and
interdisciplinary techniques are becoming quite popular in the field of hydrology
(Wagener and others, 2004); the PUB problem is an ideal application for
interdisciplinary tools.
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ABSTRACT
Daily records of streamflow are essential to the quantification, assessment and
management of water resources, but large regions of the globe remain scarcely
gaged, leaving many completely ungaged locations. One class of techniques used
for record prediction in ungaged basins (PUB) relies on statistical approaches to
transfer daily streamflows from an index streamgage to an ungaged location. The
most common techniques rely on only a single index streamgage.

Using 182

unregulated streamgages in the southeastern United States, two new mapping
(kriging) techniques for the prediction of daily streamflow records at ungaged
locations are introduced and tested. Analogous to the drainage area ratio, the first
technique kriges the daily unit discharge while the second technique kriges the
cumulative probability of daily streamflow. In each case, temporally-independent
variograms are developed for each day of the prediction record. The techniques
are cross-validated with a 3-fold validation scheme and assessed using a rank
analysis of 26 performance metrics and the distribution of daily errors. Mapping
techniques based on kriging are shown to be superior to traditional approaches
based on use of a single index streamgage. Mapping the logarithms of daily unit
discharge, a kriging technique, is shown to provide consistently accurate
predictions of daily streamflow time series, resulting in the most favorable
performance across sites and performance metrics. While providing relatively
accurate streamflow time series, mapping techniques are shown to result in
substantial reductions in both the range and variability of streamflow records.
The temporal behavior of the daily variograms, the utility of coupling kriged
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predictions and process-based watershed models and potential improvements to
kriged predictions are also explored.

4.1. Introduction
One of the most fundamental problems confronting the fields of hydrology
and water resources management is the prediction of hydrologic responses in
ungaged basins (PUB) (Sivapalan and others, 2003). While streamgages have
long provided point measurements of the daily time series of streamflow, there
are many regions of the globe that remain sparsely gaged, and thus, many
completely ungaged locations (for an example in the US, see Kiang and others,
2013). In the past and with mixed success, time series of daily streamflow have
been estimated at sparsely gaged or ungaged locations using rainfall-runoff
models and statistical techniques. Rainfall-runoff models consider a mechanistic
understanding of hydrologic processes, while statistical techniques typically rely
on statistical relationships to transfer hydrologic information from one or several
streamgages to an ungaged location. Both of these PUB techniques are limited in
terms of the information transferred from the network of streamgages to ungaged
locations. Building on the long history of hand-drawn maps of hydrologic and
climatic variables, geostatistical techniques are proposed as a means of leveraging
the information content of streamgage networks to produce spatially and
temporally continuous predictions of historical streamflow. The primary goal of
this work is to demonstrate that geostatistical techniques can provide predictions
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of daily streamflow series at ungaged sites that are superior to the single-index,
transfer-based techniques.
Techniques for the prediction of records of historical streamflow largely
fall into two main categories: process-based models and transfer-based, statistical
techniques.

The former rely on an understanding of the physical processes

generating streamflow and seek to model these processes, often mechanistically.
In the case of ungaged basins, which provide no calibration data, process-based
models must be calibrated using regional information and extrapolated to ungaged
locations (for recent reviews see Vogel, 2005; He and others, 2011; and Razavi
and Coulibaly, 2013). Statistical, transfer-based techniques rely on transferring
information from an index site or set of index sites to an ungaged location by the
means of a statistical relationship.

These techniques include ungaged

applications of record reconstruction techniques like the drainage-area ratio (see
Asquith and others, 2006), the maintenance of variance extension (Hirsch, 1979
and 1982) and nonlinear spatial interpolation using flow duration curves (FDCs)
(Fennessey, 1994; Hughes and Smakhtin, 1996). Since the early seminal studies
by Hirsch (1979), remarkably few recent assessments or comparisons of the
ability of PUB methods to reproduce streamflow time series at ungaged sites have
been performed.

A recent comparative assessment of several statistical

techniques for the prediction of monthly historical records at ungaged sites in the
United States can be found in Farmer and Vogel (2013). Similarly, for the
prediction of daily streamflow time series in the U.S., Farmer and others (2014)
compared several transfer-based techniques against a process-based model. .
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The prediction of records of streamflow in ungaged basins, whether by the
transfer of rainfall-runoff parameters or by the transfer of direct streamflow
information, has largely been dominated by one-to-one transfers from an index
streamgage to an ungaged location (as in Archfield and Vogel, 2010, and Farmer
and others, 2014). In some cases, a few neighboring streamgages can be blended
to predict values at an ungaged location (Andreassian and others, 2012; Shu and
Ouarda, 2012). Since not all streamgages are used, this approach neglects some
of the information content contained in the streamgage network. Alternatively,
regional hydrologic methods have sought to incorporate information from all the
gaged sites to produce regressions (Vogel and others, 1999) and contour maps
(Sauquet, 2006) of hydrologic variables of interest.

It is postulated that

predictions of daily streamflow time series can be improved by incorporating
regional information beyond the information available at single index
streamgages and that, building on the previous time series analysis of Skoien and
Bloschl (2007), this can be achieved by exploiting the geostatistical method
known as kriging.
Geostatistical tools have been used to develop regional maps of measured
and predicted hydrologic and climatic variables for decades. The U.S. Geological
Survey has provided contour or isoline maps of runoff in the United States as far
back as 1894 (Langbein, 1949). Langbein (1949) provides a summary of early
hydrologic mapping efforts in the United States and elsewhere dating back to
1873. Such maps were largely hand-drawn maps of runoff, precipitation and
evapotranspiration, relying heavily on expert judgment (Langbein, 1949; Busby,

201

CHAPTER 4: HYDROLOGIC KRIGING
1963). With the dawn of the computer age began an effort to automate the
development of maps of mean annual runoff (Langbein and Slack, 1982). In both
Europe and the United States, computer generated maps of mean annual runoff
using geostatistical techniques were found to be as accurate as their hand-drawn
predecessors (Rochelle and others, 1989; Domokos and Sass, 1990; Bishop and
Church, 1992 and 1995).

Mapping techniques have been used to produce

accurate estimates of mean annual runoff at ungaged locations for use in large
environmental studies (as in Church and others, 1992).

These mapping

techniques have also been used to explore other streamflow statistics (Gottschalk
and others, 2006) and to assess the accuracy and performance of hydrologic
models (Sauquet and Leblois, 2001).
Geostatistical maps of runoff and other variables are usually based on
kriging, a technique developed in the mining industry (as described by Skoien and
others, 2006). In kriging, the predicted variable is considered to be spatially
continuous and predictions are based only on two-dimensional Euclidean
distances. This is generally valid for variables like precipitation and temperature,
but runoff is different. Streamflows while spatially continuous, are organized
hierarchically along a stream network and must conserve mass (Sauquet and
others, 2000; Sauquet, 2006; Skoien and Bloschl, 2007).

For this reason,

topological kriging (top-kriging) was developed to incorporate the river network
and its geographic extent into kriging estimates (Bishop and others, 1998; Sauquet
and others 2000; Sauquet, 2006, Skoien and others, 2006). In studies exploring
the prediction of mean annual runoff (Skoien and others, 2006), percentiles and
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other indices of the streamflow distribution (Castiglioni and others, 2011;
Archfield and others, 2013b) and streamflow signatures (Viglione and others,
2013), top-kriging has been shown to outperform many other techniques,
including ordinary kriging. However, ordinary kriging is better understood than
top-kriging and, according to Sauquet (2006), may provide a competitive firstorder approximation.
Despite its wide application for the prediction of streamflow statistics,
kriging, top-kriging and mapping in general have not widely been used to predict
complete time series of streamflow and related variables. Despite the need for
sub-annual predictions of streamflow statistics, the prediction of sub-monthly
variables was originally thought to be computationally prohibitive (Arnell, 1995).
With advances in computer technology, Skoien and Bloschl (2007) applied topkriging to the prediction of daily time series of runoff in Austria. Though they did
not compare their techniques to ordinary kriging, they found that the embedded
network structure of top-kriging produces good estimates of the runoff time
series, but that additional spatial and temporal improvements had only
diminishing returns. Their work emphasizes the need to explore and contrast the
potential of kriging and top-kriging to predict streamflow time series in ungaged
locations.
This work explores the potential of ordinary kriging to produce spatially
and temporally continuous predictions of historical daily streamflow using two
PUB techniques in the southeast region of the United States. Kriging techniques
model spatially continuous variables; therefore, due to the networked structure of

203

CHAPTER 4: HYDROLOGIC KRIGING
streamflow, a transformation is needed. Accordingly kriging is used to predict a
time series of spatially continuous variables that can be back-transformed to
produce streamflow predictions. This has been the rationale for the prediction of
unit runoff values (Skoien and Bloschl, 2007), where unit runoff is defined as the
ratio of streamflow to drainage area. The first technique considered here is a
mapping of unit discharges and the second technique considers

mapping of

streamflow exceedance probabilities. The idea of exploiting maps of streamflow
exceedance probabilities within the PUB framework is a natural extension to the
interactive graphical animations provided by the USGS’s WaterWatch program
(see http://waterwatch.usgs.gov/ ).

Those streamflow maps, depicting the

percentage of historical days with a streamflow greater than the current
streamflow, indicate broad spatial correlation among such probabilities; this work
attempts to exploit those correlations for the PUB problem.
Mapping of the spatial correlation among daily streamflows is not new.
Skoien and Bloschl (2007) used a single, temporally-aggregated representation of
spatial correlation to predict all daily values. Similarly Archfield and Vogel
(2013), in their map correlation method, leverage the spatial correlation structure
of streamgage networks to identify ideal index gages. This work presents a
different approach in an effort to exploit kriging to provide individual daily maps,
each of which provides an independent representation of the spatial correlation of
daily streamflows in a region. Thus the methods presented here use kriging to
provide predictions of daily runoff and exceedance probabilities which are then
transformed into time series of daily streamflow.
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techniques are introduced: mapping of unit discharge and probabilistic mapping.
Both techniques are evaluated for their ability to generate daily streamflow series
at ungaged sites. Using a three-fold validation procedure, the predicted time
series of daily flows at ungaged sites are assessed across a range of goodness of
fit metrics. It is shown that simple kriging of the logarithms of runoff can provide
accurate streamflow predictions at ungaged sites, significantly outperforming
more traditional approaches that employ a single index gage for transfer.
The remainder of this manuscript is unconventionally organized in eight
parts: (1) a description of data sources, including the bases for PUB comparison,
(2) notes on tools used for model assessment, (3) a general note on the automated
procedure for variogram fitting, (4 and 5) development and descriptions of two
new kriging techniques, with results and analysis, (6) a comparison of new and
traditional PUB techniques, (7) an integrated discussion, and (8) a conclusion.

4.2. Study area and dataset development
The dataset and streamgages used for this analysis are identical to those
used by Farmer and others (2014), who provide an extensive description of the
study area. Figure 3.1 shows the geographic extent of the study area. It consists
of approximately 355,000 km2 covering parts of Alabama, Florida, Georgia,
Mississippi, North Carolina, South Carolina, Tennessee and Virginia.

The

majority of the region drains to the Gulf of Mexico. Almost 50% of the land is
under forest cover, 18% is agricultural land and 9% is developed land. The region
is dominated by a warm and humid temperate climate.
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The locations of the U.S. Geological Survey streamgages used for this
analysis are shown in Figure 3.2. All 182 streamgages were selected to reflect
near-natural daily streamflow conditions for 10 or more years over the period
from October 01, 1980 through September 30, 2010. As documented by Farmer
and others (2014), very small portions of the streamflow records – on the order of
one to 33 days – were reconstructed using standard techniques.

The set of

streamgages is derived mostly from the reference streamgages in the GAGES-II
database (Falcone, 2011).

In order to assess the PUB techniques, these

streamgages were divided into three sets. Two-thirds of the data were used to
calibrate the PUB techniques and to predict historical records at the remaining
third of the streamgages. This was repeated so that each third, in turn, was treated
as ungaged. The spatial location of each site was defined as the latitude and
longitude of the basin outlet.
The new PUB techniques introduced here were compared against two
widely-used techniques: the drainage area ratio and a nonlinear spatial
interpolation using FDCs. The latter technique was introduced by Fennessey
(1994) and Hughes and Smakhtin (1996) and tested more recently by Archfield
and Vogel (2010), Archfield and others (2010) and Farmer and others (2014).
Both techniques require an index streamgage and this streamgage was selected as
the nearest streamgage in terms of Euclidean distance between watershed outlets.
Because the unit discharge and exceedance probabilities are tied to streamflows
that occur at a particular point on the stream network and are, in a sense,
accumulating properties, it is natural to consider the locations as watershed outlets
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rather than watershed centroids.

The drainage area ratio methodology

implemented here is identical to the nearest-neighbor drainage area ratio (NNDAR) presented by Farmer and others (2014). The application of the nonlinear
spatial interpolation using FDCs was very similar to one of the methods tested by
Farmer and others (2014), which they termed the NN-QPPQ method. Farmer and
others (2014) developed regression equations to estimate FDCs at ungaged sites
in this same region; those same regressions were used here. Farmer and others
(2014) used NN-DAR to extrapolate streamflows for exceedance probabilities
beyond the range of their regressions (p<0.0002 and p>0.9998). In a minor
improvement on the technique, this current study used a log-linear extrapolation
of the two nearest quantiles to predict streamflows beyond the range of the
regressions.

More detailed information on the regressions and the original

application of these methods can be found in Farmer and others (2014).

4.3. Methods of Analysis
One of the biggest challenges associated with any study seeking to
evaluate alternative PUB methods for their ability to estimate time series of
streamflows at ungaged sites involves the choice of metrics used to determine the
‘goodness of fit’ and the methods used to rank suites of such metrics across sites.
This is an extremely complex multivariate ranking problem because there exists a
high degree of variability in resulting ranks of performance metrics, both across a
large suite of metrics and across a large region of sites.
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(2014) introduced numerous methods for this purpose within the context of a
regional assessment, and those methods are summarized here.
In an effort to consider an extremely broad range of performance metrics
used to rank numerous PUB methods across a hydrologically diverse region, this
work utilizes a strategy called robust rank based evaluation (RRBE), the basis of
which was introduced by Farmer and others (2014).

Evaluations of ranks

provide robust comparisons because they are not heavily impacted by outliers. In
addition, RRBE evaluates the tradeoff between the average and variability
(stability) of the ranks associated with various performance metrics across sites,
providing further robustness to the overall comparisons.

For example, it is

possible for one PUB method to, on average, lead to very high ranks across
several performance metrics and sites, leading one to conclude that method is the
highest ranked method across both methods and sites. However, comparing only
the mean ranks across sites and methods is misleading, because those ranks can
exhibit a high degree of variability. RRBE is robust because comparisons are
made between both the mean and variability of resulting ranks across sites and
PUB techniques.

Overall, a total of 26 metrics were used to compare the PUB

techniques; these metrics are enumerated below and a more detailed description
of RRBE is provided.
All performance metrics and analyses were computed solely from the
validation record. The validation record consists of complete years of the record
where both predictions and observations are available for each day. With the
exception of two performance metrics noted below, all analyses were conducted
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for complete water years, running from October 1st to September 30th.

To

preserve streamflow record lengths and because some of the metrics rely on a
logarithmic transformation of streamflows, zero-valued streamflows were
adjusted to 0.001 cfs, distinguishing it from the smallest non-zero streamflow
published by the USGS, 0.01 cfs.

For the predicted streamflow records,

streamflows below 0.005 cfs were recorded as 0.001 cfs, while streamflows
between 0.005 and 0.01 were adjusted to 0.01 cfs. The proportion of zeros that
required in-filling was considered small enough so that the censoring and
censoring value had only a minimal effect on the analysis. All PUB techniques
were applied and analyzed using the same three-fold validation as Farmer and
others (2014), which divided the streamgage network into three groups and used
two-thirds of the data to predict the remaining third.
Of the 26 performance metrics, goodness of fit was assessed with five
metrics including:

(1) the Nash-Sutcliffe model efficiency of untransformed

streamflows (NSE), (2) the Nash-Sutcliffe model efficiency of the naturallogarithm of the streamflows (NSEL), (3) the root-mean-square-normalized error
of streamflows, (4) the average percent error of streamflows and (5) the Spearman
correlation between observed and predicted streamflows. This refined set of
performance metrics seeks to further reduce the effect of correlated performance
metrics observed in Farmer and others (2014).
Viglione and others (2013) advocate assessing PUB techniques for their
ability to reproduce streamflow signatures rather than complete hydrographs.
Accordingly, the daily, no-fail storage-yield curve was identified here as a
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possible streamflow signature of interest. The storage-yield curve was developed
following the description of Farmer and others (2014), who used the sequent-peak
algorithm (Thomas and Burden, 1963) to predict the storage that would be
required to provide a certain yield from the stream on each day over the validation
record. The storage volumes were estimated for several yields for the observed
validation record and each PUB technique. The accuracy of these estimated
storage-yield relationships was then quantified with the (1) Nash-Sutcliffe model
efficiency of untransformed and (2) natural-logarithmically transformed storages,
(3) the root-mean-square-normalized error and (4) average percent error of
estimated storage.
Finally, the RRBE strategy considered the ability of each PUB technique
to reproduce several streamflow statistics that have been shown to be important in
the assessment of environmental streamflow regimes.

Archfield and others

(2013a) identify seven fundamental daily streamflow statistics (FDSS) that
represent the distributional properties of streamflow. These include the mean
streamflow, coefficient of variation as an L-moment ratio (L-CV), skewness (Lskew), kurtosis (L-kurtosis), an autoregressive lag-one correlation coefficient and
the amplitude and phase of a sinusoidal seasonal signal. The percent bias of each
of the FDSS was considered. Additional streamflow statistics incorporated into
the RRBE included the coefficient of variation of annual streamflow, the
coefficient of variation of daily streamflow, the 10th and 50th percentiles of the
empirical distribution of 7-day-average annual minimum flows, the 90th percentile
of the empirical distribution of annual maximum flows, and the 10th, 25th, 50th,
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75th and 90th percentiles of the distribution of annual streamflow.

With the

exception of the percentiles of distribution of the 7-day average annual minimum
streamflow, all statistics were calculated based on complete water years. The two
percentiles of the 7-day average annual minimum were calculated on
meteorological years, which run from April 1st through March 31st.
The combined performance of all 26 performance metrics was assessed
using the RRBE strategy described above. For each performance metric each
PUB techniques can be presented as a Cartesian point describing the average and
standard deviation of the ranks across sites. With 26 performance metrics, each
PUB method can therefore be represented as a cloud of points. This cloud can be
further summarized by averaging across the performance metrics. The crossmetric variability of this cloud can be summarized by an ellipse whose axes are
defined by the cross-metric standard deviation of both the average and standard
deviations of the rankings according to each performance metric. The resulting
display of RRBE depicts each PUB technique as an ellipse centered on the
average ranking of an average performance metric.

The size of each elliptical

region is proportional to the variability of the cross-metric performance,
illustrating both the trade-off between the average relative performance of each
technique and the consistency or stability associated with the relative performance
of each PUB technique and the variability of performance across metrics. The
RRBE analysis is implemented as follows: First the PUB techniques at each site
are ranked according to each performance metric in turn. (The best techniques
received a rank of one and tied techniques received identical rankings.) For a
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particular PUB technique, the average and standard deviation of the ranks were
calculated across sites for each performance metric. The variability ellipse is
centered at the average of the average rankings and the average standard deviation
of the rankings across performance metrics. The axes of the ellipse are defined by
the standard deviations of the average rankings and the standard deviations of the
standard deviations of the rankings. The RRBE cloud of an ideal PUB technique
would cluster towards the Cartesian point (1, 0), showing the highest average
ranking and a variability of zero. Ideally, such a method would also have a tiny
ellipse, showing minimal variability across performance metrics.

(Example

figures and interpretations thereof are provided in Figures 4.1, 4.3 and 4.6 of the
results section.)
In a separate evaluation, the daily percent errors in the validation record
provide additional insight into the performance of each PUB techniques. The
cumulative distribution of absolute percent errors in the validation record at each
site indicates the day-to-day performance of PUB techniques.

The cross-site

mean percentage of the validation record below each threshold. An attractive
technique results in a large percentage of the errors below each threshold. This
would be represented by a curve that rises quickly and plateaus at a high
percentage of the validation record. (Example figures are provided in Figures 4.2,
4.4 and 4.7; interpretative analysis is provided in the results section.)
To further assess the performance of the most competitive techniques, the
percent error associated with each quantile of the FDC is considered.

The

quantile predictions during the validation record were ranked empirically and
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assigned a non-exceedance probability using the Blom plotting position.
(Because observations and predictions are merely being ranked and the plotting
position is solely for the use of graphical representation, the selection of the Blom
plotting position has no impact on this quantitative analysis.) Independent of
corresponding days in the prediction record, the same ranking procedure was
applied to the observations of the validation record. Since the record lengths are
the same at a particular site for both the prediction and observed periods of the
validation record, the percent error can be calculated for each empirical
probability. To compare sites, the errors were binned into groups with lower
limits of 0, 0.0001, 0.0002, 0.0005, 0.001, 0.002, 0.005, 0.01 to 0.99 by steps of
0.01, 0.995, 0.998, 0.999, 0.9995, 0.9998 and 0.9999. The result shows the
degree and variability of error associated with reproducing different ranges of the
FDC.

4.4. Variogram Estimation
The geostatistics and analyses presented herein were conducted using
version 3.1.1 of the R programming language (R Development Core Team, 2005).
Version 1.7-4 of the geoR software package (Ribeiro Jr. and Diggle, 2001), a
component available in R, was used to generate sample variograms and fit the
variogram models.

For all of the variograms, sites were located based on the

latitude and longitude of the basin outlet. The sample variogram cloud was
binned into ten equally-sized bins ranging from distances of zero to the maximum
inter-site distance in the streamgage network.
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approximated using a spherical variogram model. The nugget value was fixed at
zero. Varying the range, number of bins, form of variogram model and nugget
size was found to have only a marginal impact on the conclusions obtained from
the RRBE analyses presented here.

Variograms of both unit discharge and

exceedance probability were estimated for each day, independent of all other
days, using all gaged sites active on that day. Daily predictions were also made
with variograms that used the average parameters across all days; this is presented
only as a secondary analysis.

4.5. Unit Discharge Mapping
Unit discharge, or streamflow per unit area, is a common approach for
standardizing volumetric flows so that they can be easily compared across basins.
Unit discharge is one of the most common tools for the prediction of streamflow
properties in ungaged locations. In some areas of water resources, such as in
irrigation planning, unit discharge maps are commonly used (see introduction for
a review; also, Vogel and others, 1999). When transferring information from an
index streamgage to an ungaged location, the use of the unit discharge is referred
to as the drainage area ratio (DAR) technique. Asquith and others (2006) provide
a summary and history of this technique. The DAR technique has been found to
provide generally unbiased and reliable estimates of annual, monthly and daily
streamflows, although slightly more complex techniques have demonstrated some
value (Hirsch, 1979; Asquith and others, 2006; Farmer and Vogel, 2013; Farmer
and others 2014). The appeal of techniques based on the unit discharge is their
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relative simplicity: in practice, only the ungaged drainage area, a measurable
quantity, is needed to transform unit discharges into volumetric streamflows.
As streamflow is a physically conservative property of a stream network,
it stands to reason that the unit discharge is a continuous property within a basin
and along a stream reach. This has likely been the motivation for widespread use
of techniques based on unit discharge. Skoien and Bloschl’s (2007) use of topkriging was based on such reasoning. In this study, the value of ordinary kriging
for producing time series maps of unit daily streamflow is explored. Time series
of daily variogram maps of both unit discharge (UDM) and the logarithms of unit
discharge (UDLM) are first constructed and then combined with PUB methods to
create time series of daily streamflow. The use of logarithms of streamflows may
provide a minor improvement by attenuating the tails of the streamflow
distribution, thereby reducing a tendency towards excessively extreme predictions
and explicitly avoiding negative unit discharges. These methods are compared
against the traditional application of the nearest-neighbor drainage area ratio
(NNDAR) which simply selects the nearest streamgage as the index site and
transfers the drainage ratio to produce a time series of daily streamflows, as
applied by Farmer and others (2014).

4.5.1. RESULTS AND ANALYSIS
The complete distribution of each performance metric is illustrated in the
Appendix 4.A using boxplots.

For most standard metrics, the two mapping

techniques provide superior performance when compared to the traditional
NNDAR method. NNDAR produces predictions with a median NSE of 0.51,
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while UDM yields a median of 0.62 and UDLM, a median of 0.68. When
considering the time series of logarithms, the advantage of UDM is reduced to a
median NSEL of 0.52 compared to the median NSEL of 0.61 for NNDAR.
UDLM maintains its advantage in terms of NSEL, with a median of 0.74. All of
the techniques are able to reproduce the daily, no-fail storage-yield curve, with
median NSEs and NSELs greater than 0.89. In terms of overall reproduction of
the daily streamflow record, the least biased technique, which showed the
smallest median percent error in the mean, is NNDAR with a median bias of only
0.19%. UDM shows a slight upward bias, with a median of 4.08%; UDLM shows
a more significant downward bias, with a median of -5.94%.
Across the 26 performance metrics considered, the mapping of the
logarithms of the unit discharge (UDLM) provides the best average rank for the
majority of metrics (Table 4.1). In terms of ranks, UDLM performed most poorly
with regard to the FDSS. Reproducing these key distributional properties, UDM
and NNDAR ranks better for every FDSS except the mean streamflow. Still, the
mapping techniques, as a group, outperform NNDAR.

The one marked

deficiency of the mapping techniques is with regard to the variability of
streamflow, both the daily coefficient of variability and the L-CV; NNDAR
provides a better average ranking for these metrics. This demonstrates that while
the mapping techniques are able to provide a reliable time series, the variability of
the distribution of daily streamflow is reduced by the mapping techniques. As
will be discussed, this is largely the result of general downward bias in the
mapping techniques.
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Table 4.1 Mean rank for each performance metric and unit-discharge methods of
prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the
best method receiving the lowest rank. These ranks were then averaged across
sites for each PUB method. The process was repeated for each of the 27 metrics
and 3 PUB methods.]
Metric

Storage-yield curve (SYC)
goodness of fit

Overall goodness of fit

Class

NNDAR UDM

UDLM

Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of
streamflow
Root-mean-square-normalized error of
streamflow

2.6648 2.0495

1.2857

2.1813 2.4780

1.3407

2.3022 2.5440

1.1538

Average percent error of streamflow
Spearman correlation between observed and
simulated streamflow

2.0549 2.2582

1.6868

2.2418 2.5440

1.2143

Average

2.2890 2.3747

1.3363

Standard deviation

0.2291 0.2164

0.2083

Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of
required storage
Root-mean-square-normalized error of
required storage

2.2802 1.9560

1.7637

2.1813 1.9011

1.9176

2.2088 1.9725

1.8187

Average percent error of required storage

2.1703 2.0824

1.7473

Average

2.2102 1.9780

Standard deviation

0.0494 0.0760

1.8118
0.0768

The ranks of each PUB technique according to each performance metric
are summarized in the RRBE cloud with variability ellipses in Figure 4.1. From
this perspective, it is clear that, on average, UDLM outranks the other two
methods. Being closest to the optimal point (an average rank of 1 with no
variability), UDLM provides the best average ranking with least variability across
sites for an average metric. The large variability ellipse, though, shows that the
ranked performance of UDLM varies widely across performance metrics. UDM
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and NNDAR, with smaller ellipses, are more consistent across performance
metrics, but provide an inferior ranking with more variability across sites. The
favorability between these three techniques, NNDAR, UDM and UDLM, may
therefore be sensitive to the performance metrics considered.

Table 4.1 (continued) Mean rank for each performance metric and unit-discharge
methods of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the
best method receiving the lowest rank. These ranks were then averaged across
sites for each PUB method. The process was repeated for each of the 27 metrics
and 3 PUB methods.]

All
metrics

Percent error in streamflow statistics

Class

Metric

NNDAR UDM

UDLM

Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annualminimum streamflow
50th percentile, 7-day average annualminimum streamflow
90th percentile, annual-maximum
streamflow

2.0989 2.1593
1.8956 2.1429

1.7418
1.9615

2.1356 2.0452

1.8192

2.1978 1.9505

1.8516

1.8701 1.8983

2.2316

90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow

2.2253 1.9945
2.2253 2.0220
2.2143 2.0330

1.7802
1.7527
1.7527

25-percent-exceedance streamflow
10-percent-exceedance streamflow

2.2088 2.0604
2.1154 2.0659

1.7308
1.8187

Mean streamflow
L-CV of daily streamflow

2.1209 2.0110
1.9011 2.0604

1.8681
2.0385

L-skewness of daily streamflow
L-kurtosis of daily streamflow

1.8407 2.0604
2.0495 1.8736

2.0989
2.0769

Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily
streamflow

1.8407 1.8791

2.2802

2.0330 2.1099

1.8571

Phase of seasonal trend in daily streamflow

2.0330 1.8297

2.1374

Average

2.0592 2.0115

1.9293

Standard deviation

0.1414 0.0959

0.1803

Average

2.1266 2.0762

1.7972

Standard deviation

0.1760 0.1905

0.2878
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Figure 4.1 Robust rank-based evaluation for the unit-discharge PUB techniques.
The ellipses demonstrate the variability of central tendency and spread across 32
performance metrics. The ellipses are centered on the average cross-site mean
and cross-site standard deviation of the ranks across performance metrics. The
techniques presented are drainage area ratio with nearest-neighboring index
streamgages (NNDAR), mapping unit discharge (UDM) and mapping the
logarithms of unit discharge (UDLM).
In terms of reproducing the time series accurately, the threshold analysis
in Figure 4.2 shows that UDLM produces the most predictions closest to the
observations in the validation record.

The curve representing the cross-site

median for UDLM rises the fastest and remains the highest for all thresholds.
UDM keeps pace with UDLM until a threshold of about 25% and is superior to
NNDAR until a threshold of 80%. Between thresholds of 100% and 200%,
UDLM hovers at a level of 99%, while UDM and NNDAR remain at only 97% of
the validation record. More than 50% of the UDLM predictions, on average, are
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within 31% of the observations in the validation record. For UDLM, 73% of the
predictions are within 50% of the validation record and 96% are within 100%.
The respective levels are only 63% and 93% for NNDAR and 69% and 91% for
UDM.

These curves represent median performance across the sites.

The

variability, examined as the ratio of the inter-quartile distance to the median for
each threshold and PUB technique, was greatest for low thresholds and leveled
out for threshold above 100%. Across PUB techniques, NNDAR showed the
greatest variability, though the difference was nearly inconsequential after a
threshold of 100%.
Of the three PUB techniques based on unit discharge, UDLM provides the
best performance, on average. UDLM was able to accurately reproduce the time
series of ungaged flows, but was limited in its ability to reproduce the
distributional properties of the series. The mapping techniques, as a general set,
outranked the standard NNDAR approach in almost all metrics.

Although,

considering the coefficient of variation, only NNDAR was able to reproduce the
variability of observed time series. In terms of the time series, UDLM provided
the most predictions closest to the observations of the validation record. The
ranked performance of UDLM, while good on average, showed a high degree of
variability across metrics. The utility of UDLM might therefore be a function of
the performance metrics and the intent of application.

220

CHAPTER 4: HYDROLOGIC KRIGING

Figure 4.2 For three unit-discharge PUB techniques, median fraction of the
validation record that is below a threshold absolute percent error; a cumulative
distribution of the absolute percent error. The techniques presented include
drainage area ratio with nearest-neighboring index streamgages (NNDAR),
mapping unit discharge (UDM) and mapping the logarithms of unit discharge
(UDLM).

4.6. Probabilistic Mapping
Another popular technique for transferring streamflow information
between sites, which provides an alternative to the use of unit discharge, is to
consider transfer of the cumulative probabilities of daily streamflow. The transfer
of cumulative probabilities of daily streamflow, the probability of experiencing a
daily streamflow greater than the streamflow on the day in question, from one site
to another underlies the nonlinear spatial interpolation using FDCs, also known as
the QPPQ-TRANSFORM (Fennessey, 1994; Hughes and Smakhtin, 1996). The
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QPPQ method has found widespread application as evidenced by its inclusion in
U.S. Geological software for predicting daily streamflows at ungaged sites
(Archfield and others, 2010). Here the use of kriging methods is considered for
the implementation of, and improvement to, such QPPQ approaches.
Recent work has considered the use of kriging techniques to predict flood
events and other quantiles of streamflow distributions (Chokmani and Ouarda,
2004; Skoien and others, 2006; Castiglioni and others, 2009, 2011; Archfield and
others, 2013b; Castellarin, 2014). The mapping of quantiles of streamflow is
closely related with the mapping of their associated cumulative probabilities.
Unlike unit discharge, the spatial structure of cumulative probabilities has a less
obvious physical basis. The basis for spatial continuity of such probabilities is
built on the argument that spatially related basins in close proximity are more
likely to experience similar climatic forcings. This is especially true in regions
where streamflow generation is dominated by storm events. As such, these basins
might be expected to respond somewhat similarly in relation to the distribution of
streamflow in that basin.
Much like with UDM and UDLM, two probabilistic mapping techniques
of cumulative probabilities are considered here. The first technique maps the
empirical (Blom) estimates of cumulative probability (PMap), while the second
maps the standard normal quantile (Z-score) corresponding to those empirical
cumulative probabilities (ZMap). Analogous to working with the logarithms of
the unit discharge, by working with the standard normal quantile, the bounds on
the cumulative probability, namely zero and one, are explicitly preserved, and the
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tails of the distribution are attenuated. This attenuation of the tails reduces the
likelihood of predicting extreme events with unrealistic frequencies or
magnitudes. These two techniques are compared against the application of a
nonlinear spatial interpolation using FDCs based on the nearest-neighboring index
gage (NNQPPQ), as applied by Farmer and others (2014).

As with the

probability obtained from the index gage in NNQPPQ, the probabilities from
ZMap and PMap can be converted to streamflows by interpolating along an
estimated FDC. In all three techniques, this conversion was accomplished with
the use of the same regional regressions for estimating- FDCs at each of the
ungaged sites, based on the work of Farmer and others (2014). The regional
regressions for FDCs introduced by Farmer et al. (2014) were developed for 27
individual percentiles along the FDC with log-linear interpolation and
extrapolation used between and beyond those percentiles.

4.6.1. RESULTS AND ANALYSIS
The full distributions of each performance metric, while not explicitly
presented in the body of this report, can be seen in the figures of the Appendix
4.A. ZMap has the largest median values of NSE and NSEL, at 0.68 and 0.72.
PMap is slightly worse, with medians of 0.58 and 0.71, while NNQPPQ has the
smallest medians, 0.55 and 0.67. Thus it is concluded that among the methods
ZMap exhibited the best overall goodness-of-fit. NNQPPQ, PMap and ZMap all
reproduce the daily, no-fail storage-yield curve with a high degree of accuracy,
with median NSEs around 0.93 and median NSELs of about 0.86. All three of the
probabilistic techniques (NNQPPQ, PMap and ZMap) demonstrate a slight
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downward bias or underestimate of the mean streamflow. The median bias for
NNQPPQ was -2.62%; PMap and ZMap were significantly more biased, with
medians of -15.80% and -12.44% respectively.

Table 4.2 Mean rank for each performance metric and probability-based methods
of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the
best method receiving the lowest rank. These ranks were then averaged across
sites for each PUB method. The process was repeated for each of the 27 metrics
and 3 PUB methods.]

Storage-yield curve (SYC)
goodness of fit

Overall goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms
of streamflow
Root-mean-square-normalized error of
streamflow
Average percent error of streamflow
Spearman correlation between observed
and simulated streamflow

NNQPPQ PMap
ZMap
2.3956
2.3571 1.2473
2.5220

1.6813 1.7967

2.8132
2.0495

1.5330 1.6538
2.2582 1.6923

2.6813

1.5110 1.8077

Average

2.4923

1.8681 1.6396

Standard deviation
Nash-Sutcliffe efficiency of required
storage
Nash-Sutcliffe efficiency of the logarithms
of required storage
Root-mean-square-normalized error of
required storage

0.2937

0.4081 0.2290

2.1593

2.0165 1.8242

2.1154

1.9505 1.9341

2.2143

1.8736 1.9121

Average percent error of required storage

2.1538

1.9176 1.9286

Average

2.1607

1.9396 1.8997

Standard deviation

0.0407

0.0602 0.0512
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Table 4.2 (continued) Mean rank for each performance metric and probabilitybased methods of prediction in ungaged basins (PUB).

All metrics

Percent error in streamflow statistics

Class

Metric
Coefficient of variation of annual
streamflow

NNQPPQ PMap

ZMap

2.0385

2.0440

1.9176

Coefficient of variation of daily streamflow
10th percentile, 7-day average annualminimum streamflow
50th percentile, 7-day average annualminimum streamflow
90th percentile, annual-maximum
streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily
streamflow

1.8187

2.1758

2.0055

1.9944

1.9887

2.0169

1.9670

1.9451

2.0879

1.7853
2.0879
1.9615
1.9066
1.8516
1.7637
1.8846
1.7692
1.6264
1.9066
1.7363

2.0452
1.9286
1.9615
2.0000
2.2912
2.4451
2.1374
2.2802
2.3187
2.0549
2.1374

2.0734
1.9835
2.0769
2.0934
1.8571
1.7912
1.9780
1.9505
2.0549
2.0385
2.1264

2.0549

2.1044

1.8407

Phase of seasonal trend in daily streamflow

1.7198

2.2418

2.0385

Average

1.8749

2.1235

1.9959

Standard deviation

0.1316

0.1496

0.0965

Average

2.0376

2.0461

1.9126

Standard deviation

0.2947

0.2316

0.1853
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On average, PMap, ZMap or both rank higher than NNQPPQ for just over
half of the performance metrics summarized in Table 4.2. The improvement of
the mapping techniques (PMap and ZMap) over the single-index technique
(NNQPPQ) is not as obvious here as was seen with the mapping of unit
discharges; similarly the distinction between PMap and ZMap, the two mapping
techniques, is also not as striking as the distinction between UDM and UDLM.
Across all metrics considered, ZMap ranked the best on average, but the
advantages of ZMap are largely restricted to goodness of fit metrics in real-space.
Neither ZMap nor PMap ranks best in terms of reproducing the overall
distributional properties of streamflow.

Again, the single-index technique

(NNQPPQ) is best able to reproduce the variation of the distribution of daily
streamflow.
The points making up the RRBE cloud of these three probabilistic
techniques are grouped more closely than was seen with the unit discharge
techniques (Figure 4.3). Compared to the unit discharge techniques, all of these
techniques have a mean ranking closer to two, which would be the expectation of
randomly-distributed ranks. All of the variability ellipses are similarly-sized,
suggesting a similar amount of cross-metric variability. The ellipses of PMap and
NNQPPQ are distinctly horizontal, demonstrating that their average rank varies
widely across performance metrics. For an average metric, ZMap provides the
best average ranking with the least cross-site variability. PMap and NNQPPQ
have very similar average ranks, but NNQPPQ displays a larger degree of cross-
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site variability. The high degree of overlap in the variability ellipses shows that
these techniques perform very similarly.

Figure 4.3 Robust rank-based evaluation for three probabilistic PUB techniques.
The ellipses demonstrate the variability of central tendency and spread across 32
performance metrics. The ellipses are centered on the average cross-site mean
and cross-site standard deviation of the ranks across performance metrics. The
techniques presented are nonlinear spatial interpolation using flow duration
curves and the nearest-neighboring index streamgage (NNQPPQ), mapping the
cumulative probability of streamflow (PMap) and mapping the standard normal
quantile of the cumulative probability of streamflow (ZMap).

227

CHAPTER 4: HYDROLOGIC KRIGING

Figure 4.4 For three probabilistic PUB techniques, median fraction of the
validation record that is below a threshold absolute percent error; a cumulative
distribution of the absolute percent error. The techniques presented include
nonlinear spatial interpolation using flow duration curves and the nearestneighboring index streamgage (NNQPPQ), mapping the cumulative probability of
streamflow (PMap) and mapping the standard normal quantile of the cumulative
probability of streamflow (ZMap).
The threshold analysis (Figure 4.4) shows that the probabilistic mapping
techniques provide the greatest number of predictions, on average, closest to the
observations in the validation record. Looking at the median curves, the mapping
techniques track almost identically and are, at any given threshold, superior to the
single-index technique.

The cross-site variability for each threshold is not

presented here, but, measuring by the ratio of the inter-quartile range to the
median, the variability was greatest for small thresholds. For thresholds between
0% and 50%, the mapping techniques are slightly more variable than NNQPPQ,
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but all three converge afterwards. For the mapping techniques, both PMap and
ZMap, more than 50% of the predictions are within 34% of the observations in
the validation record. On average, 68% of the predictions from the probabilistic
mapping are within 50% of the observations and 97% are within 100% of the
observations. At these same thresholds, NNQPPQ shows medians of only 64%
and 94% respectively.

Figure 4.5 The distribution of the Nash-Sutcliffe efficiency of the predicted
cumulative probabilities and the logarithms of those probabilities for the three
probabilistic PUB techniques. The three PUB techniques are nonlinear spatial
interpolation using flow duration curves and the nearest-neighboring index
streamgage (NNQPPQ), mapping the cumulative probability of streamflow
(PMap) and mapping the standard normal quantile of the cumulative probability
of streamflow (ZMap). These performance metrics demonstrate the predictive
capacity of probabilistic PUB techniques before the transformation to streamflows
introduces additional uncertainty.
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The probabilistic mapping techniques (PMap and ZMap) produce a moreaccurate time series of cumulative probabilities than NNQPPQ.

The use of

cumulative probabilities is slightly more complicated than the use of unit
discharge because the transformation from cumulative probabilities to
streamflows must be estimated. With the unit discharge, the drainage area is
measurable; with cumulative probabilities a FDCs must be estimated at the
ungaged location before the cumulative probabilities can be transformed into
streamflow.

As noted above, a log-linear interpolation of quantiles along a

regression-estimated FDC was used here. The need to estimate ungaged FDCs
introduces added uncertainty into the streamflow estimates. The NSE and NSEL
of the raw cumulative probability time series (Figure 4.5), before its
transformation via the FDC, demonstrates that the mapping techniques do in fact
provide a more accurate series. The median NSE of the probability time series is
0.85 for the mapping techniques, but only 0.80 for NNQPPQ. The NSELs tell a
similar story, ZMap and PMap have medians of 0.76 and 0.75, while NNQPPQ
has a median of 0.69. The accuracy of the probability time series suggests that
improved estimates of or interpolations along the ungaged FDC may improve the
accuracy of predicted streamflow time series.
Of the probabilistic mapping techniques, ZMap provides the most accurate
predictions, on average.

The relative advantage of probabilistic mapping

techniques is not as distinct, when compared to the single-index techniques, as the
advantage of mapping unit discharge.

The probabilistic mapping techniques

exhibit a significant degree of negative bias and are not as good as the single-
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index technique at reproducing the distributional properties of daily streamflow.
Though the deficiency of probabilistic mapping techniques with regards to
distributional properties spread much further, like with UDM and UDLM, PMap
and ZMap showed reduced estimates of the variability of streamflow. In addition,
the performance of the PMap and ZMap techniques varied when viewed with
performance metrics based on real-space flows or log-space flows, indicating
varied performance along the distribution of streamflow.

4.7. Comparison of Transfer-Based PUB Techniques
The previous sections demonstrate numerous potential advantages of
exploiting kriging of hydrological variables for the transfer of information
contained in the hydrograph of daily streamflow from one site to another. Among
the two classes of kriging methods considered, for unit discharges and for
cumulative probabilities, this section explores which approach leads to the best
predictions of time series of daily streamflow at an ungaged site. Here the two
best mapping techniques, UDLM and ZMap, are compared and contrasted with
their single-index analogs, NNDAR and NNQPPQ, respectively. Previous work
has shown that NNQPPQ holds some advantages over NNDAR (Archfield and
others, 2010; Farmer and others, 2014), but these techniques have not been
compared to mapping techniques.
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Table 4.3 Mean rank for each performance metric and four methods of prediction
in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the
best method receiving the lowest rank. These ranks were then averaged across
sites for each PUB method. The process was repeated for each of the 27 metrics
and 4 PUB methods.]

Storage-yield curve (SYC)
goodness of fit

Overall goodness of fit

Class

Metric
Nash-Sutcliffe efficiency of
streamflows
Nash-Sutcliffe efficiency of the
logarithms of streamflow
Root-mean-square-normalized
error of streamflow
Average percent error of
streamflow
Spearman correlation between
observed and simulated
streamflow

NNDAR NNQPPQ

UDLM

ZMap

3.2637

3.1099 1.7473 1.8791

2.9615

2.8846 1.9945 2.1593

3.1923

3.1429 1.8846 1.7802

2.5934

2.5220 2.3846 2.5000

3.0824

2.8462 1.9615 1.7747

Average

3.0187

2.9011 1.9945 2.0187

Standard deviation
Nash-Sutcliffe efficiency of
required storage
Nash-Sutcliffe efficiency of the
logarithms of required storage
Root-mean-square-normalized
error of required storage
Average percent error of
required storage

0.2638

0.2495 0.2380 0.3112

2.6484

2.7912 2.1813 2.3791

2.5275

2.7253 2.2418 2.5055

2.5659

2.7802 2.1703 2.4835

2.5549

2.7802 2.1703 2.4945

Average

2.5742

2.7692 2.1909 2.4657

Standard deviation

0.0520

0.0298 0.0343 0.0584
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Table 4.3 (continued) Mean rank for each performance metric and four methods
of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the
best method receiving the lowest rank. These ranks were then averaged across
sites for each PUB method. The process was repeated for each of the 27 metrics
and 4 PUB methods.]

All
metrics

Percent error in streamflow statistics

Class

Metric
Coefficient of variation of
annual streamflow
Coefficient of variation of daily
streamflow
10th percentile, 7-day average
annual-minimum streamflow
50th percentile, 7-day average
annual-minimum streamflow
90th percentile, annualmaximum streamflow
90-percent-exceedance
streamflow
75-percent-exceedance
streamflow
50-percent-exceedance
streamflow
25-percent-exceedance
streamflow
10-percent-exceedance
streamflow
Mean streamflow
L-CV of daily streamflow
L-skewness of daily streamflow
L-kurtosis of daily streamflow
Lag-1 autocorrelation of daily
streamflow
Amplitude of seasonal trend in
daily streamflow
Phase of seasonal trend in daily
streamflow

NNDAR NNQPPQ

UDLM

ZMap

2.4066

2.8352 2.1044 2.6538

2.5275

2.2692 2.6538 2.5495

2.7401

2.3955 2.4294 2.4350

2.6264

2.4835 2.3022 2.5879

2.3333

2.3277 2.7062 2.6271

2.6484

2.5989 2.2418 2.5110

2.6264

2.5165 2.2473 2.6099

2.6758

2.4780 2.2747 2.5714

2.7802

2.3571 2.3791 2.4835

2.7527
2.5165
2.3077
2.3242
2.6099

2.2967
2.5055
2.4286
2.2912
2.3242

2.2363

2.2637 2.6703 2.8297

2.5495

2.5934 2.4011 2.4560

2.4286

2.3407 2.4615 2.7692

Average

2.5347

2.4297 2.4259 2.6093

Standard deviation

0.1694

0.1509 0.1678 0.1362

Average

2.6338

2.5726 2.3068 2.4736

Standard deviation

0.2583

0.2575 0.2419 0.2858
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For over half of the performance metrics considered, UDLM produces the
best average ranking (Table 4.3). The distributions of these performance metrics
are shown in Appendix 4.A and have already been discussed. The UDLM
technique, compared to ZMap, led to a slightly greater median NSEL and a
comparable NSE. Considering the overall ranks, ZMap is competitive in terms of
overall goodness of fit (NSE, NSEL, etc.), but UDLM is ranked better, on
average, in terms of reproducing the daily, no-fail storage-yield curve and several
statistics of the distribution of daily streamflow.

Overall, the single-index

techniques ranked better than the mapping techniques in terms of the FDSS. As
was seen previously, the single-index techniques continue to rank better than the
mapping techniques with respect to the variability of daily streamflow; NNDAR
and NNQPPQ have better average ranking when it comes to the coefficient of
variation and the L-CV of daily streamflow.
Based on the average performance metric shown as the centroid of the
ellipses in Figure 4.6, UDLM provides the best average ranking with the least
cross-site variability, though all four of the PUB techniques group very closely
together. NNQPPQ, compared to the UDLM, provides slightly less cross-site
variability, but yields an inferior average ranking. All of the variability ellipses
are similarly-sized, but the ellipse associated with UDLM is slightly smaller than
the others. This shows that, not only does UDLM possess the best average
ranking with least cross-site variability for an average metric, but it also exhibits
the least cross-metric variability. Except between NNDAR and UDLM, all of the
variability ellipses have a high degree overlap. This shows that, while UDLM has
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a distinct advantage over the other methods on average, all of the methods are
performing very similarly.

Figure 4.6 Robust rank-based evaluation for four PUB techniques. The ellipses
demonstrate the variability of central tendency and spread across 32 performance
metrics. The ellipses are centered on the average cross-site mean and cross-site
standard deviation of the ranks across performance metrics. The techniques
presented are drainage area ratio, with nearest-neighboring index streamgages
(NNDAR), nonlinear spatial interpolation using flow duration curves and the
nearest-neighboring index streamgage (NNQPPQ), mapping the logarithms of
unit discharge (UDLM) and mapping the standard normal quantile of the
cumulative probability of streamflow (ZMap).
A detailed analysis of the error distribution of each PUB technique has
already been presented; when drawing the median curves of the threshold analysis
on the same axis, it is clear that the mapping techniques are generally superior to
the single-index techniques (Figure 4.7). The median behavior of UDLM is
superior to ZMap up until the 80% threshold.
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supersedes UDLM for a short while; the techniques then converge quickly.
Though not shown here, NNDAR shows a higher degree of variability at each
threshold until the 100% threshold. The mapping techniques, while less variable
than NNDAR, are slightly more variable at each threshold than NNQPPQ until
the 50% threshold. From the 50% threshold onward, the mapping techniques are
similarly variable and slightly less variable than the single-index techniques.

Figure 4.7 For four PUB techniques, median fraction of the validation record that
is below a threshold absolute percent error; a cumulative distribution of the
absolute percent error. The techniques presented include drainage area ratio, with
nearest-neighboring index streamgages (NNDAR), nonlinear spatial interpolation
using flow duration curves and the nearest-neighboring index streamgage
(NNQPPQ), mapping the logarithms of unit discharge (UDLM) and mapping the
standard normal quantile of the cumulative probability of streamflow (ZMap).
From this multi-metric comparison of four PUB methods, UDLM
generally provides the most accurate predictions of daily streamflow. Particular
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PUB applications may be interested in specific performance metrics, but, overall,
UDLM can be expected to provide a well-balanced performance for general
applications. For an average performance metric, UDLM yields the best average
ranking with the smallest degree of cross-site and cross-metric variability. In
addition, UDLM provides the highest median number of predictions within the
smallest percent error of the observations. UDLM exhibited a slightly greater
degree of bias (-5.94%) than other methods, but was able to more accurately
reproduce many statistics of the distribution of daily streamflow. Like all of the
mapping techniques considered here, UDLM was not able to accurately reproduce
the variability of streamflow.

4.8. Discussion
The results presented above show that, on average and across a wide range
of performance metrics, the mapping techniques are superior to methods which
transfer information from a single index streamgage.

When considering an

average ranking among a broad range of performance metrics, UDLM, among the
techniques considered, was shown to provide the best overall performance. This
section provides a deeper look at the performance metrics presented above, to
provide conclusions concerning the advantages (and a few disadvantages) of the
mapping techniques. This discussion considers site-by-site comparisons of each
performance metric, the distribution of daily errors across the FDC, the daily
variability of variogram parameters and some possible avenues for future
research. Through these considerations UDLM is shown to be a relatively simple
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technique that can be used to accurately predict ungaged daily streamflow
records.
For many performance metrics, when two methods are compared site by
site, the mapping techniques result in better performance at more than 50% of the
sites (Table 4.4). In terms of the five measures of overall goodness of fit, the
mapping techniques both perform significantly better than their single-indexanalogs. For example, UDLM resulted in a greater NSE than NNDAR at 89% of
the sites, a better NSEL at 80% of sites and a smaller RMSNE at 87% of sites.
Similarly, ZMap has a better NSE than NNQPPQ at 84% of sites, a better NSEL
at 75% of sites and a smaller RMSNE at 92% of sites. At more than 50% of sites
UDLM performs better than NNDAR across 19 of the 26 metrics; whereas
NNDAR provides more accurate estimates of the coefficient of variation (daily
CV) and five of the FDSS. The advantages of ZMap over NNQPPQ are not as
clear as the distinction between UDLM and NNDAR, but they are still significant.
Overall, the advantages of the mapping techniques over the single-index
techniques remain striking.

Between the two mapping techniques, UDLM

performs better than ZMap at more than 50% of the sites across a majority of the
metrics.
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Base Method

NNDAR NNDAR NNQPPQ

NNQPPQ

UDLM

Alternative Method

UDLM

ZMap

ZMap

ZMap

Overall goodness of
fit

Nash-Sutcliffe efficiency of streamflows
Nash-Sutcliffe efficiency of the logarithms of streamflow
Root-mean-square-normalized error of streamflow
Average percent error of streamflow
Spearman correlation between observed and simulated
streamflow

89.01%
79.67%
86.81%
58.24%

81.87%
61.54%
77.47%
49.45%

82.42%
68.13%
76.92%
50.00%

84.07%
75.27%
92.31%
53.85%

80.77%

84.62%

77.47%

83.52% 45.60%

Storage-yield curve
(SYC) goodness of fit

Table 4.4 Percentage of sites where the 'Alternative' method performs better than or equal to the 'Base' method for each of the 27
performance metrics.

Nash-Sutcliffe efficiency of required storage
Nash-Sutcliffe efficiency of the logarithms of required
storage

64.84%

55.49%

63.74%

59.89% 53.30%

60.99%

46.70%

60.44%

57.14% 54.40%

Root-mean-square-normalized error of required storage

63.19%

48.35%

62.09%

60.99% 57.69%

Average percent error of required storage

62.09%

48.35%

63.74%

59.34% 57.14%

Methods
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53.85%
52.75%
47.80%
53.30%
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Table 4.4 (continued) Percentage of sites where the 'Alternative' method performs better than or equal to the 'Base' method for each of
the 27 performance metrics.

Percent error in streamflow statistics

Methods

Base Method

NNDAR NNDAR NNQPPQ

NNQPPQ

UDLM

Alternative Method

UDLM

ZMap

ZMap

ZMap

Coefficient of variation of annual streamflow
Coefficient of variation of daily streamflow
10th percentile, 7-day average annual-minimum
streamflow
50th percentile, 7-day average annual-minimum
streamflow
90th percentile, annual-maximum streamflow
90-percent-exceedance streamflow
75-percent-exceedance streamflow
50-percent-exceedance streamflow
25-percent-exceedance streamflow
10-percent-exceedance streamflow

59.89%
46.15%

43.41%
51.10%

67.03%
41.21%

53.85% 62.64%
41.21% 47.25%

61.02%

55.93%

48.02%

48.59% 48.02%

60.44%
39.55%
63.74%
62.64%
64.29%
65.93%
58.79%

48.90%
42.94%
49.45%
50.00%
51.10%
57.14%
56.04%

54.95%
43.50%
56.59%
54.40%
54.95%
46.15%
48.90%

46.70%
40.68%
54.95%
47.25%
45.05%
44.51%
41.21%

Mean streamflow
L-CV of daily streamflow

58.79%
45.05%

45.05%
38.46%

54.40%
50.00%

43.96% 53.30%
40.11% 58.24%

L-skewness of daily streamflow
L-kurtosis of daily streamflow

42.86%
48.90%

41.21%
50.55%

45.60%
46.70%

31.87% 59.89%
47.25% 44.51%

Lag-1 autocorrelation of daily streamflow
Amplitude of seasonal trend in daily streamflow

37.91%
53.30%

35.71%
52.75%

41.21%
54.40%

35.16% 53.85%
53.85% 52.20%

Phase of seasonal trend in daily streamflow

49.45%

43.41%

47.25%

36.81% 57.14%
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46.33%
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In most cases, the mapping techniques resulted in significant
improvements in performance over the single-index transfer techniques. The
major methodological difference between the mapping techniques and the singleindex techniques involves the way in which they use regional streamgage network
information. Unlike the single-index techniques, the mapping techniques rely on
many streamgages in the vicinity and account for more of the spatial structure of
the regional streamgage network. The single-index techniques are limited to the
information content contained in a single streamgage.

Recent research into

techniques useful for selection of a suitable single-index gage are promising and
interesting (see for example, Archfield and Vogel, 2010), but all such PUB
techniques remain limited by the amount of information available at a single
streamgage. By amalgamating information from several index streamgages in a
region, the mapping methods introduced here make greater use of the information
content of the streamgage network; which the results presented here indicate can
also lead to corresponding improvements in streamflow predictions.
In comparisons of the errors associated with estimates of FDCs in Figure
4.8, it is clear that all of the PUB techniques display varying degrees of error.
Both single-index transfer techniques underestimate the low-flow tail, yet provide
relatively unbiased estimates of the remainder of the FDC.

NNDAR

underestimates the low-flow tail of the FDC (non-exceedance probabilities below
5%) by 10-15%, but provides relatively unbiased (+/- 5%) estimates for larger
streamflows. NNQPPQ similarly underestimates the low-flow tail, but shows a
maximum underestimate at about the 1% level. For streamflows with a non-
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exceedance probability greater than 20%, NNQPPQ provides relatively unbiased
(+/- 5%) estimates of the FDC.

For the more common streamflows with non-

exceedance probabilities of 25% to 75%, NNQPPQ underestimates streamflows
more than NNDAR.

Figure 4.8 The median percent error along the flow duration curve for four PUB
techniques. Non-exceedance probabilities were calculated from the observed and
predicted validation record independently. The resulting percent errors were
binned into groups with lower limits of 0, 0.0001, 0.0002, 0.0005, 0.001, 0.002,
0.005, 0.01 to 0.99 by steps of 0.01, 0.995, 0.998, 0.999, 0.9995, 0.9998 and
0.9999. The median value was then computed for each bin.
The mapping techniques, unlike the single-index techniques, show distinct
bias in both tails of the FDC. UDLM tracks well with NNDAR until about the
75% non-exceedance level. For non-exceedance probabilities greater than 75%,
UDLM provides an increasingly greater underestimate. UDLM underestimates
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the most-extreme high-flow events by nearly 20%. ZMap does not track as well
with its single-index analog and provides the most biased representation of the
FDC. It is the only method that overestimates (10%) the lowest streamflows
(non-exceedance below 0.2%). Streamflows around the 2% non-exceedance level
are then underestimated by 10%. Even the mid-level streamflows (until about
90% non-exceedance) are underestimated by 5%. The high streamflows, above
an exceedance probability of 95%, are underestimated by more than 10%, and the
highest end of the high-flow tail is underestimated by nearly 25%. Despite the
fact that the tail-end bins are not as densely populated as the mid-level bins, the
dramatic tail behavior could be problematic for water management. Differential
bias, as shown here, may be indicative of error in the structural form of the model.
Generally it has been shown that all PUB techniques considered tend to
underestimate the degree of variability in the daily streamflow time series.
Furthermore, this assessment of performance metrics showed that the mapping
techniques resulted in smaller coefficients of variation than their single-index
analogs. The reduction in streamflow variability is particularly evident in the
high and low ends of the FDC. All PUB techniques showed a reduction in the
variability of streamflow, yet the reduction is most egregious for the mapping
techniques. This same reduction in variability, especially for highly variable
streamflows, was observed by Skoien and Bloschl (2007) in their application of
top-kriging for estimation of time series in Austria. The single-index analogs do
not exhibit the same degree of reduced variability. This is because the kriging
techniques smooth the regional behavior across sites. In contrast, the single-index
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analogs pull information directly from a streamgage, therefore representing the
natural behavior of streamflows rather than a smoothed equivalent. A second
contribution to this reduction in the variance of daily streamflow predictions
comes from the fact that each PUB method contains model error, and such errors
have been ignored in this analysis; future research will attempt to address this
issue. Even the best PUB methods involve some model error and failure to
integrate this model uncertainty into streamflow predictions will always lead to
reductions in the variance of streamflow predictions, and the impact will be most
severe for extreme large and small streamflows. This is exactly the issue which
Hirsch (1982) sought to address in his ‘maintenance of streamflow extension’
methods.

The reduction of streamflow variability associated with model

predictions is a significant concern for the use of hydrologic models for water
management. Water management is typically critically concerned with extreme
behavior and variability, the very aspects that deterministic hydrologic models,
like those represented here, fail to accurately reproduce.
The observed differential bias and reduction in variability of the modeled
streamflow are symptomatic of two important modeling phenomena.

As

discussed above, variance reduction can be the result of error from the model
design or structure or it can result from ignoring the behavior of model residuals
in model predictions.

Differential bias is not the result of ignoring model

residuals in predictions, but typically the result of an error in the model design or
structure. The two, variance reduction and differential bias, are intimately but not
causally linked. In this case, where both variance reduction and differential bias
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are present, it is likely that both structural model error and model residuals are
playing a significant role in model performance. If variance reduction were solely
the result of ignoring model residuals, as is sometimes the case, then differential
bias would be manifested as an underestimate of high-flows and an overestimate
of low-flows. The differential bias observed here underestimates both high and
low streamflows, suggesting a blended influence of both model design and model
residuals. Still, even and identical percent bias in each tail, as seen here, is
consistent with a reduction in variance: a 5% underestimate of high-flows will
produce a much larger impact on streamflow magnitudes than a similar
underestimate in low-flows. Additional research is needed to further understand
the impact of model design and model residuals on streamflow prediction.
The application of kriging to time series data such as streamflow raises a
question of temporal dependence among the variogram parameters. Thus far this
application naively assumed that each daily variogram for each day of the
streamflow record was independent. Thus it is of interest to ask whether or not a
stable regional variogram may exist over particular time periods. Skoien and
Bloschl (2007) assumed an identical, fixed or stable regional variograms at every
time step of the daily streamflow record. In contrast, this study allowed the daily
variogram to vary in an effort to capture possible temporal fluctuations in climate,
subsurface flows and other hydrologic signals. To begin to assess the temporal
variation of the variogram, the variogram parameters were temporally-averaged to
create a stable mean and median variogram across the entire region. Figure 4.9
reports the NSEs and NSELs associated with the UDLM technique using time-
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varying and stable variograms. Interestingly, Figure 4.9 indicates that use of a
single average, stable variogram did not result in a significant decline in the
ability to predict daily streamflow records at ungaged sites. Regardless of the
temporal structure of the variogram, the distributions of both metrics are nearly
identical.

Figure 4.9 The distribution of the Nash-Sutcliffe efficiency of the predicted
streamflows and the logarithms of those streamflows for the variations of the
mapping of daily logarithms of unit discharge (UDLM). The three variations
include a series independent, time-variable daily variograms, a stable variogram
built from the mean parameters of the daily variograms and a stable variogram
built from the median parameters of the daily variograms. Two observations
with Nash-Sutcliffe efficiencies below -2 have not been drawn.
The question remains: how to fit the regional variogram without first
reproducing all of the daily variograms. While Skoien and Bloschl (2007) fit their
stable variogram to a representative day, future work could explore the potential
246

CHAPTER 4: HYDROLOGIC KRIGING
for a temporal, simultaneous solution to the kriging system. Such spatiotemporal
kriging techniques exist (see Dimitrakopoulos and Luo, 1994; Griffith and
Heuvelink, 2010; Cressie and Wikle, 2011), but have not been widely applied to
hydrologic problems; Castellarin (2004) provides a related application of threedimensional kriging.
The work presented here should be compared and contrasted with the
work of Skoien and Bloschl (2007) and possibly others.

Since top-kriging

(Skoien and others, 2006) considers the stream network as an integral spatial
feature it should be more hydrologically sound than the use of ordinary kriging,
yet ordinary kriging estimators are more widely understood and may provide
acceptably accurate predictions of the ungaged daily streamflow.

In his

exploration of the utility of ordinary kriging for the prediction of mean annual
streamflow, Sauquet (2006) noted that ordinary kriging provides a competitive
first-order approach and that the introduction of network information (a pre-cursor
to top-kriging) yielded only a marginal improvement. It may be that the most
significant return-on-investment is derived from moving away from single-index
PUB techniques and towards kriging techniques, rather than introducing added
complexity to the kriging system.

Indeed, Skoien and Bloschl (2007) reach

similar conclusions when exploring the addition of timing information into topkriging. While top-kriging can surely provide a methodological improvement, it
may only yield marginal improvements in prediction accuracy. Of course, this is
not to say that top-kriging should not be applied nor favored, it is only to say that
ordinary kriging can provide a fairly accurate first-order approximation.
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Considering other exogenous sources of uncertainty, this level of accuracy may be
acceptable for many water resources problems.
As kriging techniques become more pervasive and popular, it is important
to point out that, like most statistical PUB methods, kriging relies on the
information content of the streamgage network and may therefore be particularly
sensitive to the density of the streamgage network.

The main advantage of

kriging techniques over single-index transfer techniques is that the former utilize
more of the information and structure of the existing streamgage network.
Because techniques like top-kriging rely on network structure, it may require very
dense streamgage network to result in marked improvements over single-index
transfer techniques (Skoien and Bloschl, 2007).

Given the variability of

streamgage density across the U.S. (Kiang and others, 2013), the success of
kriging techniques may be limited in sparsely gaged regions. Furthermore, the
sparsest regional streamgage networks are typically in arid or heterogeneous
regions. The results documented here, for a relatively humid, homogeneous
region dominated by storm-generated flows, may not be reproduced in other
regions of the nation or globe.

It is unclear how large contributions from

subsurface flows or snowmelt will affect kriging predictions of unit discharge.
Further work could explore the effect of network density and streamflowgeneration mechanisms.
As the field of hydrology continues to seek out a process understanding of
streamflow generation in a changing climate, it is important that streamflow
models be able to facilitate scenario analysis. Statistical, transfer-based methods
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of prediction in ungaged basins are limited in that they can only reproduce
historical records.

Generally, only process-based models are capable of

forecasting and scenario analysis for conditions different than historical
conditions.

Unfortunately, process-based watershed models typically require

calibration to a gaged record, making them difficult to apply in ungaged regions.
Kriging techniques, which have been shown to outperform process-based models
(Viglione and others, 2013), by providing first-order predictions of the historical
record, may be able to improve the ungaged calibration and utility of processbased models. Still, caution should be applied when calibrating process-based
models to statistical streamflow predictions because such streamflow predictions
were shown here to exhibit less variability than the original streamflow records.
Along the same principle, application of process-based methods for streamflow
predictions is likely to result in further reductions in streamflow variance.
Accordingly, future applications may benefit from an exploration of techniques
for the preservation of streamflow variance.
The quandary of variance reduction and its relationship to coupling
statistical and process-based models may be addressed by further explorations of
the variance of streamflow predictions derived from kriging. One of the key
advantages of kriging is that, under certain assumptions, the results can be shown
to be best linear unbiased estimators (BLUE).

Furthermore, the theoretical

framework of kriging allows for the calculations of prediction variances in
addition to predictions.

Though not explored here, it should be possible to

develop uncertainty intervals for streamflow predictions from a kriging process
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like the mapping of the logarithms of unit discharge. In addition to providing
uncertainty intervals for resulting streamflow predictions, which can be
incorporated into the calibration of hydrologic models, such variance estimates
can provide a sound basis from which to reintegrate model error into the
prediction of streamflow time series and the production of ensemble simulations
(as with climatic time series in Clark and others (2004)).

4.9. Summary and Conclusions
Time series of daily streamflow are required to monitor, evaluate and
manage water resources. In spite of the vast global network of streamgages, large
regions remain ungaged or sparsely gaged. Single-index, transfer-based methods
such as the use of the nearest-neighboring streamgage and the drainage area ratio,
are in widespread usage for predicting ungaged streamflows within a region. A
set of techniques are introduced here that exploits the entire spatial correlation
structure within a streamgage network to produce daily predictions of ungaged
streamflow. Two methods were introduced: One technique, analogous to the
drainage area ratio method, uses kriging to capture the spatial correlation structure
of daily unit discharge, both in real and log space. A second technique, analogous
to nonlinear spatial interpolation using FDCs, applies kriging to capture the
spatial structure associated with the cumulative probability of daily streamflow.
Several variations of these mapping techniques were evaluated in a network of
182 minimally-developed basins in the southeastern United States. The resulting
predictions of streamflow series were assessed with 26 performance metrics.
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These metrics were condensed using a robust rank-based evaluation as well as a
critical evaluation of the distribution of the daily prediction errors. Overall, daily
streamflow predictions based on kriging the daily logarithms of unit discharge
produced the best results across both sites and performance metrics.
The approach introduced here is more computationally complex than the
traditional drainage area ratio method. However, the approaches introduced here
were found to present several benefits, including numerous extensions for future
research. Importantly, the analysis led to the following conclusions: (1) In
general, automated mapping techniques based on ordinary kriging can provide
considerable advantages over single-index transfer techniques for predicting time
series of daily streamflow at an ungaged site. It is likely that this advantage arises
because the mapping techniques make more extensive use of the regional or
spatial information content of the streamgage network. (2) The daily variograms
used to predict daily unit streamflow exhibited some temporal variability.
However, it is possible that this variability may represent a fluctuation around a
stable regional variogram. Further research along these lines is warranted. (3)
Mapping techniques using ordinary kriging are shown to provide relatively
accurate first-order approximations of daily streamflow records. Top-kriging,
based on the topological structure of the stream network, while surely a
methodological improvement, may represent only a marginal advantage over
ordinary kriging. Again, further research is warranted. (4) Mapping techniques
based on kriging, like many formal modeling approaches, result in reductions in
the variability of streamflow records. This reduction leads to a contraction of the
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tails of the distribution. Future studies should consider the integration of model
uncertainty into such procedures. Such a consideration may lead to improvements
in the extreme tail behavior of predicted daily flows, a very important
characteristic of any modeling effort for water management applications.
Exploration of the utility of kriging methods for hydrologic prediction in
ungaged basins is sure to continue to be an extremely interesting field of research.
As the PUB field begins to embrace temporal kriging models, many avenues for
future research will open. Firstly, a strict comparison of top-kriging and ordinary
kriging could be attempted to quantify the advantages of the integration of
additional spatial structure in terms of the ability to predict time series of daily
streamflows. It may then be useful to continue to explore and develop techniques
for temporally simultaneous solutions to hydrological kriging systems, so-called
spatio-temporal kriging.

One of the most pressing challenges facing kriging

models and, more generally, all hydrologic modeling is the issue of model
uncertainty and variability reduction. If the variability of prediction models can
be preserved, it may be possible to couple statistical models and process-based
models to explore the hydrologic behavior of ungaged regions more explicitly.
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Appendix 2.A
Effective Contributing
Drainage Area Ratio
In interpreting our results, it will be useful to examine Eqs. 2.6 and 2.7
more carefully. As defined in Eq. 2.4, 𝐸𝐸[𝑄𝑄∗𝑟𝑟 ] designates the rth moment of the
streamflow in the unit-area reference watershed. As suggested by previous scaling

analyses of peak flow, in particular the toy model of Gupta et al. (1996), and also
the partial area concept of runoff generation (e.g., Betson (1964) and Dunne and
Black (1970)), it is useful to think of the reference streamflow, 𝑄𝑄∗ , as consisting

of the product of effective contributing drainage area, 𝐴𝐴𝑐𝑐 , and an effective runoff

intensity over that contributing area, 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒 , so that 𝑄𝑄∗ = 𝐴𝐴𝑐𝑐 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒 . According to

this model, these quantities, as a product, determine the intercept of our scaling
models but cannot be obtained separately by the methods employed in this study.
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Then at a basin of drainage area 𝐴𝐴𝑖𝑖 , according to Eq. 2.6, the rth power

mean of discharge from that basin

𝑟𝑟

1/𝑟𝑟

(𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ])1/𝑟𝑟 = �𝐸𝐸��𝐴𝐴𝑐𝑐,𝑖𝑖 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 � ��

Eq. 2.A.1

is given by
𝛽𝛽

𝑟𝑟

𝛽𝛽

1/𝑟𝑟

𝐴𝐴𝑖𝑖 𝑟𝑟 (𝐸𝐸[𝑄𝑄∗𝑟𝑟 ])1/𝑟𝑟 = 𝐴𝐴𝑖𝑖 𝑟𝑟 �𝐸𝐸��𝐴𝐴𝑐𝑐 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒 � ��

Eq. 2.A.2

That is, the reference basin behavior is simply rescaled by multiplying by

𝛽𝛽

𝐴𝐴𝑖𝑖 𝑟𝑟 . (Recall that, having been divided by a unit area, 𝐴𝐴𝑖𝑖 is now unitless.)

Expanding this expression in terms of the effective contributing drainage area and
effective runoff intensity we have
𝑟𝑟

1/𝑟𝑟

(𝐸𝐸[𝑄𝑄𝑖𝑖𝑟𝑟 ])1/𝑟𝑟 = �𝐸𝐸��𝐴𝐴𝑐𝑐,𝑖𝑖 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 � ��

𝛽𝛽

𝑟𝑟

1/𝑟𝑟

= 𝐴𝐴𝑖𝑖 𝑟𝑟 �𝐸𝐸��𝐴𝐴𝑐𝑐 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒 � ��

Eq. 2.A.3

Similar to the inability to separate the effective contributing drainage area
and runoff intensity at the reference basin by using the intercept, how the effective
contributing drainage area and runoff intensity separately scale up to drainage
area 𝐴𝐴𝑖𝑖 is not available from the analysis presented in this paper.

For purposes of discussion and interpretation, however, assume that the

effective runoff intensity is independent of scale, though still depending on
moment order, r.

In that case all the rescaling comes from changes in the

effective contributing drainage area, 𝐴𝐴𝑐𝑐 , and Eq. 2.A.3 reduces to
𝑟𝑟

1/𝑟𝑟

�𝐸𝐸��𝐴𝐴𝑐𝑐,𝑖𝑖 � ��
so that

𝛽𝛽

= 𝐴𝐴𝑖𝑖 𝑟𝑟 (𝐸𝐸[(𝐴𝐴𝑐𝑐 )𝑟𝑟 ])1/𝑟𝑟
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𝛽𝛽
𝐴𝐴𝑖𝑖 𝑟𝑟

𝑟𝑟

𝐸𝐸��𝐴𝐴𝑐𝑐,𝑖𝑖 � �

=�

𝐸𝐸[(𝐴𝐴𝑐𝑐 )𝑟𝑟 ]

1/𝑟𝑟

�

Eq. 2.A.5.
𝑟𝑟

1/𝑟𝑟

For simplicity, we can rewrite �𝐸𝐸��𝐴𝐴𝑐𝑐,𝑖𝑖 � ��

as 𝐴𝐴𝑐𝑐,𝑖𝑖 (𝑟𝑟) and

(𝐸𝐸[(𝐴𝐴𝑐𝑐 )𝑟𝑟 ])1/𝑟𝑟 as 𝐴𝐴𝑐𝑐 (𝑟𝑟). These quantities can be interpreted as the contributing
areas of the basin i and the reference basin, respectively, at moment order r. Eq.
2.A.5 can then be rewritten as
𝛽𝛽

𝐴𝐴𝑖𝑖 𝑟𝑟 =

𝐴𝐴𝑐𝑐,𝑖𝑖 (𝑟𝑟)

Eq. 2.A.6.

𝐴𝐴𝑐𝑐 (𝑟𝑟)

𝛽𝛽

This expression shows that 𝐴𝐴𝑖𝑖 𝑟𝑟 can be interpreted as the ratio of the

effective contributing drainage area at the scale of basin i, namely 𝐴𝐴𝑖𝑖 , and
moment order r to the effective contributing drainage area of the unit-area
reference basin at moment order r.

More simply, this term represents the

“effective contributing drainage area ratio” at scale 𝐴𝐴𝑖𝑖 and moment order r.
𝛽𝛽

Further, if we divide 𝐴𝐴𝑖𝑖 𝑟𝑟 by the total drainage areas 𝐴𝐴𝑖𝑖 , then we have
𝛽𝛽

𝐴𝐴𝑖𝑖 𝑟𝑟
𝐴𝐴𝑖𝑖

𝛽𝛽 −1

= 𝐴𝐴𝑖𝑖 𝑟𝑟

=

𝐴𝐴𝑐𝑐,𝑖𝑖 (𝑟𝑟)

𝐴𝐴𝑖𝑖 𝐴𝐴𝑐𝑐 (𝑟𝑟)

Eq. 2.A.7,

𝛽𝛽 −1

This set of equalities shows that 𝐴𝐴𝑖𝑖 𝑟𝑟

can be interpreted as the fractional

effective contributing area at scale 𝐴𝐴𝑖𝑖 and moment order r. Therefore when the

scaling exponent is less than one, the fractional effective contributing area ratio
decreases with increasing scale; when the scaling exponent is greater than one, it
increases.
An analogous analysis of the quantile representation of the scaling leads to
the expression
𝛽𝛽

𝐴𝐴𝑖𝑖 𝑝𝑝 =

𝐴𝐴𝑐𝑐,𝑖𝑖 (𝑝𝑝)
𝐴𝐴𝑐𝑐 (𝑝𝑝)

Eq. 2.A.8,
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which can be interpreted as the effective contributing drainage area ratio
at scale 𝐴𝐴𝑖𝑖 and exceedance probability p, and to
𝛽𝛽𝑝𝑝

𝐴𝐴𝑖𝑖

𝐴𝐴𝑖𝑖

𝛽𝛽 −1

= 𝐴𝐴𝑖𝑖 𝑝𝑝

=

𝐴𝐴𝑐𝑐,𝑖𝑖 (𝑝𝑝)

Eq. 2.A.9,

𝐴𝐴𝑖𝑖 𝐴𝐴𝑐𝑐 (𝑝𝑝)

The fractional effective contributing drainage area ratio at scale 𝐴𝐴𝑖𝑖 and

exceedance probability p.

Note also that when viewed from the perspective of dependence on
moment order (r) or exceedance probability (p), this analysis allows for changes
in effective contributing drainage area in line with the partial area concept, e.g., as
the flows get larger (r gets bigger or p gets smaller), then the effective
contributing drainage area 𝐴𝐴𝑐𝑐 and runoff intensity 𝑄𝑄𝑒𝑒𝑒𝑒𝑒𝑒 at the reference scale can

also increase. Indeed this increase is given empirically by the intercept terms:
ln(𝐸𝐸[𝑄𝑄∗𝑟𝑟 ]) in the case of moment analysis, and ln(𝑄𝑄∗,𝑝𝑝 ) in the case of the quantile
analysis.
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Appendix 2.B
Omitted Variable Bias
Omitted Variable Bias (OVB) is discussed in most textbooks that address
multivariate regression in some detail (as in Wooldridge (2009)). A brief outline
is provided here. The goal of linear regression is to provide estimates of the
coefficients in the following relationship:
𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1 𝑋𝑋1 + 𝑢𝑢

Eq. 2.B.1

where Y is the dependent variable of interest, X is the independent

predictor and u is a normally distributed random error with a mean of zero and a
fixed standard deviation. In practice, the slope parameter, 𝛽𝛽1, is estimated as
𝑛𝑛

�

∑ �𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �𝑌𝑌𝑖𝑖
𝛽𝛽̂1 = 𝑖𝑖=1
2
𝑛𝑛

Eq. 2.B.2

∑𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋�1 �

where 𝑋𝑋� is the mean value of X, with n paired observations of (X, Y). It

can be shown that 𝛽𝛽̂1 is an unbiased estimator of 𝛽𝛽1, so that 𝐸𝐸�𝛽𝛽̂1 � = 𝛽𝛽1. This is
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done by plugging Eq. 2.B.1 into Eq. 2.B.2, simplifying and taking the expectation,
recognizing that the covariance of X and u must be zero.
OVB appears when Eq. 2.B1 is not valid.

Instead, the true

relationship may be something like:
𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1 𝑋𝑋1 + 𝛽𝛽2 𝑋𝑋2 + 𝑢𝑢

Eq. 2.B.3

where 𝑋𝑋2 is an additional independent variable. Taking the expectation of

𝛽𝛽̂1 with this new knowledge uncovers a systematic bias. Combine Eq. 2.B.3 into
Eq. 2.B.2 and simplify:
𝑛𝑛

�

∑ �𝑋𝑋 −𝑋𝑋 ��𝛽𝛽 +𝛽𝛽 𝑋𝑋 +𝛽𝛽 𝑋𝑋 +𝑢𝑢 �
𝛽𝛽�1 = 𝑖𝑖=1 1,𝑖𝑖 1𝑛𝑛 0 1 1,𝑖𝑖 2 2 2,𝑖𝑖 𝑖𝑖

𝛽𝛽�1 = 𝛽𝛽0

Eq. 2.B.4

∑𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋�1 �

�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �

2

�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �

�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �(𝑢𝑢𝑖𝑖 )
�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �

+ 𝛽𝛽1

�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 ��𝑋𝑋1,𝑖𝑖 �
�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �

2

+ 𝛽𝛽2

�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 ��𝑋𝑋2,𝑖𝑖 �
�
∑𝑛𝑛
𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �

2

+

Eq. 2.B.5

2

𝑛𝑛

𝑛𝑛

�

�

∑ �𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �(𝑢𝑢𝑖𝑖 )
∑ �𝑋𝑋 −𝑋𝑋 ��𝑋𝑋 �
𝛽𝛽�1 = 𝛽𝛽1 + 𝛽𝛽2 𝑖𝑖=1𝑛𝑛 1,𝑖𝑖 1 22,𝑖𝑖 + 𝑖𝑖=1
2
𝑛𝑛
∑𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋�1 �

Eq. 2.B.6

∑𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋�1 �

because ∑𝑛𝑛𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 − 𝑋𝑋�1 � = 0 and ∑𝑛𝑛𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 − 𝑋𝑋�1 ��𝑋𝑋1,𝑖𝑖 � = ∑𝑛𝑛𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −

2
𝑋𝑋�1 � . The expectation of Eq. 2.B.6 is then
𝑛𝑛

�

𝑛𝑛

�

∑ �𝑋𝑋 −𝑋𝑋 ��𝑋𝑋 �
∑ �𝑋𝑋1,𝑖𝑖 −𝑋𝑋1 �(𝑢𝑢𝑖𝑖 )
𝐸𝐸�𝛽𝛽�1 � = 𝛽𝛽1 + 𝛽𝛽2 𝐸𝐸 � 𝑖𝑖=1𝑛𝑛 1,𝑖𝑖 1 22,𝑖𝑖 � + 𝐸𝐸 � 𝑖𝑖=1
2 �
𝑛𝑛
∑𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋�1 �

𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋1 ,𝑋𝑋2 )
𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋1 ,𝑢𝑢)
𝐸𝐸�𝛽𝛽�1 � = 𝛽𝛽1 + 𝛽𝛽2
+
)
)
𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋1

𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋1
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∑𝑖𝑖=1�𝑋𝑋1,𝑖𝑖 −𝑋𝑋�1 �

Eq. 2.B.7

Eq. 2.B.8
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𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋1 ,𝑋𝑋2 )
𝐸𝐸�𝛽𝛽�1 � = 𝛽𝛽1 + 𝛽𝛽2
≠ 𝛽𝛽1
)
𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋1

Eq. 2.B.9

because 𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋1 , 𝑢𝑢) = 0. So by excluding significant variables that show

some correlation with the included variables (𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋1 , 𝑋𝑋2 ) ≠ 0), bias given by
𝛽𝛽2

𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋1 ,𝑋𝑋2 )
𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋1 )

is introduced into the estimator.
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Table 3.A.1 A summary of sites where small portions of the historical record were completed using alternative techniques.
Station
02186000

02331600

State
SC

GA

Summary of missing data

Techniques used to complete record

WY 1990: 8 consecutive days (Aug22-Aug29)

Filled from published Water Data Reports
(WDRs).

WY 1993: 23 assorted days between Jun30 and Aug18
WY 1996: 1 day (Jul6)

Filled from published WDRs.

WY 1999: 16 days (Sep11-Sep27, except Sep22)

Filled from local National Water Information
System (NWIS) database.

WY 1988: 2 days (Dec31, Jan1)
WY 1989: 33 days (Jan31, May28-Jun28)
02350600

GA

WY 1990: 1 day (Oct1)

Filled using MOVE.1 procedure based on the
index site 02350900.

WY 1998: 1 day (Jul06)
WY 2002: 6 days (Aug10-11, Aug13-14, Sep12-13)
02420000

AL

03455000

TN

03491000
03536550

TN
TN

WY 2007: 3 days (Dec23, Jul20, Jul26)
WY 1987: 1 day (Oct1)

Filled from local NWIS database.
Filled from local NWIS database.

WY 2008: 1 day (Oct1)
WY 2002: 1 day (Mar18)
WY 1997: 2 days (Feb18, Mar11)

Estimated by Water Science Center.
Filled from local NWIS database.
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Appendix 3.B
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Table 3.B.1 A description of all basin characteristics considered as potential explanatory variables in the various regressions
conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name

Source

Class

ASPECT_DEGREES

Gages-II

Topo

AWCAVE

Gages-II

Soils

BAS_COMPACTNESS

Gages-II

Bas_Morph

BDAVE

Gages-II

Soils

CDL_CORN

Gages-II

LC_Crops

CDL_OTHER_HAYS

Gages-II

LC_Crops

CDL_PASTURE_GRASS

Gages-II

LC_Crops

Description
Mean watershed aspect, degrees (degrees of the
compass, 0-360). Derived from 100-m resolution
National Elevation Data. 0 and 360 point to north.
Because of the national Albers projection, actual
aspect may vary.
Average value for the range of available water capacity
for the soil layer or horizon (inches of water per inches
of soil depth).
Watershed compactness ratio, 100 times the area
dividedby the squared perimeter; higher values
represetn a more compact shape.
Average value of bulk density (grams per cubic
centimeter).
Percent of the watershed classified as corn cropland.
Class 1 of the 2009 USDA NASS Cropland Data Layer.
Percent of the watershed classified as other hays
cropland. Class 37 of the 2009 USDA NASS Cropland
Data Layer.
Percent of the watershed classified as pasture/grass
cropland. Class 62 of the 2009 USDA NASS Cropland
Data Layer.
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name
CLAYAVE

Source
Gages-II

Class
Soils

CONTACT

Hydro

CORNSOYBEAN_index

Gages-II
Derived
(Gages-II)

CROPSNLCD06

Gages-II

LC06_Basin

DECIDNLCD06

Gages-II

LC06_Basin

DRAIN_SQKM

Gages-II

BasinID

ELEV_MAX_M

Gages-II

Topo

ELEV_MEAN_M_BASIN

Gages-II

Topo

ELEV_MEDIAN_M_BASIN Gages-II

Topo

ELEV_MIN_M

Gages-II

Topo

EVERGRNLCD06

Gages-II

LC06_Basin

LC06_Basin

Description
Average value of clay content (percentage).
Subsurface flow contact time index. The subsurface
contact time index estimates the number of days that
infiltrated water resides in the saturated subsurface
zone of the basin before discharging into the stream.
Summation of CDL_CORN and CDL_SOYBEANS.
Percentage of the watershed classified as cultivated
crops (class 82).
Percentage of the watershed classified as deciduous
forest (class 41).
Watershed drainage area, sq km, as delineated in our
basin boundary.
Maximum watershed elevation (meters) from 100-m
National Elevation Dataset.
Mean watershed elevation (meters) from 100-m
National Elevation Dataset.
Median watershed elevation (meters) from 100-m
National Elevation Dataset.
Minimum watershed elevation (meters) from 100-m
National Elevation Dataset (may include sinks).
Percentage of the watershed classified as evergreen
forest (class 42).
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name

Source

Class

FORESTNLCD06

LC06_Basin

FROST_index

Gages-II
Derived
(Gages-II)
Derived
(Gages-II)

FST32F_BASIN

Gages-II

Climate

GRASSNLCD06

Gages-II

LC06_Basin

JAN_TMP7100_DEGC

Gages-II

Climate

JUL_TMP7100_DEGC

Gages-II

Climate

FracP

Climate
Climate

Description
Percentage of the watershed classified as forested.
(Sum of classes 41, 42, and 43.)
Monthly precipitation (12 values) as a fraction of
annual total precipitation.
Number of days between first frost (FST32F_BASIN)
and last frost (LST32F_BASIN).
Watershed average of mean day of the year of first
freeze, derived from 30 years of record (1961-1990), 2km PRISM. For example, value of 300 is the 300th day
of the year (Oct 27th).
Percentage of the watershed classified as herbaceous
(grassland) (class 71).
Average January (1971-2000) air temperature for the
watershed, degrees C; derived from 800-m PRISM
data.
Average July (1971-2000) air temperature for the
watershed, degrees C; derived from 800-m PRISM
data.
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name

Source

Class

KFACT_UP

Soils

LAND_index

Gages-II
Derived
(Gages-II)

LST32F_BASIN

Gages-II

Climate

MAR_PPT7100_CM

Climate

MonP

Gages-II
Derived
(Gages-II)

MonT

Derived
(Gages-II)

Climate

OCT_PPT7100_CM

Gages-II

Climate

LC06_Basin

Climate

Description
Average K-factor value for the uppermost soil horizon
in each soil component. K-factor is an erodibility factor
that quantifies the susceptibility of soil particles to
detachment and movement by water. The K-factor is
used in the Universal Soil Loss Equation (USLE) to
estimate soil loss by water. Higher values of K-factor
indicate greater potential for erosion.
Summation of WOODYWETNLCD06 and
EVERGRNLCD06.
Watershed average of mean day of the year of last
freeze, derived from 30 years of record (1961-1990), 2km PRISM. For example, value of 100 is the 100th day
of the year (April 10th).
Average March (1971-2000) precipitation (cm) for the
watershed; derived from 800-m PRISM data.
Average precipitation (cm) for the watershed for each
month (12 values); derived from 800-m PRISM data.
Average air temperature (1971-2000) for the
watershed for each month (12 values), degrees C;
derived from 800-m PRISM data.
Average October (1971-2000) precipitation (cm) for
the watershed; derived from 800-m PRISM data.
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name

Source

OMAVE

Gages-II

PASTURENLCD06
GEOPERM
PERMAVE

Gages-II
Gleeson
et al.
(2011)
Gages-II

PET

Gages-II

PLANTNLCD06
PPT_index

Gages-II
Derived
(Gages-II)

PPTAVG_BASIN

Gages-II

PRECIP_SEAS_IND

Gages-II

Class

Description
Average value of organic matter content (percent by
Soils
weight).
Percentage of the watershed classified as pasture or
LC06_Basin hay (class 81).
Geology
Soils

Geological permeability.
Average permeability (inches/hour).
Mean-annual potential evapotranspiration (PET),
Climate
estimated using the Hamon (1961) equation.
Percentage of the watershed classified as planted or
LC06_Basin cultivated (agriculture). (Sum of classes 81 and 82.)
Difference between March and October precipitation as
Climate
a fraction of the average precipitation.
Mean annual precip (cm; 1971-2000) for the watershed,
Climate
from 800-m PRISM data.
Precipitation seasonality index. Index of how much
annual precipitation falls seasonally (high values) or
spread out over the year (low values). Based on
monthly precipitation values from 30-year (1971-2000)
PRISM. Range is 0 (precipitation is spread out exactly
evenly in each month) to 1 (all precip falls in a single
Climate
month).
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name
RELIEFFT

Source
Derived
(Gages-II)

RFACT

Gages-II

RH_BASIN
ROCKDEPAVE

Gages-II
Gages-II

RRMEAN

Gages-II

RRMEDIAN
SANDAVE

Gages-II
Gages-II

SHRUBNLCD06
SILTAVE

Gages-II
Gages-II

SLOPE_PCT

Gages-II

SNOW_PCT_PRECIP

Gages-II
Derived
(Gages-II)

StanP

Class

Description
Basin relief. (Maximum elevation minus minimum
Topo
elevation.)
Average annual (1971-2000) rainfall and runoff factor
Soils
("R factor" of USLE).
Watershed average (1971-2000) relative humidity
Climate
(percent), from 2-km PRISM.
Soils
Average value of total soil thickness examined (inches).
Dimensionless elevation relief ratio, calculated as as the
difference between mean and minimum elevation
Topo
divided by the full range of elevations.
Dimensionless elevation relief ratio, calculated as as the
difference between median and minimum elevation
Topo
divided by the full range of elevations.
Soils
Average sand content of soils (percentage).
Percentage of the watershed classified as shrubland
LC06_Basin (class 52).
Soils
Average silt content of soils (percentage).
Mean watershed slope, percent; derived from 100-m
Topo
resolution National Elevation Dataset.
Estimated snow as a percent of total precipitation,
Climate
mean for period 1901-2000 on a 1-km grid.
Monthly precipitation, standardized by mean and
Climate
standard deviation of monthly precipitation.
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name

Source

Class

StanT

Derived
(Gages-II)

Climate

T_AVG_BASIN

Gages-II

Climate

T_index

Derived
(Gages-II)

Climate

T_MAX_BASIN

Gages-II

Climate

T_MIN_BASIN

Gages-II

Climate

Description
Monthly average temperature standardized by mean
and standard deviation of monthly average
temperature.
Average annual air temperature (1971-2000) for the
watershed, degrees C; derived from 2-km PRISM data.
Difference between the average July temperature and
January temperature, less the basin average
temperature.
Watershed average of maximum monthly air
temperature (degrees C, 1971-2000) from 800-m PRISM
data.
Watershed average of minimum monthly air
temperature (degrees C, 1971-2000) from 800-m PRISM
data.
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Table 3.B.1 (continued) A description of all basin characteristics considered as potential explanatory variables in the various
regressions conducted as part of the Southeast Model Comparison.
[GAGES-II can be found in Falcone and others (2009) and in Falcone (2011). cm, centimeter; m, meter]
Variable Name

Source

TOPWET

Gages-II

WATERNLCD06

Gages-II

WOODYWETNLCD06

Gages-II

WTDEPAVE

Gages-II

Class

Description
Topographic wetness index. Calculated as ln(a/S),
where "ln" is the natural log, "a" is the upslope area per
unit contour length and "S" is the slope at that point.
See
http://ks.water.usgs.gov/Kansas/pubs/reports/wrir.99Hydro
4242.html for more detail.
Percentage of the watershed classified as open water
LC06_Basin (class 11).
Percentage of the watershed classified as woody
LC06_Basin wetlands (class 90).
Average value of depth to seasonally high water table
Soils
(feet).

271

FDC
Regressions

Moment
Regressions

X

X

X

X

X

X

X

X

Appendix 3.C
Distributions of All Performance Metrics

272

APPENDIX 3.C
This appendix supplements the material presented in the body of chapter
3. It is included only as documentation of the complete analysis and is meant to
encourage further research. Herein, little attempt is made to explain any of the
particularities of data. Full figures of all metrics considered and discussed in the
report body are included.

Overall Goodness-of-Fit of Estimated Streamflow
Records
NASH-SUTCLIFFE EFFICIENCY OF ESTIMATED DAILY STREAMFLOW
The Nash-Sutcliffe efficiency of daily streamflow (NSE) quantifies how
accurately the day-by-day observations of streamflow are reproduced in the
estimated record. The distribution of the at-site NSEs for each prediction of
ungaged basins (PUB) method is shown in Figure 3.C.1. The horizontal axis
indicates the PUB methods while the vertical axis shows the calculated efficiency.
Most of the methods do poorly, with those based on annual moments performing
worst. In general, it can be seen that the transfer-based methods using the nearestneighbor algorithm to select an index gage perform better than those that rely on
the map-correlation algorithm. The best methods are the nearest-neighbor
implementations of the drainage area ratio, QPPQ, monthly standardizations
(SMS12 and SM12), and the Precipitation Runoff Modeling System (PRMS) and
NN-AFINCH.
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Figure 3.C.1 The distribution of the at-site Nash-Sutcliffe efficiencies of daily
streamflow predictions for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The NashSutcliffe efficiency is along the vertical axis. Nash-Sutcliffe efficiency ranges
from one to negative infinity; a value of one indicates a perfect fit, while a value
of zero indicates that a mean value would have produced the same level of
accuracy. (The dark line indicates the median of the distribution, the box outlines
the 25th and 75th percentiles, and the whiskers extend to the data point a distance
not more than 1.5 times the interquartile range away from the nearest quartile.
Data points beyond this whisker length are defined as outliers and, to increase the
visibility of the distribution, have not been drawn.) Method abbreviations are in
Table 3.1.

NASH-SUTCLIFFE EFFICIENCY OF THE LOGARITHMS OF ESTIMATED
DAILY STREAMFLOW
The Nash-Sutcliffe efficiency of the logarithms of non-zero daily
streamflow (NSEL) captures the day-by-day performance of the model but is
somewhat less sensitive to outliers in the analysis. Taking the logarithms of the
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non-zero flows removes some of the extreme skew in the record. As a result, the
statistic is more robust. While NSE is largely dominated by large errors in large
flows, the NSEL may be more sensitive to errors in the smaller flows. The
distribution of NSEL for each PUB method is shown in Figure 3.C.2. Even
though the values of NSEL are slightly greater than the NSE, suggesting better
performance, the conclusions remain similar:

Methods relying on annual

moments do not reproduce the record well. Transfer-based approaches using
nearest-neighbor are superior to those relying on map correlation. The best
methods remain the nearest-neighbor implementations of the drainage area ratio,
QPPQ, monthly standardizations (SMS12 and SM12), and the PRMS and NNAFINCH.

ROOT-MEAN-SQUARE ERROR OF ESTIMATED DAILY STREAMFLOW
The root-mean-square error (RMSE) of daily streamflow is a function of
the Nash-Sutcliffe efficiency and the variability of the observed record. Because
the RMSE is a mean value of highly skewed data, the statistic is highly sensitive
to extreme values. The result is the large values of RMSE seen in Figure 3.C.3.
The conclusions reached by considering the NSE are nearly identical to those seen
derived from the RMSE. The errors are greatest for methods relying on annual
moments; nearest-neighbor outperforms map correlation. The nearest-neighbor
implementations of the drainage area ratio, QPPQ, monthly standardizations
(SMS12 and SM12), and the PRMS and NN-AFINCH all perform well.
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Figure 3.C.2 The distribution of the at-site Nash-Sutcliffe efficiencies of the
logarithms of daily streamflow predictions for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis.
Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one
indicates a perfect fit, while a value of zero indicates that a mean value would
have produced the same level of accuracy. (The dark line indicates the median of
the distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

276

APPENDIX 3.C

Figure 3.C.3 The distribution of the at-site root-mean-square errors of daily
streamflow predictions for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The vertical
axis indicates the root-mean-square error in units of streamflow. Lower values
represent less error, on average. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

ROOT-MEAN-SQUARE-NORMALIZED ERROR OF ESTIMATED DAILY
STREAMFLOW
Because the RMSE is in streamflow units, it is difficult to compare the
RMSE at one site to the RMSE at another site, especially if the streamflows
between the sites are starkly different. This can be corrected by normalizing each
error by the observation, much like a percent difference. Conducting this process
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produces the root-mean-square-normalized error (RMSNE) of daily streamflow.
The RMSNE is defined for a given site as:
1

𝑆𝑆𝑖𝑖 −𝑂𝑂𝑖𝑖 2

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �𝑛𝑛 ∑𝑛𝑛𝑖𝑖=1 �

𝑂𝑂𝑖𝑖

�

Eq. 3.C.1

where S is the simulated streamflow and O is the observed streamflow on day i
out of n days. The distributions of RMSNE are shown in Figure 3.C.4. Because
the RMSNE is still a mean value, the errors can appear large. Still, the message is
the same: The annual methods are weakest; NN outperform MC; the best methods
are the nearest-neighbor implementations of the drainage area ratio, QPPQ,
monthly standardizations (SMS12 and SM12), and PRMS and NN-AFINCH.

AVERAGE PERCENT ERROR OF ESTIMATED DAILY STREAMFLOW
The average percent error of daily streamflow gives an indication how
accurate each PUB method is on a given day. As can be seen in Figure 3.C.5, all
of the PUB methods here show a positive bias and vary widely. The annual
methods show the greatest range and magnitude of error. The bias in the mapcorrelation results is of a greater magnitude than the nearest-neighbor results and
shows a wider range of variability. The average percent error is distinct from but
similar to the percent bias, which is discussed as the average error in the mean
below.
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Figure 3.C.4 The distribution of the at-site root-mean-square-normalized errors
of daily streamflow predictions for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis indicates the root-mean-square-normalized error. Lower values
represent less error, on average. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.5 The distribution of at-site average percent errors of daily streamflow
predictions for each method of prediction in ungaged basins (PUB) is considered
here. The horizontal axis indicates each PUB method. The vertical axis shows the
average percent bias. Unbiased methods display a median near zero and minimum
variability of at-site bias. (The dark line indicates the median of the distribution,
the box outlines the 25th and 75th percentiles, and the whiskers extend to the data
point a distance not more than 1.5 times the interquartile range away from the
nearest quartile. Data points beyond this whisker length are defined as outliers
and, to increase the visibility of the distribution, have not been drawn.) Method
abbreviations are in Table 3.1.

PEARSON CORRELATION BETWEEN OBSERVED AND ESTIMATED DAILY
STREAMFLOW
The Pearson correlation between observed and estimated streamflow
quantifies the agreement between the two records. If the estimated series is a
perfect prediction of the observations, the couplets of observed and estimated
flow would fall along a one-to-one line and the Pearson correlation would be one.
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The distribution of the observed Pearson correlations for each PUB method is
shown in Figure 3.C.6. It is immediately apparent that the nearest-neighbor
approaches are superior to the map-correlation implementations. From this
measure, the annual methods appear more competitive than before. From this
result, the choice of index gage seems to drive the Pearson correlation most. The
PRMS model tracks closest with the nearest-neighbor approaches, while the two
AFINCH group align with their index-gage cohorts.

SPEARMAN CORRELATION BETWEEN OBSERVED AND ESTIMATED DAILY
STREAMFLOW
The Spearman correlation between observed and estimated streamflow
captures the agreement between the ranks of the observed and estimated flows.
Unlike Pearson, the magnitude of error plays little part in Spearman, which relies
only on the relative ranking of magnitudes. By this metric, all of the methods
perform well (Figure 3.C.7). There is still a distinction between nearest-neighbor
and map correlation, but the annual methods do not show the same degree of
weakness seen in other metrics. This result suggests that the relative timing of the
streamflow record is effectively transferred by all methods, but the magnitude of
accumulation of errors drives the low values of Nash-Sutcliffe efficiency.
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Figure 3.C.6 The distribution of at-site Pearson correlations between simulated
and observed daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the Pearson correlation, which ranges from negative to
positive one. A perfect correspondence would exhibit a Pearson correlation of
one. (The dark line indicates the median of the distribution, the box outlines the
25th and 75th percentiles, and the whiskers extend to the data point a distance not
more than 1.5 times the interquartile range away from the nearest quartile. Data
points beyond this whisker length are defined as outliers and, to increase the
visibility of the distribution, have not been drawn.) Method abbreviations are in
Table 3.1.
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Figure 3.C.7 The distribution of at-site Spearman correlations between simulated
and observed daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the Spearman correlation, which ranges from negative to
positive one. A perfect correspondence between ranked streamflow would exhibit
a Spearman correlation of one. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

Ability to Reproduce Observed Storage-Yield Curves
In addition to overall goodness of fit, a reliable PUB method should also
reproduce the cumulative properties and signatures of the streamflow record. The
storage-yield curve (SYC) is one such signature and is used here to assess the
cumulative impact of prediction errors on the possible applications of the
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estimated records. Here, the SYC is estimated using a constant-yield, no-fail,
daily sequent peak algorithm (Thomas and Burden, 1963). See the report body for
more information.

NASH-SUTCLIFFE EFFICIENCY OF ESTIMATED STORAGE-YIELD CURVES
Because the SYCs are generated from a uniform distribution of yield
fractions, data do not exhibit the level of skew seen in the original streamflow
records. Accordingly, the Nash-Sutcliffe efficiency of the SYCs (SYC-NSE) is
more reliable than the NSE of streamflow. From Figure 3.C.8, which shows the
distributions of the SYC-NSE, all of the methods reproduce the SYC well. These
values of NSE are even greater than was seen in the overall goodness of fit. The
standardization of flows with an annual mean and standard deviation is the only
method that fails to reliably reproduce the SYC. There is less of a distinction
between nearest-neighbor and map correlation here, but the NN methods remain
slightly superior. Some of the methods, such as the drainage-area ratio, are highly
sensitive to the index gage.
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Figure 3.C.8 The distribution of the at-site Nash-Sutcliffe efficiencies of the daily
storage-yield curve (SYC) for each method of prediction in ungaged basins (PUB)
is considered here. See text for a description of the methodology used to predict
the SYC. The horizontal axis indicates each PUB method. The Nash-Sutcliffe
efficiency is along the vertical axis. Nash-Sutcliffe efficiency ranges from one to
negative infinity; a value of one indicates a perfect fit, while a value of zero
indicates that a mean value would have produced the same level of accuracy. (The
dark line indicates the median of the distribution, the box outlines the 25th and
75th percentiles, and the whiskers extend to the data point a distance not more
than 1.5 times the interquartile range away from the nearest quartile. Data points
beyond this whisker length are defined as outliers and, to increase the visibility of
the distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.9 The distribution of the at-site Nash-Sutcliffe efficiencies of the
logarithms of the daily storage-yield curve (SYC) for each method of prediction
in ungaged basins (PUB) is considered here. See text for a description of the
methodology used to predict the SYC. The horizontal axis indicates each PUB
method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis.
Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one
indicates a perfect fit, while a value of zero indicates that a mean value would
have produced the same level of accuracy. (The dark line indicates the median of
the distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

NASH-SUTCLIFFE EFFICIENCY OF LOGARITHMS OF ESTIMATED
STORAGE-YIELD CURVES
As before, in the case of skewed data, the NSE of the logarithms of the
nonzero realizations of a quantity might be more reliable than the original NSE.
There is little skew present in the SYC, so the SYC-NSEL—the distributions of
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which are shown in Figure 3.C.9—gives nearly the same message as the NSESYC. Still, the SYC-NSEL suggests an interesting weakness of NN-SMS12R.

ROOT-MEAN-SQUARE ERROR OF ESTIMATED STORAGE-YIELD CURVES
Figure 3.C.10 shows the distribution of root-mean-square error in the
SYC for each PUB method. The best methods are NN-QPPQ, NN-SMS12L, NNSM1, NN-SM12, and MC-SMS12L. In general, the nearest-neighbor methods are
better than the map-correlation methods, but this is not uniformly the case. By this
measure, the more process-based methods (PRMS and AFINCH) do not perform
as well as the transfer-based methods using nearest-neighbor selection criteria.

ROOT-MEAN-SQUARE-NORMALIZED ERROR OF ESTIMATED STORAGEYIELD CURVES
Because there is not much skew in data, normalizing the RMSE does not
greatly alter the conclusions. (See above for calculation of the RMSNE; here the
RMSNE was calculated based on observed (O) and simulated (S) storage.)
Figure 3.C.11 shows the distribution of the root-mean-square-normalized error of
the SYC. The RMSNE-SYC does show an improved performance in the PRMS.
This, in comparison to previous results, suggests that the error is greatest in the
high end of the SYC for the PRMS, but that the error is of a similar proportion
along the SYC. The PRMS may be misrepresenting a portion of the distribution of
flows.
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Figure 3.C.10 The distribution of the at-site root-mean-square errors of the daily
storage-yield curve for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The vertical
axis indicates the root-mean-square error in units of storage fraction (time, storage
volume divided by mean streamflow). Lower values represent less error, on
average. (The dark line indicates the median of the distribution, the box outlines
the 25th and 75th percentiles, and the whiskers extend to the data point a distance
not more than 1.5 times the interquartile range away from the nearest quartile.
Data points beyond this whisker length are defined as outliers and, to increase the
visibility of the distribution, have not been drawn.) Method abbreviations are in
Table 3.1.
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Figure 3.C.11 The distribution of the at-site root-mean-square-normalized errors
of the daily storage-yield curve for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis indicates the root-mean-square-normalized error. Lower values
represent less error, on average. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

AVERAGE PERCENT ERROR OF ESTIMATED STORAGE-YIELD CURVES
The distribution of the average percent error of the estimated storage is
shown in Figure 3.C.12 for each PUB method. Most of the methods show a
significantly positive error on average in the SYC. The PRMS and AFINCH show
a strong underestimate of the SYC. There is only a slight distinction between the
nearest-neighbor set and map-correlation group. NN-DAR produces the smallest
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median error. The percent error is interesting because it can be interpreted as
resulting in overdesign or underdesign. In this case, the process-based models
lead toward underdesign, while the transfer-based models result in only a slight
overdesign.

PEARSON CORRELATION BETWEEN OBSERVED AND ESTIMATED
STORAGE-YIELD CURVES
The Pearson correlations between observed and estimated SYCs are all
quite high (Figure 3.C.13). There is only a slight difference between the nearestneighbor and map-correlation implementations. This uniformly high performance
suggests the errors associated with the daily records of streamflows are smoothed
out, to some degree, when aggregated and sequenced to produce a simplification
like the SYC.

SPEARMAN CORRELATION BETWEEN OBSERVED AND ESTIMATED
STORAGE-YIELD CURVES
Because Spearman correlation only considers the ranks of a series and the
SYC is a simple, monotonic curve, all of the Spearman correlations are nearly
perfect for almost every PUB method shown in Figure 3.C.14. It is, therefore,
remarkable that only the annual standardization of flows with a mean and
standard deviation produces such dissimilar results. All of the other methods
perform well.
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Figure 3.C.12 The distribution of at-site average percent errors of the daily
storage-yield curve for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The vertical
axis shows the average percent bias. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.13 The distribution of at-site Pearson correlations between the
simulated and observed daily storage-yield curves for each method of prediction
in ungaged basins (PUB) is considered here. The horizontal axis indicates each
PUB method. The vertical axis shows the Pearson correlation, which ranges from
negative to positive one. A perfect correspondence would exhibit a Pearson
correlation of one. (The dark line indicates the median of the distribution, the box
outlines the 25th and 75th percentiles, and the whiskers extend to the data point a
distance not more than 1.5 times the interquartile range away from the nearest
quartile. Data points beyond this whisker length are defined as outliers and, to
increase the visibility of the distribution, have not been drawn.) Method
abbreviations are in Table 3.1.
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Figure 3.C.14 The distribution of at-site Spearman correlations between the
simulated and observed daily storage-yield curve for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The vertical axis shows the Spearman correlation, which ranges from
negative to positive one. A perfect correspondence between ranked values would
exhibit a Spearman correlation of one. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

Ability to Reproduce Observed Flow Statistics
COEFFICIENT OF VARIATION OF ANNUAL STREAMFLOW
The distribution of percent error in the estimate of annual coefficient of
variation calculated from each estimated flow series is shown in Figure 3.C.15.
The transfer-based methods show general unbiasedness. The best of these
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methods are the nearest-neighbor implementations of the drainage area ratio, and
standardizing by annual or monthly means. The more process-based methods
(PRMS and AFINCH) underestimate the annual coefficient of variation. The
coefficient of variation of the annual flows is calculated by aggregating the daily
flows to annual flows and then taking the ratio of the mean and standard deviation
of these annual flows. This is slightly different than the coefficient of variation of
daily streamflow and the L-CV of daily streamflow, which are discussed below.

COEFFICIENT OF VARIATION OF DAILY STREAMFLOW
All of the PUB methods show more variability in the prediction of the
daily coefficient of variation than in the annual coefficient. The transfer-based
methods all show approximate unbiasedness, but some have a much greater
variability—especially the annual methods (Figure 3.C.16). There is little
difference between the nearest-neighbor and map-correlation cohorts. The same
methods remain strongest: the nearest-neighbor implementations of the drainage
area ratio, and standardizing by annual or monthly means. The more processbased methods (PRMS and AFINCH) continue to produce a strongly negative
median bias. The coefficient of daily flows is the ratio of the mean and standard
deviation of daily flows; for related statistics, see the discussion of the coefficient
of variation of annual streamflow and the L-CV of daily streamflow.
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Figure 3.C.15 The distribution of at-site percent errors in the estimated
coefficient of variation of annual streamflows for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The vertical axis shows the percent error. Unbiased methods display a
median near zero and minimum variability of at-site bias. (The dark line indicates
the median of the distribution, the box outlines the 25th and 75th percentiles, and
the whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.16 The distribution of at-site percent errors in the estimated
coefficient of variation of daily streamflows for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The vertical axis shows the percent error. Unbiased methods display a
median near zero and minimum variability of at-site bias. (The dark line indicates
the median of the distribution, the box outlines the 25th and 75th percentiles, and
the whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

10TH PERCENTILE OF THE 7-DAY AVERAGE ANNUAL-MINIMUM
STREAMFLOWS
The error in low-flow statistics is much more variable than in other
metrics. The distribution of errors in the 10th percentile of the 7-day average
annual-minimum event is shown in Figure 3.C.17 for each PUB method. Except
for the PRMS, most of the competitive methods show a negative error. The
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SMS12R method produces the greatest magnitude of error, on average. NNSMS12L produces the best balance between median bias and variability of bias.
The 10th percentile of the 7-day average annual-minimum streamflow is based on
the empirical distribution of 7-day average annual minimums; this is related to but
distinct from the 10-year, 7-day average annual minimum, which is typically
calculated by fitting a log-Pearson distribution.

50TH PERCENTILE OF THE 7-DAY AVERAGE ANNUAL-MINIMUM
STREAMFLOWS
The 50th percentile of the 7-day average annual-minimum event shows
slightly more variability across PUB methods than the 10th percentile. The
distributions of these percent errors are shown in Figure 3.C.18. Only the NNDAR and NN-SM12 show minimal bias on average. NN-SM12 offers a median
error of -3 percent with a relatively small amount of spread. NN-SMS12L shows
smaller variability, but with a greater magnitude of median error (-16 percent). As
with the 10th percentile, the 50th percentile of the 7-day average annual minimum
is closely related to the 2-year, 7-day average annual minimum. The 10th
percentile was calculated using only an empirical distribution of 7-day average
annual minimums rather than fitting a specific distribution.
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Figure 3.C.17 The distribution of at-site percent errors in the estimated 10th
percentile of the distribution of 7-day average annual-minimum events for each
method of prediction in ungaged basins (PUB) is considered here. This event is
related to the 10-year, 7-day average annual event. The horizontal axis indicates
each PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.18 The distribution of at-site percent errors in the estimated 50th
percentile of the distribution of 7-day average annual-minimum events for each
method of prediction in ungaged basins (PUB) is considered here. This event is
related to the 2-year, 7-day annual-minimum event. The horizontal axis indicates
each PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

90TH PERCENTILE OF THE ANNUAL-MAXIMUM STREAMFLOWS
Figure 3.C.19 shows the distribution of errors in the 90th percentile of the
distribution of the annual-maximum events for each PUB method. All of the
transfer-based methods produce a relatively unbiased estimate of this percentile,
on average, with medians ranging from -5 percent to 8 percent. The variability of
bias is greatest for the annual methods with the nearest-neighbor approaches
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showing slightly less variability than the map-correlation applications. The
unbiasedness of this annual-maximum event, when compared to the annual
minimum presented earlier, suggests that all the PUB methods are better at
predicting high flows than low-flow events. Both THE PRMS and both iterations
of AFINCH underestimate the flood event: medians errors of -19 percent, -20
percent, and -29 percent. The 90th percentile of annual-maximum events is
closely related to the 10-year flood. (As with annual minimums above, the 90th
percentile was estimated with an empirical distribution rather than a fitted
distribution.) In light of this relationship, the biasedness of the more processbased approaches ties back to what was seen with the SYC: these methods lead
towards underdesign of water-resources structures, planning smaller reservoirs
than needed, or preparing for smaller floods than might be expected.

DAILY, 90-PERCENT-EXCEEDANCE STREAMFLOW
Considering the 90-percent-exceedance flow again shows that the low
flows are not estimated as well as the high flows. The distribution in the percent
error of the 90-percent-exceedance flow is shown in Figure 3.C.20 for each PUB
method. NN-DAR and NN-SM12 and MC-AFINCH all show general
unbiasedness. The variability of bias is greatest in the annual transfer-based
methods. The PRMS drastically overestimates the low-flow events. The wide
variability of performance pertaining to this statistic demonstrates that the lowflow events are not well represented by most PUB methods.
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Figure 3.C.19 The distribution of at-site percent errors in the estimated 90th
percentile of the distribution of annual-maximum events for each method of
prediction in ungaged basins (PUB) is considered here. This event is related to the
10-year annual-maximum event. The horizontal axis indicates each PUB method.
The vertical axis shows the percent error. Unbiased methods display a median
near zero and minimum variability of at-site bias. (The dark line indicates the
median of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

301

APPENDIX 3.C

Figure 3.C.20 The distribution of at-site percent errors in the estimated 90percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

DAILY, 75-PERCENT-EXCEEDANCE STREAMFLOW
As compared to the error seen in the 90-percent-exceedance flow, the 75percent-exceedance flow shows significantly less variability in performance
(Figure 3.C.21). For all of the transfer-based methods, except the annual method,
unbiasedness (±5 percent) is shown with a reasonable amount of variability. Mapcorrelation causes only a slight exaggeration of the variability of errors. The
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process-based methods show a strong level of bias; the PRMS in particular
continues to overestimate this flow quantile by a median of 51 percent. NN-SM12
balances variability and median error quite well.

DAILY, 50-PERCENT-EXCEEDANCE STREAMFLOW
As one moves along the flow duration curve to consider the median, the
bias in the transfer-based methods continues to improve. The distribution of the
percent error in the median is shown in Figure 3.C.22 for each PUB method. The
annual methods continue to produce a widely variable bias, but the other methods
show a reduction in the variability of error. Both the PRMS and AFINCH
continue to show a distinct positive error.

DAILY, 25-PERCENT-EXCEEDANCE STREAMFLOW
The distribution of the errors in the 25-percent-exceedance flow is not
very different from that seen in the median, except that variability is further
reduced here. The distributions for all of the PUB methods are shown in Figure
3.C.23. The drainage area ratio, QPPQ, and the monthly standardizations all show
median unbiasedness with a much smaller variability than seen previously. The
annual methods overpredict this high-flow event. The more process-based
methods continue to overpredict, though the median is much less egregious here,
especially for the AFINCH realizations. This begins to suggest that the more
process-based methods are strongly driven by high-flow fitting.

303

APPENDIX 3.C

Figure 3.C.21 The distribution of at-site percent errors in the estimated 75percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

304

APPENDIX 3.C

Figure 3.C.22 The distribution of at-site percent errors in the estimated 50percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.23 The distribution of at-site percent errors in the estimated 25percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

DAILY, 10-PERCENT-EXCEEDANCE STREAMFLOW
The distribution of errors in the 10-percent-exceedance event is nearly
identical to the distribution of errors in the 25-percent-exceedance event. The
distributions for every PUB method are shown in Figure 3.C.24. The transferbased methods remain unbiased, with the annual methods continuing to show a
positive bias with a high degree of variability. AFINCH is nearly unbiased, while

306

APPENDIX 3.C
the PRMS continues to show a slightly greater amount of negative bias. As the
bias in the process-based methods is smaller here than in the 25-percentexceedance event, the process-based methods appear to be tied closely to
reproducing high-flow events and the cost of overestimating low flows.

Figure 3.C.24 The distribution of at-site percent errors in the estimated 10percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Ability to Reproduce Fundamental Daily Streamflow
Statistics
It was recently shown that seven statistics can be used to characterize the
distribution of daily streamflow (Archfield and others, 2013). These Fundamental
Daily Streamflow Statistics (FDSS) include the mean daily streamflow, the
coefficient of variation of daily streamflow (L-CV), the skew of daily streamflow
(L-skew), the kurtosis of daily streamflow (L-kurtosis), the lag-1 autocorrelation
coefficient of daily streamflow, and the amplitude and phase of the sinusoidal
seasonal trend of daily streamflow. Reliable PUB methods should accurately
reproduce the distribution of daily streamflow. The following section presents the
errors of each PUB method in reproducing the FDSS.

MEAN DAILY STREAMFLOW
Nearly all of the PUB methods considered here reproduce an unbiased
estimate of the mean daily streamflow. The distribution of the error in the mean is
shown for each PUB method in Figure 3.C.25. This statistic is equivalent to the
percent bias, a common statistical tool for assessing an estimator. The same
methods continue to succeed: nearest-neighbor implementations of DAR, QPPQ,
and monthly standardizations (SM12 and SMS12). The annual methods are not
competitive. The PRMS produces a distinct positive error in the mean, while
AFICH slightly underestimates the mean.
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Figure 3.C.25 The distribution of at-site percent errors in the estimated mean
daily streamflow for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The vertical
axis shows the percent error. Unbiased methods display a median near zero and
minimum variability of at-site bias. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers and, to increase the visibility of the distribution, have not been
drawn.) Method abbreviations are in Table 3.1.

COEFFICIENT OF VARIATION OF DAILY STREAMFLOW (L-CV)
The L-CV of daily streamflow is a more reliable estimate of the variability
of daily streamflow than the normal CV (Vogel and Fennessey, 1993). The
distributions of errors in the L-CV are shown in Figure 3.C.26. The transferbased methods produce a slight positive bias, but are generally unbiased. The least
biased methods are NN-DAR, NN-SM1, and NN-MS12. The PRMS significantly
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underestimates the variability in daily streamflow (median error of -17 percent), a
problem that could have design and management implications. The AFINCH
methods show a slightly negative median error (near -10 percent) as well.

SKEWNESS OF DAILY STREAMFLOW (L-SKEW)
The skewness of the daily record represents the third moment of the
distribution. The distribution of the error in the L-skew for each PUB method is
shown in Figure 3.C.27. Except for NN- and MC-SMS12R, all of the transferbased methods produce unbiased estimates of the L-skew. The PRMS and NNand MC-AFINCH continue to underestimate these higher order moments. The
discrepancy between process-based and transfer-based model behavior suggests
that the error structure is distinctly different between the two approaches; it may
be that the transfer of information solely from an index gage carries some intrinsic
natural behavior.

KURTOSIS OF DAILY STREAMFLOW (L-KURTOSIS)
The L-kurtosis represents the fourth moment of the distribution of daily
streamflow. As can be seen in Figure 3.C.28, the transfer-based methods
continue to produce relatively unbiased estimates of the L-kurtosis while the more
process-based models produce a distinct underestimate. This is further evidence
that the error structure in the predicted records of these two broad approaches is
inherently different. The natural flow information from an index gage, whereas
AFINCH only transfers relative timing, improves the reproducibility of the
parameters of the distribution of daily streamflow.
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Figure 3.C.26 The distribution of at-site percent errors in the estimated
coefficient of variation (L-CV) of daily streamflow for each method of prediction
in ungaged basins (PUB) is considered here. The horizontal axis indicates each
PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.27 The distribution of at-site percent errors in the estimated skewness
(L-skew) of daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.28 The distribution of at-site percent errors in the estimated kurtosis
(L-kurtosis) of daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

LAG-1 AUTOCORRELATION OF DAILY STREAMFLOW
All of the transfer-based methods are nearly identically unbiased in their
ability to reproduce the lag-1 autocorrelation of daily streamflow (Figure 3.C.29).
The daily disaggregation of AFINCH, which relies on an index gage to downscale
flows, also produces unbiased estimates of the lag-1 autocorrelation. The PRMS,
on the other hand, underestimates the lag-1 autocorrelation. Again, this difference
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could be driven by the use of an index-gage to map the timing of events: by using
an index gage, a “natural” estimate of lag-1 autocorrelation is explicitly
transferred, while a process-based model must attempt to reproduce that
autocorrelation from scratch.

AMPLITUDE OF THE SINUSOIDAL, SEASONAL TREND OF DAILY
STREAMFLOW
All of the methods, except AFINCH, produce an unbiased estimate of the
amplitude of the sinusoidal seasonal trend in daily streamflow (Figure 3.C.30).
The PRMS is surprisingly in line with all of the transfer-based methods.
AFINCH, which is at its heart a monthly model, overestimates the amplitude of
the seasonal trend. This is true for both the NN and MC implementations. For
more information on the estimation of the amplitude of the sinusoidal seasonal
trend, see Archfield and others (2013).

PHASE OF THE SINUSOIDAL, SEASONAL TREND OF DAILY STREAMFLOW
The phase, or timing, of the sinusoidal seasonal trend is unbiasedly
represented by all of the PUB methods considered here (Figure 3.C.31). The
PRMS slightly underestimates the timing of the seasonal trend and produces a
wider range of variability. As this is again an issue of timing, like the lag-1
autocorrelation, this difference may be the result of the mechanism of prediction:
the transfer-based models (and AFINCH) rely on an index gage for daily timing,
while the PRMS must work from climate inputs alone and reproduce those
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processes. For more information on the estimation of the phase of the sinusoidal
seasonal trend see Archfield and others (2013).

Figure 3.C.29 The distribution of at-site percent errors in the estimated lag-1
autocorrelation of daily streamflows for each method of prediction in ungaged
basins (PUB) is considered here. The horizontal axis indicates each PUB method.
The vertical axis shows the percent error. Unbiased methods display a median
near zero and minimum variability of at-site bias. (The dark line indicates the
median of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.30 The distribution of at-site percent errors in the estimated amplitude
of the sinusoidal seasonal trend of daily streamflows for each method of
prediction in ungaged basins (PUB) is considered here. The horizontal axis
indicates each PUB method. The vertical axis shows the percent error. Unbiased
methods display a median near zero and minimum variability of at-site bias. (The
dark line indicates the median of the distribution, the box outlines the 25th and
75th percentiles, and the whiskers extend to the data point a distance not more
than 1.5 times the interquartile range away from the nearest quartile. Data points
beyond this whisker length are defined as outliers and, to increase the visibility of
the distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 3.C.31 The distribution of at-site percent errors in the estimated phase of
the sinusoidal seasonal trend of daily streamflows for each method of prediction
in ungaged basins (PUB) is considered here. The horizontal axis indicates each
PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.

ROOT-MEAN-SQUARE-NORMALIZED ERROR ACROSS ALL
FUNDAMENTAL DAILY STREAMFLOW STATISTICS
The root-mean-square-normalized error (RMSNE) can be used to quantify
the average error across a set of statistics that significantly differs in scale or
units. This statistical set is calculated using the same formula as the root-meansquare-normalized error of daily streamflow, except that the seven FDSS are used
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in the formula instead of daily streamflow values. The result is that each error in
each statistic is standardized to be a percent error. By standardizing errors, all
seven FDSS can be combined into a single statistic that sums up how well each
PUB method reproduced the distribution of daily streamflow. The distribution of
the RMSNE of FDSS is shown in Figure 3.C.32. The annual methods are clearly
inferior to all others. The map-correlation applications show only a slightly
greater RMSNE than their nearest-neighbor counterparts. The best methods are
the nearest-neighbor implementations of DAR, QPPQ, and standardizing by
monthly moments (SMS12 and SM12). The PRMS and MC-AFINCH show a
greater RMSNE than these methods, but the magnitude is still relatively small.
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Figure 3.C.32 The distribution of the at-site root-mean-square-normalized errors
of estimated Fundamental Daily Streamflow Statistics (FDSS) for each method of
prediction in ungaged basins (PUB) is considered here. The horizontal axis
indicates each PUB method. The vertical axis indicates the root-mean-squarenormalized error. Lower values represent less error, on average. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers and, to increase the visibility of the
distribution, have not been drawn.) Method abbreviations are in Table 3.1.
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Figure 4.A.1 The distribution of the at-site Nash-Sutcliffe efficiencies of daily
streamflow predictions for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The NashSutcliffe efficiency is along the vertical axis. Nash-Sutcliffe efficiency ranges
from one to negative infinity; a value of one indicates a perfect fit, while a value
of zero indicates that a mean value would have produced the same level of
accuracy. (The dark line indicates the median of the distribution, the box outlines
the 25th and 75th percentiles, and the whiskers extend to the data point a distance
not more than 1.5 times the interquartile range away from the nearest quartile.
Data points beyond this whisker length are defined as outliers.)
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Figure 4.A.2 The distribution of the at-site Nash-Sutcliffe efficiencies of the
logarithms of daily streamflow predictions for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis.
Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one
indicates a perfect fit, while a value of zero indicates that a mean value would
have produced the same level of accuracy. (The dark line indicates the median of
the distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers.)
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Figure 4.A.3 The distribution of the at-site root-mean-square-normalized errors
of daily streamflow predictions for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis indicates the root-mean-square-normalized error. Lower values
represent less error, on average. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers.)
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Figure 4.A.4 The distribution of at-site average percent errors of daily streamflow
predictions for each method of prediction in ungaged basins (PUB) is considered
here. The horizontal axis indicates each PUB method. The vertical axis shows the
average percent bias. Unbiased methods display a median near zero and minimum
variability of at-site bias. (The dark line indicates the median of the distribution,
the box outlines the 25th and 75th percentiles, and the whiskers extend to the data
point a distance not more than 1.5 times the interquartile range away from the
nearest quartile. Data points beyond this whisker length are defined as outliers.)
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Figure 4.A.5 The distribution of at-site Spearman correlations between simulated
and observed daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the Spearman correlation, which ranges from negative to
positive one. A perfect correspondence between ranked streamflow would exhibit
a Spearman correlation of one. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers.)
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Figure 4.A.6 The distribution of the at-site Nash-Sutcliffe efficiencies of the daily
storage-yield curve (SYC) for each method of prediction in ungaged basins (PUB)
is considered here. See text for a description of the methodology used to predict
the SYC. The horizontal axis indicates each PUB method. The Nash-Sutcliffe
efficiency is along the vertical axis. Nash-Sutcliffe efficiency ranges from one to
negative infinity; a value of one indicates a perfect fit, while a value of zero
indicates that a mean value would have produced the same level of accuracy. (The
dark line indicates the median of the distribution, the box outlines the 25th and
75th percentiles, and the whiskers extend to the data point a distance not more
than 1.5 times the interquartile range away from the nearest quartile. Data points
beyond this whisker length are defined as outliers.)
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Figure 4.A.7 The distribution of the at-site Nash-Sutcliffe efficiencies of the
logarithms of the daily storage-yield curve (SYC) for each method of prediction
in ungaged basins (PUB) is considered here. See text for a description of the
methodology used to predict the SYC. The horizontal axis indicates each PUB
method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis.
Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one
indicates a perfect fit, while a value of zero indicates that a mean value would
have produced the same level of accuracy. (The dark line indicates the median of
the distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers.)
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Figure 4.A.8 The distribution of the at-site root-mean-square-normalized errors
of the daily storage-yield curve for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis indicates the root-mean-square-normalized error. Lower values
represent less error, on average. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers.)
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Figure 4.A.9 The distribution of at-site average percent errors of the daily
storage-yield curve for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The vertical
axis shows the average percent bias. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.10 The distribution of at-site percent errors in the estimated
coefficient of variation of annual streamflows for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The vertical axis shows the percent error. Unbiased methods display a
median near zero and minimum variability of at-site bias. (The dark line indicates
the median of the distribution, the box outlines the 25th and 75th percentiles, and
the whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.11 The distribution of at-site percent errors in the estimated
coefficient of variation of daily streamflows for each method of prediction in
ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB
method. The vertical axis shows the percent error. Unbiased methods display a
median near zero and minimum variability of at-site bias. (The dark line indicates
the median of the distribution, the box outlines the 25th and 75th percentiles, and
the whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.12 The distribution of at-site percent errors in the estimated 10th
percentile of the distribution of 7-day average annual-minimum events for each
method of prediction in ungaged basins (PUB) is considered here. This event is
related to the 10-year, 7-day average annual event. The horizontal axis indicates
each PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers.)
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Figure 4.A.13 The distribution of at-site percent errors in the estimated 50th
percentile of the distribution of 7-day average annual-minimum events for each
method of prediction in ungaged basins (PUB) is considered here. This event is
related to the 2-year, 7-day annual-minimum event. The horizontal axis indicates
each PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers.)
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Figure 4.A.14 The distribution of at-site percent errors in the estimated 90th
percentile of the distribution of annual-maximum events for each method of
prediction in ungaged basins (PUB) is considered here. This event is related to the
10-year annual-maximum event. The horizontal axis indicates each PUB method.
The vertical axis shows the percent error. Unbiased methods display a median
near zero and minimum variability of at-site bias. (The dark line indicates the
median of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.15 The distribution of at-site percent errors in the estimated 90percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.16 The distribution of at-site percent errors in the estimated 75percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.17 The distribution of at-site percent errors in the estimated 50percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.18 The distribution of at-site percent errors in the estimated 25percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.19 The distribution of at-site percent errors in the estimated 10percent-exceedance streamflow for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.20 The distribution of at-site percent errors in the estimated mean
daily streamflow for each method of prediction in ungaged basins (PUB) is
considered here. The horizontal axis indicates each PUB method. The vertical
axis shows the percent error. Unbiased methods display a median near zero and
minimum variability of at-site bias. (The dark line indicates the median of the
distribution, the box outlines the 25th and 75th percentiles, and the whiskers
extend to the data point a distance not more than 1.5 times the interquartile range
away from the nearest quartile. Data points beyond this whisker length are
defined as outliers.)
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Figure 4.A.21 The distribution of at-site percent errors in the estimated
coefficient of variation (L-CV) of daily streamflow for each method of prediction
in ungaged basins (PUB) is considered here. The horizontal axis indicates each
PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers.)
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Figure 4.A.22 The distribution of at-site percent errors in the estimated skewness
(L-skew) of daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.23 The distribution of at-site percent errors in the estimated kurtosis
(L-kurtosis) of daily streamflows for each method of prediction in ungaged basins
(PUB) is considered here. The horizontal axis indicates each PUB method. The
vertical axis shows the percent error. Unbiased methods display a median near
zero and minimum variability of at-site bias. (The dark line indicates the median
of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.24 The distribution of at-site percent errors in the estimated lag-1
autocorrelation of daily streamflows for each method of prediction in ungaged
basins (PUB) is considered here. The horizontal axis indicates each PUB method.
The vertical axis shows the percent error. Unbiased methods display a median
near zero and minimum variability of at-site bias. (The dark line indicates the
median of the distribution, the box outlines the 25th and 75th percentiles, and the
whiskers extend to the data point a distance not more than 1.5 times the
interquartile range away from the nearest quartile. Data points beyond this
whisker length are defined as outliers.)
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Figure 4.A.25 The distribution of at-site percent errors in the estimated amplitude
of the sinusoidal seasonal trend of daily streamflows for each method of
prediction in ungaged basins (PUB) is considered here. The horizontal axis
indicates each PUB method. The vertical axis shows the percent error. Unbiased
methods display a median near zero and minimum variability of at-site bias. (The
dark line indicates the median of the distribution, the box outlines the 25th and
75th percentiles, and the whiskers extend to the data point a distance not more
than 1.5 times the interquartile range away from the nearest quartile. Data points
beyond this whisker length are defined as outliers.)
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Figure 4.A.26 The distribution of at-site percent errors in the estimated phase of
the sinusoidal seasonal trend of daily streamflows for each method of prediction
in ungaged basins (PUB) is considered here. The horizontal axis indicates each
PUB method. The vertical axis shows the percent error. Unbiased methods
display a median near zero and minimum variability of at-site bias. (The dark line
indicates the median of the distribution, the box outlines the 25th and 75th
percentiles, and the whiskers extend to the data point a distance not more than 1.5
times the interquartile range away from the nearest quartile. Data points beyond
this whisker length are defined as outliers.)
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