Integrated Circuits and Systems for
Sparse Signal Acquisition based on
Asynchronous Sampling and
Compressed Sensing
A dissertation
submitted by
Michael Trakimas
In partial fulfillment of the requirements
for the degree of
Doctor of Philosophy
in
Electrical Engineering

Tufts University
May, 2011
© 2011, by Michael Trakimas
All rights reserved.
Adviser: Professor Sameer Sonkusale

ii

Abstract
This dissertation builds on the recent theoretical and experimental work on
asynchronous sampling and compressed sensing. Our goal is to exploit the
advances in the theory to design practical data acquisition systems capable of
directly acquiring sparse signals at sub-Nyquist rates. We focus specifically on
increasing the power efficiency and decreasing the complexity of the signal
acquisition process compared to existing conventional Nyquist rate solutions for
biomedical sensor and wideband spectrum sensing applications.
The first half of the dissertation presents the design and implementation of an
adaptive resolution asynchronous ADC which achieves data compression for
sparse and burst like signals by the inherent signal dependent sampling rate of the
asynchronous architecture. The main contribution of this work is the
implementation of an adaptive resolution (AR) algorithm which varies the
quantizer resolution of the ADC with the slope of the input signal, in order to
overcome the tradeoff between dynamic range and input bandwidth typically seen
in asynchronous ADCs. This allows the maximum possible input bandwidth to be
achieved regardless of the dynamic range requirement. By reducing the quantizer
resolution during periods of high input slope, further data compression is also
achieved. A prototype ADC was fabricated in a 0.18µm CMOS technology and
optimized for subthreshold operation in order to increase the power efficiency for
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low-frequency biomedical sensor applications. The prototype ADC achieves an
equivalent maximum sampling rate of 50kS/s, an SNDR of 43.2dB, and consumes
25µW from a 0.7V supply. The ADC is also shown to provide data compression
for accelerometer and ECG applications as a proof of concept demonstration.
The second half of this dissertation presents the design and implementation of
a compressed sensing based analog-to-information converter (AIC) for wideband
spectrum sensing applications. The core of the design is an ultra low power
moderate rate ADC that randomly samples the received signal at sub-Nyquist
rates. In order to ensure proper functionality with the random clock signal and to
maximize power efficiency, a prototype edge-triggered charge-sharing SAR ADC
core was implemented in 90nm CMOS technology. The prototype SAR ADC core
achieves a maximum sample rate of 9.5MS/s, an ENOB of 9.3 bits, and consumes
550µW from a 1.2V supply. Measurement results of the compressed sensing AIC
demonstrate effective sub-Nyquist random sampling and reconstruction of signals
with sparse frequency support suitable for wideband spectrum sensing
applications. When accounting for the increased input bandwidth compared to
Nyquist, the AIC achieves an effective figure of merit (FOM) of
10.2fJ/conversion-step.
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Chapter 1
Introduction
1.1

Research Motivation

Throughout human history, we have always strived to acquire as much
information as possible from the world around us. Arguably the greatest impact
on our ability to acquire and interpret information from the world we live in has
been the advent of modern electronics. This has allowed us to use specially
designed sensors to acquire real world signals in electronic form, and then use
electronic signal processing to extract, store, and transmit the information
embedded in them.
Traditionally, most signal processing was done in the analog domain, which
limited the processing capabilities available to us. A shift began with the
pioneering work done by Whittaker, Nyquist, Kotel‟nikov, and Shannon [1]-[4],
which demonstrated that bandlimited, continuous time signals, can be exactly
recovered from a set of uniformly-spaced samples taken at the Nyquist rate of
twice the bandlimit. This allowed signal processing to move from the analog to
the digital domain. When combined with the ever increasing processing power
provided by Moore‟s law [5], this has allowed for the creation of more complex
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sensing and processing systems which are more robust, flexible, and cheaper than
their analog counterparts.
While sensing technology greatly benefited from the move to digital signal
processing, it was not until recent advances in wireless communication
technology when its full potential would be realized. This has become evident in
our everyday life where wireless sensors are now embedded in everything from
the phones we carry to the cars we drive. Other examples of the diverse tasks now
performed by wireless sensing systems are the monitoring of our health, providing
wide area constant surveillance in both civilian and military applications, and
acquiring environmental data in environments which are inhospitable to humans,
among countless others tasks.
While wireless communication technology has expanded the range of
potential applications for sensing technology, the fact that each sensor must now
operate from a battery or other energy limited supply has its own set of
challenges. This is exacerbated in emerging technologies such as biomedical
implants where the battery size is severely constrained and replacing the battery is
inconvenient. Therefore, it is desirable to design each sensor with as low
complexity and power consumption as possible, in order to increase their
operational lifetime as well as decrease their size, weight, and cost. In many
applications this is accomplished by offloading as much of the signal processing
and analysis as possible to a central processing node or other external device.
Each sensor is then tasked with acquiring the signals of interest, storing them, and
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eventually transmitting them back to the central processing node, where ample
power and processing resources are available.
In order to reduce the transmission and storage requirements of each sensor,
digital compression algorithms are often employed to compress the data once it
has been acquired. Conventional compression techniques operate on the full
Nyquist rate signal by first transforming the signal into a domain where it has a
sparse representation and then encoding only a certain number of the largest
transform coefficients. For signals which are sparse or compressible, the majority
of the coefficients can be discarded with minimal loss of information. While this
“acquire-then-compress” technique improves the transmission power efficiency of
the sensor and reduces the memory requirements, it actually increases the
complexity and power consumption of the signal acquisition process due to the
additional compression algorithms needed.
For emerging technologies such as wireless body area networks (WBANs)
[6]-[9] and cognitive radio [10]-[13], a more efficient signal acquisition process is
desirable. Recent interest in WBANs has been driven by the desire for low-cost
continuous ambulatory monitoring of patients with chronic diseases, those
recovering from surgery, etc. For example, continuous monitoring of a patient‟s
blood pressure in their natural environment allows for a more accurate diagnosis
compared to relying on a one time measurement at the doctor‟s office. Long term
electrocardiogram (ECG) monitoring could also be used to detect an impending
heart attack for at risk patients. Figure 1.1 illustrates a simple representation of an
example WBAN, where wireless sensors are used to sense and acquire various
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Figure 1.1: Wireless body area network with typical wireless sensor block
diagram.
vital signs and transmit them to a central processing node, which could be a smart
phone or PDA. The acquired information could then be displayed to the patient or
transmitted to a physician to allow timely and more accurate diagnosis and
response to emergency situations. Typical sensors may include ECG and
electroencephalography (EEG) electrodes, accelerometers, blood pressure and
glucose monitors, pulse oximeters, etc. A block diagram of a typical sensor node
is shown in Fig. 1.1, and will be described in more detail in the next chapter.
Since each sensor will be worn on the patient‟s body or implanted inside of them,
it is critical that they be as unobtrusive and low maintenance as possible. This is
especially true for implantable devices, for which replacement of the power
source is particularly concerning. If the power consumption of each sensor node
can be reduced to 10s of µWs or less, then energy scavenging could be used to
allow autonomous operation for the required lifetime of the implant [14]-[17].
In light of the extreme energy and size constraints placed on each sensor in
WBAN applications, the increased complexity and power consumption of the
“acquire-then-compress” signal acquisition process described previously is
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undesirable. A more efficient signal acquisition process could be designed if the
signal could be directly acquired in compressed form without the need for
additional compression algorithms. This has been the focus of recent work on
asynchronous

sampling

[18]-[26]

and

compressed

sensing

[27]-[35].

Asynchronous sampling is an event driven signal acquisition approach which
exploits the sparsity in time of certain types of signals such as those often seen in
ECG and EEG monitoring applications, hearing aids, implantable biomedical
diagnostic devices, and certain environmental sensors. By only sampling the input
signal when it changes by a preset amount, burst-like or sparsely active signals
can be directly acquired at sub-Nyquist rates and later reconstructed with close to
full fidelity. Similarly, compressed sensing exploits a priori knowledge that a
signal is sparse or compressible in some basis to design a measurement process
which directly acquires the signal at sub-Nyquist rates. Both of these techniques
effectively trade reconstruction efficiency for a reduction in sample rate. This is
advantageous for energy constrained wireless sensor applications where signal
analysis is performed remotely at a central processing node or other device with
ample power and processing resources.
Compressed sensing also has the potential to improve the signal acquisition
process in the emerging field of cognitive radio. First presented by Mitola in [13],
cognitive radio is a paradigm for wireless communication in which each wireless
node adapts its transmission and reception frequency depending on the spectrum
occupancy in its area. This allows for a more efficient usage of increasingly
scarce spectrum real estate by allowing unlicensed secondary users to access a
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band licensed to primary users when it is unoccupied. Wideband spectrum sensing
[36]-[38] plays an important role in cognitive radio since the secondary user must
continuously monitor the full spectrum to avoid transmitting in a band occupied
by a primary user. This is also an essential function in signal intelligence
applications where the RF spectrum in different areas is monitored to determine
the frequency of emitters, among other tasks.
Conventional Nyquist rate solutions for wideband spectrum sensing often
employ either a bank of tunable narrowband band-pass filters which scan across
the frequency band of interest, or a high speed ADC to directly acquire the full
spectrum [39]. The increased complexity of the filter bank approach and very
high sampling rates required by the direct sampling approach make it difficult to
design low cost and power efficient wideband spectrum sensing systems. This is
especially troubling for autonomous wireless sensor applications where replacing
the battery is difficult or may not be possible at all. Since the RF spectrum to be
monitored is often sparse in the frequency domain, compressed sensing can
instead be used to directly acquire the entire spectrum in compressed form at subNyquist rates. This would reduce the complexity and power consumption of the
signal acquisition process and relax the requirements of the ADC, leading to
increased operational lifetime and decreased cost for each sensor.

1.2

Summary

This dissertation builds on the recent theoretical and experimental work on
asynchronous sampling and compressed sensing. Our goal is to exploit the
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advances in the theory to design practical data acquisition systems capable of
directly acquiring sparse signals at sub-Nyquist rates. We focus specifically on
increasing the power efficiency and decreasing the complexity of the signal
acquisition process compared to existing conventional Nyquist rate solutions for
biomedical sensor and wideband spectrum sensing applications. We assume that
in our applications of interest, the signal will be reconstructed and analyzed
remotely where ample power and processing resources are available.
In this spirit, the first half of this dissertation presents the design and
implementation of an asynchronous analog-to-digital converter (ADC) targeted at
biomedical signal acquisition applications such as ECG and EEG monitoring. The
ADC was fabricated in a 0.18µm CMOS process and optimized for subthreshold
operation in order to increase the power efficiency for low-frequency biomedical
sensor applications. The main contribution of this work was the implementation
of an adaptive resolution algorithm which varied the quantizer resolution of the
ADC with the slope of the input signal, in order to overcome the tradeoff between
dynamic range and input bandwidth typically seen in asynchronous ADCs. This
allowed the maximum possible input bandwidth to be achieved regardless of the
dynamic range requirement. By reducing the quantizer resolution during periods
of high input slope, further data compression was also achieved.
The second half of this dissertation presents the design and implementation of
a compressed sensing based analog-to-information converter (AIC) for wideband
spectrum sensing applications. The core of the design is an ultra low power
moderate rate ADC that randomly samples the received signal at sub-Nyquist
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rates. In order to ensure proper functionality with the random clock signal and to
maximize power efficiency, a prototype edge-triggered charge-sharing SAR ADC
was implemented in 90nm CMOS technology. Measurement results for wideband
spectrum sensing demonstrate that our proposed compressed sensing AIC
improves power efficiency and reduces complexity compared to the conventional
direct sampling architecture, while still maintaining high performance for signals
with sparse frequency support. We also analyze and propose solutions to issues
which have not been fully addressed in previous works but arise in practice, such
as mismatch between the chosen basis functions and the actual received signal.
The main contribution of this work was the implementation of a physical
compressed sensing acquisition system which moved beyond the proof-of-concept
stage and improved power efficiency and reduced system complexity compared to
existing solutions for wireless sparse spectrum sensing applications.
This chapter has presented a brief overview of the evolution of electronic data
acquisition systems and why it is important in modern wireless sensor
applications such as WBANs and cognitive radio to improve the power efficiency
and reduce the complexity of the signal acquisition process. We have also
introduced asynchronous sampling and compressed sensing as two sub-Nyquist
signal acquisition methods capable of achieving these goals. In the following
chapter we give a more detailed overview of traditional Nyquist rate digital signal
acquisition and give some examples of traditional data compression techniques
used to reduce storage and transmission requirements. This serves to provide a
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good foundation to compare our proposed asynchronous sampling and
compressed sensing based signal acquisition systems to.
In Chapter 3, we introduce the theory behind asynchronous sampling and
discuss how it can be used to improve the power efficiency and reduce the
complexity of the signal acquisition process for signals with sparse activity in
time. In Chapter 4, we present the design and implementation of our proposed
asynchronous ADC as well as our proposed adaptive resolution algorithm which
overcomes the tradeoff between input bandwidth and dynamic range typically
seen in asynchronous ADC designs. Measurement results comparing the
performance of our proposed adaptive resolution ADC to asynchronous ADCs
with fixed quantizer resolution are then presented followed by measured results
demonstrating direct data compression for accelerometer and ECG applications.
In Chapter 5, we give a brief overview of the theory behind compressed
sensing and discuss how it can be used to improve the power efficiency and
reduce the complexity of the signal acquisition process for signals which are
sparse in some basis. In Chapter 6 we present the design and implementation of
our proposed compressed sensing based AIC. The core of the design is an ultra
low power edge-triggered charge-sharing SAR ADC that randomly samples the
input signal at sub-Nyquist rates. Measurement results of the AIC demonstrate
sub-Nyquist sampling and reconstruction of signals with sparse frequency support
suitable for wideband spectrum sensing applications. The power efficiency and
complexity of the proposed compressed sensing AIC based acquisition system is
then compared with the conventional Nyquist rate sampling approach for
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wideband spectrum sensing applications. We finally conclude the dissertation in
Chapter 7, and overview opportunities for future research.
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Chapter 2
Nyquist Rate Data Acquisition
The previous chapter served as motivation for why we are interested in
increasing the power efficiency and decreasing the complexity of the signal
acquisition process for wireless sensor applications. In this chapter we overview
traditional Nyquist rate digital signal acquisition and give some examples of
traditional data compression techniques used to reduce the memory and
transmission requirements of wireless sensors. This serves to provide a good
foundation to compare our proposed asynchronous sampling and compressed
sensing based signal acquisition systems to in later chapters.
As shown in Fig. 2.1, a typical digital signal acquisition system consists of
three main parts [40]: sensors, which convert physical parameters or other real
world signals into electrical signals; signal conditioning circuitry, which converts
the output of the sensor into a form suitable for conversion to digital values and
bandlimits the signal; and an analog-to-digital converter (ADC), which converts
the conditioned sensor output to digital values. Once the data is in digital form,
digital signal processing can be used to extract information from the acquired
signals as well as compress, store, and transmit the acquired data.
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Figure 2.1: Digital signal acquisition system.
As the link between the analog and digital domains, the analog-to-digital
conversion is the most critical part of the signal acquisition process. In the next
section we overview the basic Nyquist rate analog-to-digital conversion theory.
We follow this with an overview of the different ADC architectures used for
different applications. We focus specifically on the successive approximation
register (SAR) architecture [41], which is often employed in wireless sensor
applications due to its good tradeoff between speed and accuracy, and its power
efficient and low complexity design. We conclude the chapter with a look at
typical data compression techniques, with an emphasis on wavelet based
techniques [42] due to their recent popularity and applicability to a wide range of
applications.

2.1

Analog-to-Digital Conversion

An analog-to-digital converter is a device which converts a continuous time
analog signal, typically a voltage or current, into a sequence of digital values
which are proportional to the magnitude of the input signal [43]. As shown in Fig.
2.2, a typical ADC consists of a sample-and-hold stage, which samples the input
signal at uniform time intervals, followed by a quantizer, which quantizes each
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Figure 2.2: Simplified ADC block diagram.
sample to a finite number of digital values. The resulting length N digital output
for each sample is a linear combination of the N binary values (bi) equal to
DOUT 

N 1

 bi 2i ,

(2.1)

i 0

and is discrete in both time and amplitude. The relationship between the digital
output and the analog input can then be expressed as
VIN  DOUTVLSB  VQ ,

(2.2)

where VLSB is the voltage equivalent to a change in the least significant bit (LSB)
of the digital output, and VQ is the error voltage introduced by the amplitude
quantization. As shown in Fig. 2.2, the ADC is normally preceded by an antialiasing filter to bandlimit the input, as will be discussed later.
2.1.1

Resolution

The bit resolution of the quantizer, which is equal to the length of the digital
output word, determines the number of discrete values it can produce to
approximate the full range of possible analog sample values. An N bit quantizer
divides the full input range of the ADC into 2N equally spaced levels. The
resulting input-output transfer curve for a 3-bit quantizer is shown in Fig. 2.3(a).
Compared to the ideal transfer curve of an infinite resolution ADC, which is
shown as the dashed line in Fig. 2.3(a), the finite resolution of the quantizer
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Figure 2.3: (a) Input-output transfer curve for 3-bit quantizer. (b) Quantization
error versus normalized input amplitude.
introduces an input dependent error in the output. As shown in Fig. 2.3(b), this
quantization error (VQ) will vary between ±VLSB/2 across the full-scale input range
(VFS), where VLSB is the quantizer step size

VLSB 

VFS
.
2N

(2.3)

If we assume that the quantization error is a random variable uniformly
distributed between ±VLSB/2 with a mean of zero, as shown in Fig. 2.4, then the
rms value of this error will be equal to
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(2.4)

We can then calculate the resulting maximum achievable signal-to-noise ratio
(SNR) for a full-scale sinusoidal input as
 VIN ( RMS ) 
  6.02 N  1.76dB .
SNR  20 log
V

 Q ( RMS ) 

(2.5)

We see that every 1-bit increase in the ADC resolution increases the theoretical
maximum SNR by 6dB. In a physical implementation there will be other sources
of noise from the individual components of the ADC and the rest of the system
which may limit the SNR.
2.1.2

Sampling Rate

Before amplitude quantization is performed, the ADC samples the continuous
time input signal at uniformly spaced time intervals. This holds the amplitude
steady during the quantization process and accurately sets the sample times. The
sampling operation for an analog signal which has been bandlimited to a
maximum frequency of f0 is demonstrated in Fig. 2.5. As shown in Fig. 2.5(b),
sampling this signal with an infinite resolution ADC at a frequency of fs leads to
the original spectrum being repeated at intervals equal to fs. Looking at the
resulting spectrum, we see that we should be able to reconstruct the original signal
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Figure 2.5: Example sampling operation of an analog signal bandlimited to a
maximum frequency of f0. (a) Input signal and spectrum. (b) Sampled signal and
spectrum when fs > 2f0. (c) Sampled signal and spectrum when Nyquist criterion
is not satisfied.
by low-pass filtering the sampled output. This is normally accomplished using a
digital-to-analog converter (DAC) followed by a low-pass filter with cut-off
frequency equal to fs/2. In order to ensure that the original signal is exactly
reconstructed, the sampling frequency must satisfy the Nyquist sampling criterion
[43], which is

f S  2 f0 .

(2.6)

This ensures that the repeated spectra do not overlap each other, which would
cause aliasing and unrecoverable distortion in the sampled signal, as is shown in
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Fig. 2.5(c). In order to avoid aliasing, the input signal is normally bandlimited by
an anti-aliasing filter to a maximum frequency less than fs/2 before being
processed by the ADC.

2.2

ADC Architectures

There are many different types of ADC architectures, each best suited for
different types of applications. It is common to divide the different architectures
into three broad categories based on their relative achievable sample rate and
resolution. As shown in Table 2.1, there is typically a tradeoff between speed and
resolution which often dictates the architecture used for a particular application.
The different architectures can also be broken up into two different classes of
converters: Nyquist rate and oversampling [41]. Most conventional ADCs are
Nyquist rate converters in that they generate a series of digital output values with
a one-to-one correspondence to a single input value. Nyquist-rate converters
typically operate at sample rates between 1.5 and 10 times the Nyquist rate in
order to make the design of the anti-aliasing and reconstruction filters easier.
Oversampling converters are a specialized type of ADC which sample the input at
a rate much higher than the Nyquist rate in order to spread the quantization noise

Table 2.1: Overview of different ADC architectures.
Low Speed
High Accuracy

Medium Speed
Medium Accuracy

High Speed
Low/Medium Accuracy

Integrating

SAR

Flash

Oversampling

Algorithmic

Pipelined
Time-interleaved
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Figure 2.6: Successive approximation register ADC architecture.
over a wider bandwidth. The noise that is not in the signal‟s bandwidth can then
be filtered out to increase the SNR. Often, as in the case of Sigma Delta
converters [41], noise shaping is used to push the quantization noise to higher
frequencies outside the signal‟s bandwidth, allowing the SNR to be increased
further.
The successive approximation register (SAR) ADC [41] is a type of Nyquist
rate converter that has become very popular in wireless sensor applications due to
its good tradeoff between speed and accuracy, as well as its power efficient and
low complexity architecture. Some recently reported SAR ADCs have achieved
sample rates in the 10s of MHz, with resolutions around 10-bits, while only
consuming microwatts of power [44],[45]. The basic architecture of a SAR ADC
is shown in Fig. 2.6. The ADC consists of a sample-and-hold circuit, a
comparator, a DAC, and control logic. The sample-and-hold circuit is used to
define the sample time and hold the sampled value steady during the conversion,
while the comparator, DAC, and control logic implement the amplitude
quantization.
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Figure 2.7: Successive approximation conversion.
Once the input has been sampled, the control logic runs a binary search
algorithm to find the closest digital value that represents the sampled input. The
most straightforward implementation is to use a DAC to successively approximate
the input amplitude, as is shown in Fig. 2.7 for a signed input. The resulting
successive approximation algorithm is shown in Fig. 2.8. During each period, the
algorithm determines each successive output bit of the ADC and divides the
possible range of values to represent the input sample by half. At the end of the
conversion all N bits are resolved and the DAC voltage will be within ½ LSB of
the sampled value. The total conversion takes N clock cycles to complete, which
is what limits the speed of SAR ADCs. The resolution of the ADC is determined
by the linearity of the DAC as well as the noise and offset of the comparator and
sample-and-hold circuits.

2.3

Data Compression

As previously discussed, in wireless sensor applications, it is often desirable
to compress the data once it has been acquired in order to reduce the storage and
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Figure 2.8: Successive approximation algorithm.
transmission requirements of each sensor. Conventional compression techniques
[46] operate on the full Nyquist rate signal by first transforming the signal into a
domain where it has a sparse representation and then encoding only a certain
number of the largest transform coefficients. For signals which are sparse or
compressible in some domain, the majority of the coefficients can be discarded
with minimal loss of information.
Typically, compression methods are described as being either lossless or
lossy. Lossless compression algorithms exploit statistical redundancy in data to
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represent it more concisely while still allowing the original signal to be perfectly
reconstructed. For example, the well known ZIP file compression method is based
on a Lempel-Ziv compression method [47] that utilizes a table based compression
model where table entries are substituted for repeated strings of data. Lossy
compression methods trade a loss in fidelity for increased compression. This is
acceptable for many applications, especially audio and visual where the
limitations of the human sensory system can be exploited. For example, the
human eye is more sensitive to subtle variations in luminance than it is to
variations in color. This allows JPEG [48] image compression to “round off”
some of the less important information with limited loss in perceived fidelity.
The JPEG image compression method works by taking the discrete cosine
transform (DCT) [49] of an image and then quantizing and encoding the
transform coefficients. The DCT is similar to the discrete Fourier transform
except that the image is represented as a sum of cosines instead of a sum of
complex sinusoids. It is also used in the MJPEG and MPEG video compression
methods [50]. The use of smooth cosine waveforms to represent the image makes
the JPEG compression method best suited for images of realistic scenes with
smooth variations of tone and color. The more modern JPEG-2000 [48]
compression method uses a discrete wavelet transform, which will be discussed in
more detail later.
Most modern lossy audio compression formats, including MP3, WMA, and
AAC, are based on a modified discrete cosine transform [51]. These compression
methods use the study of psychoacoustics [52] to determine which information in
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an audio stream cannot be perceived by the human auditory system and can
therefore be discarded. Linear predictive coding [53] is another popular technique
for audio compression, which uses a model of the sound source, such as the
human vocal tract, to compress the data. More specialized compression methods
can be used for speech applications [54]-[55], which have a limited frequency
range and less complex signals than general audio signals. In traditional PCM
digital telephony, A-law and µ-law companding algorithms are used to optimize
the dynamic range of the system [56]. Mobile phone standards, such as GSM and
CDMA, make use of linear predictive coding methods such as Code Excited
Linear Prediction [57] to further compress the audio data.
There are many more compression methods other than the ones mentioned
above. Additional examples include vector quantization [58], Wyner-Ziv coding
[59], and fractal compression [60]. Recently, wavelet based compression [42] has
become popular due to its suitability for a wide range of signals which have
transient like characteristics. A few examples of these types of signals include
most natural images, audio signals, and many biomedical signals such as the
output of ECG and EEG monitors. Like all conventional compression techniques,
the first step in wavelet based compression is to acquire the full length N signal at
or above the Nyquist rate. The acquired signal is then transformed into a
particular wavelet domain by applying a discrete wavelet transform. Compared to
the discrete Fourier transform, this has the advantage of capturing both frequency
and location (time/spatial) information and can be tailored to a particular signal by
choosing a particular wavelet. For example, the scaling and wavelet functions of
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Figure 2.9: Scaling and wavelet functions for Daubechies-4 wavelet.
the Daubechies-4 wavelet are shown in Fig. 2.9 with arbitrary time and amplitude
scales.
A compact implementation of the wavelet transform first passes the acquired
length N signal x[n] through a low-pass filter with impulse response g[n] equal to
the scaling function of the chosen wavelet, resulting in a convolution of the two
[61]:
yn  x  g n 



 xk gn  k  .

(2.7)

k  

The resulting output of the filter is called the approximation coefficients. The
detail coefficients are then obtained by simultaneously passing the input through a
high-pass filter with impulse response h[n] equal to the wavelet function. Since
each set of resulting coefficients only has half the original bandwidth, they can
both be subsampled by a factor of two so that the total number of coefficients is
still equal to the length of the original signal. In order to further increase the
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Figure 2.10: Filter bank implementation of wavelet decomposition.
frequency resolution, the pervious operations can be repeated on the resulting
approximation coefficients. As shown in Fig. 2.10, this results in a filter bank
architecture which decomposes the signal into low and high frequency
components at each level. Once the desired number of levels is traversed, data
compression is achieved by encoding the largest coefficients. The original signal
can then be reconstructed by repeating the filter bank operation in reverse. Since
most of the signal energy will be concentrated in a relatively small number of
large coefficients for sparse and compressible signals, the reconstructed signal
will closely approximate the original signal.
In Figs 2.11-2.13 we demonstrate wavelet compression on several images and
signals. In Fig. 2.11(a), an example of a popular test image used in the signal
processing field is shown along with its 4-level Daubechies-4 wavelet
decomposition in Fig. 2.11(b). It can be seen that most of the transform
coefficients are close to zero, as there are large portions of black in the
decomposed image which correspond to the smooth parts of the original image.
The reconstructed image using only 10% of the coefficients is shown in Fig.
2.11(c) along with the difference between the reconstructed and original images in
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Fig. 2.11(d). The reconstructed image contains 99% of the energy in the original
signal despite only using 10% of the wavelet coefficients. There is also very little
discernable difference between the two images other than some blurring on the
lower corners. The same process is repeated for the “Barbara” image in Fig. 2.12
with similar results. In Fig. 2.13 we repeat the same process for a 1-dimensional
ECG signal obtained from the MIT-BIH PhysioBank arrhythmia database [62].
The reconstructed signal contains 99.5% of the energy from the original signal
using only 10% of the transform coefficients. It is interesting to note that the
wavelet compression has effectively denoised the input signal. This is often
exploited to design wavelet based filters.
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(a)

(c)

(b)

(d)

Figure 2.11: Example of wavelet based image compression. (a) Original image.
(b) 4-level Daubechies-4 wavelet decomposition. (c) Reconstructed image from
10% of decomposition coefficients. (d) Residual image.
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Figure 2.12: Example of wavelet based image compression. (a) Original image.
(b) 4-level Daubechies-4 wavelet decomposition. (c) Reconstructed image from
10% of decomposition coefficients. (d) Residual image.
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Figure 2.13: Example of wavelet based compression of an ECG signal. (a)
Original signal, reconstructed signal from 10% of wavelet decomposition
coefficients, and residual signal. (b) 4-level Daubechies-4 wavelet decomposition.
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Chapter 3
Asynchronous Sampling
3.1

Introduction

In the previous chapter, we overviewed how data compression can be an
effective way to reduce the energy, processing, storage, and transmission
requirements in many sensor devices, especially those where signal analysis is
offloaded to a central processing node or other device. Traditional methods of
compression use conventional Nyquist rate ADCs followed by computationally
intensive digital algorithms for data compression [30]. As previously discussed,
this “acquire-then-compress” approach is not optimal in terms of system
complexity and power efficiency due to the overhead of acquiring the full Nyquist
rate signal, even though most of the acquired information will be discarded. In
this section we overview an alternative approach to data compression, which takes
advantage of the fact that the outputs of many types of sensors are sparse in the
time domain. Data compression can then be achieved by performing signal
activity dependent deterministic sampling by way of an asynchronous ADC. By
directly acquiring the data in compressed form, the system complexity and power
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Figure 3.1: Non-uniform sampling of a signal by an asynchronous ADC. The
samples are shown as dots.
consumption are reduced and the need for additional compression algorithms
following the ADC is avoided.
As shown in Fig. 3.1, an asynchronous ADC only samples the input signal
when it crosses predefined threshold levels (quantization levels) [20]. This leads
to non-uniformly spaced samples in time and a sample rate that adapts to the rate
of change of the input signal. As a result, the average sample rate can be much
lower than the sample rate of a conventional Nyquist rate ADC. This creates the
potential for large compression of data, especially in applications with burst-like
or sparse signals, such as ECG/EEG monitoring, hearing aids, implantable
biomedical diagnostic devices, and certain environmental sensors.
Asynchronous analog-to-digital conversion was first proposed in [18] and
[19]. These initial systems were based on an asynchronous delta-modulation
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(a)

(b)

Figure 3.2: (a) Example input and demodulated output waveforms for an
asynchronous delta-modulation system. (b) Corresponding delta modulated
waveform.
architecture where pulses were generated at the moment when the input signal
amplitude changed by more than a predetermined amount. The output pulses were
then fed to a demodulator to generate the typical digital staircase approximation
waveform, as shown in Fig. 3.2. The goal of these initial asynchronous sampling
systems was to reduce the number of pulses generated during pauses in speech
and television signals, thus conserving signal power and reducing the average
channel bandwidth required to transmit the signals. Most recent asynchronous
ADC designs are based on the level crossing sampling scheme initially proposed
in [20] and [22]. The level crossing scheme generates samples of the input signal
that are nonuniformly spaced in time by recording the time instants at which the
signal crosses fixed quantization levels. Further work presented in [24]-[26], [63],
and [64] implemented integrated level crossing ADCs which employed
comparators to determine when the input signal crossed predetermined

VIN

ADC Controller
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Figure 3.3: Example architecture of a flash based level crossing ADC.
quantization levels. An example flash like architecture which employs a resistor
string DAC to create the quantization levels is shown in Fig. 3.3 [24].
An asynchronous sigma-delta sampling scheme which processes the input
signal in the time domain instead of the amplitude domain has also been proposed
in [65] and [66]. Moving the signal processing to the time domain has the
potential to improve the dynamic range compared to conventional synchronous
sigma delta ADCs due to the improved time resolution compared to voltage
resolution in modern submicron CMOS processes. As shown in Fig. 3.4, an
asynchronous sigma-delta ADC pulse-width modulates the input signal using an
integrator and Schmitt trigger in a feedback loop. The resulting width of the
pulses is proportional to the amplitude of the input signal. A time-to-digital
converter (TDC) is then used to quantize and digitally encode the width of each
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Figure 3.4: Block diagram of an asynchronous sigma-delta ADC architecture.
pulse. The dynamic range of the ADC is directly proportional to the resolution of
the time-to-digital converter.
A simple implementation of a TDC for measuring the time difference between
two clock edges is shown in Fig. 3.5(a). The first clock edge propagates through
the chain of inverters and its position is saved by the D flip-flops on the rising
edge of the second clock edge. The number of inverters traversed corresponds to
the time difference between the two clock edges. The resolution of the TDC is
limited by the calibrated inverter delay. The time resolution can be improved by
using the Vernier delay line technique shown in Fig. 3.5(b). This TDC operates by
sending each clock edge through separate delay lines. By making the delay of the
bottom half buffers slightly less than the top half buffers, the second clock edge
will eventually catch up to the first, at which point the position of the top clock
edge is stored in the D flip-flops. The timing resolution can be improved since the
difference in delay between two buffers can be made much smaller than the total
delay through the buffer.
Several methods have been proposed for processing the non-uniformly spaced
data output from asynchronous ADCs. To allow for digital transmission and
storage of the sampled data, and interfacing with conventional synchronous
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Figure 3.5: (a) Delay line time-to-digital converter. (b) Vernier delay line time-todigital converter.
systems, the time between samples can be quantized and digitally encoded. The
amplitude and time data can then be transmitted and stored using conventional
techniques [22], and processed with either asynchronous signal processing
techniques [23], or a conventional digital signal processor (DSP), preceded by an
interpolator which reconstructs a synchronous signal [21]. For optimal
performance, the interpolation can be done after the asynchronous data has been
transmitted to a central processing node or other device with ample power and
processing resources. To obviate the need for transmission of time information,
Tsividis et al. have presented a continuous-time DSP which processes the non-
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uniform samples without the need for a clock [25],[26]. This is made possible by
implementing the asynchronous ADC as an asynchronous delta modulator, where
the time information is inherently encoded in the time between pulses. Apart from
energy savings provided by the activity dependent power dissipation, the realtime processing provided by the continuous time DSP has been shown to decrease
the response time and voltage deviations in DC-DC converters [67].
In the remainder of this and the following chapter, we focus solely on a novel
method for asynchronous data acquisition and its practical implementation. The
data thus acquired may be processed by any of the techniques mentioned above.
As will be seen in the following chapter, for testing purposes, we use an
interpolator to reconstruct a synchronous signal so that the performance of our
prototype asynchronous ADC can be measured with standard ADC post
processing techniques and compared to that of conventional ADCs.

3.2

Background Theory

The theory behind asynchronous ADCs, also referred to as level-crossing
ADCs, or asynchronous delta modulators in the literature, was initially reported in
[18] and [19], and further developed in [21], [24], and [63]. An overview of some
of the important properties is given in this section and later used to highlight some
of the improvements offered by our proposed architecture, which is presented in
Chapter 4. The given analysis assumes that the quantizer resolution is fixed and
the time between samples is approximated by a timer. This allows for digital
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transmission and storage of the sampled data and the ability to interface with
conventional DSPs.
3.2.1

Signal-to-Noise Ratio

In conventional sampling, a signal is sampled at set time intervals and the
amplitude is approximated by a quantizer. Conversely, in asynchronous sampling,
the signal is sampled at known amplitude levels while the time at each sample is
approximated by a timer. Therefore, asynchronous sampling can be viewed as
quantizing a signal in time instead of amplitude.
The signal-to-noise ratio (SNR) can be calculated by transforming the
quantization error in time to an error in amplitude. This can be visualized by
considering a signal y(t) crossing an amplitude threshold Vth,j, as shown in Fig.
3.6. Quantization of the time axis with resolution Tclk results in a time error equal
to δt in the time-amplitude sample (ti,yi). The rms value of the amplitude
quantization error due to δt has been calculated in [21], for a sinusoidal input of
amplitude Ain and frequency fin, as
1
E[ v2 ]  2 π Ain f in Tclk  2  Ain ,
3
3
R

(3.1)

where E[δv2] is the variance of the equivalent amplitude quantization noise and R
is the timer resolution ratio, which is equal to the ratio of the equivalent timer
frequency (1/Tclk) to the input frequency. This calculation assumes that Tclk is
sufficiently small, so that the slope of y(t) is approximately constant during one
period of the timer, δt is uniformly distributed between 0 and Tclk, and the
threshold levels are ideal. The SNR can then be calculated as
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Figure 3.6: Error due to quantization of time in asynchronous sampling.
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and simplified to
SNR  20 log R  11.2 dB .

(3.3)

Therefore, the SNR only depends on the timer resolution ratio, unlike a
conventional ADC where the SNR is set by the quantizer bit resolution N and
given by
SNR  6.02 N  1.76 dB .

(3.4)

The SNR given by (3.3) is the theoretical maximum for a given timer
resolution and input frequency. Similar to conventional ADCs, in an actual
implementation, the maximum SNR which can be achieved by increasing the
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timer resolution will be limited by non-idealities, such as error in the threshold
levels and timer jitter.
3.2.2

Maximum Sampling Rate

Similar to a flash ADC, an asynchronous ADC can process a sample in a
single step by simply determining which threshold level was crossed. As
explained in Chapter 4, our design requires new threshold levels to be set after
each sample. Therefore, the minimum time between samples, which is called the
loop-delay (ζ), is equal to the settling time of the threshold levels plus any
additional digital control logic which is required. The maximum sampling rate is
then
f s ,max 

3.2.3

1



.

(3.5)

Input Bandwidth

If the input to an asynchronous ADC crosses two threshold levels in less than
the loop-delay of the ADC, slope overload distortion will occur due to the
resulting time error in the second sample. Therefore, the slope of the input is
limited to
dVin q VFS
,


dt
  2M

(3.6)

where Δq is the difference between threshold levels, and VFS and M are the
quantizer full-scale input swing and resolution in bits, respectively. Assuming a
bandlimited input signal with maximum frequency fin,max, and maximum
amplitude Ain,max, (3.6) can be used to solve for the maximum distortion free input
frequency of
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f in,max 

VFS
q
.

2  Ain ,max 2 Ain ,max 2 M

(3.7)

The maximum input frequency is therefore inversely proportional to the input
amplitude. For a fixed quantizer resolution, the input bandwidth must be set to the
worst case value of (3.7), which occurs when Ain,max is at its full-scale value of
VFS/2 and equals
BW 

3.2.4

1
.
  2M

(3.8)

Dynamic Range

The dynamic range of an asynchronous ADC, defined as the ratio of the
maximum to minimum amplitude signal that can be resolved, is calculated the
same way as for a conventional ADC. If we assume that in order to process the
input it must cross at least two threshold levels, and therefore, have a peak-topeak voltage of at least 2Δq, the dynamic range will be
Dynamic Range  2 M 1 .

(3.9)
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Chapter 4
Adaptive Resolution Asynchronous
ADC
4.1

Introduction

The background theory presented in the previous chapter shows that, unlike
conventional ADCs, the effective output resolution of an asynchronous ADC is
independent of the quantizer resolution. This has allowed several recently
reported asynchronous ADCs to achieve effective output resolutions greater than
8 bits using only 3 to 6-bit quantizers [24],[64],[68],[69]. The low resolution
quantizer allows for simple and compact designs, as well as increased data
compression and power efficiency due to the reduced number of threshold levels
that a given signal will cross. However, the relatively large distance between
threshold levels will limit the dynamic range of these ADCs. One drawback to
increasing the quantizer resolution, in order to obtain a higher dynamic range, is
the resulting increase in inherent sample rate and decrease in data compression
and power efficiency for a given signal, due to the increased number of threshold
levels that the signal will be required to cross. This will also lead to a “slew-rate
limiting” like behavior as the sample rate increases beyond a certain maximum
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value, which is determined by the time required to process a sample (the loopdelay). As a result, the maximum input frequency will be severely constrained as
the quantizer resolution is increased.
To address this problem, we proposed an adaptive resolution (AR) algorithm
in [70] and [71], which varies the quantizer resolution of an asynchronous ADC
based on the slope of the input signal. High dynamic range is achieved by
processing slowly changing signals with the maximum resolution. As the slope of
the input increases, the quantizer resolution is decreased in order to increase the
input bandwidth as needed. The decreased resolution also leads to increased data
compression.
The proposed algorithm is similar to the approach used in Adaptive
Differential PCM and Adaptive Delta Modulation, where the quantizer step size is
varied to reduce the bit rate and slope overload [72]. A similar idea is proposed in
[73], for a continuous-time DSP system. The focus of this work was to reduce the
number of tokens (samples) processed by the continuous-time DSP in order to
lower the power dissipation. The quantizer resolution is varied by using digital
logic to post process the output of a fixed resolution continuous time ADC and a
slope detector, which detects the slope of the input signal every other token. Our
proposed algorithm directly varies the threshold levels of the ADC and detects the
input slope at every sample.
The ability to provide increased data compression by varying the quantizer
resolution is also studied theoretically in [74] for ECG signals. In [75],
performance is improved by accumulating statistics of the input signal and using
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them to periodically adapt the threshold levels according to predictions made
about the input. Other proposed solutions to increase the dynamic range include
using logarithmically spaced threshold levels to take advantage of the
characteristics of ultrasound signals [68], and adding a dither signal to the input
which is later digitally subtracted [69].
In the remainder of this chapter, we present the development of our proposed
AR algorithm and its implementation in a prototype asynchronous ADC. The
ADC was fabricated in a 0.18µm CMOS process and optimized for subthreshold
operation in order to increase the power efficiency for low-frequency sensor
applications. Measured results verify that the AR algorithm allowed the ADC‟s
dynamic range to be increased without limiting the input bandwidth or potential
for data compression.
In the following section we describe in more detail the tradeoff between input
bandwidth and dynamic range in conventional asynchronous ADCs. We then
develop our proposed AR algorithm in Section 4.3. In Section 4.4, we present the
architecture of our proposed ADC, including the implementation of the AR
algorithm. This is followed by the circuit implementation in Section 4.5.
Measurement results comparing the performance of the proposed ADC to
asynchronous ADCs with fixed quantizer resolution are given in Section 4.6.
Results demonstrating data compression for accelerometer and ECG applications
are also presented, followed by conclusions.
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4.2

Input Bandwidth/Dynamic Range Tradeoff

As discussed in the previous section, in conventional asynchronous ADCs,
there exists a tradeoff between the input bandwidth and dynamic range, which is
determined by the quantizer resolution. From (3.8) and (3.9), it is seen that every
1 bit increase in the quantizer resolution doubles the dynamic range but cuts the
input bandwidth in half. This will lead to an unacceptable limit on the input
bandwidth for many applications with even moderate dynamic range. This is
demonstrated by the example shown in Fig. 4.1, which shows three cases of an
arbitrary input signal sampled by a hypothetical asynchronous ADC. The
quantizer resolution of the ADC was set differently for each case, and the loopdelay was set to emphasize the effects of the tradeoff between dynamic range and
input bandwidth. The sample rate for each case can be calculated from the tick
marks on the time axis, which indicate the sample times.
The sampled output in Fig. 4.1(a) was obtained with the quantizer resolution set
just low enough to meet the input bandwidth requirement of the given input and to
avoid slope overload distortion. The sampled output accurately tracks the input
during the high amplitude pulse, but the limited dynamic range of the ADC
prevents it from resolving the two small amplitude peaks at the beginning and
end. For the second case, shown in Fig. 4.1(b), the quantizer resolution was
increased in order to meet the dynamic range requirement of the input. The
sampled output is seen to initially track the input, but begins to fall behind as the
input slope increases, leading to slope overload distortion. This is due to the time
between level crossings becoming less than the loop-delay of the ADC. The
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Figure 4.1: Example waveforms of a signal asynchronously sampled with the
quantizer resolution: (a) set to the maximum value that meets the input bandwidth
requirement of the signal; (b) set to the minimum value that meets the dynamic
range requirement of the signal; (c) varied with the input slope, allowing both the
input bandwidth and dynamic range requirements of the signal to be met.
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increased quantizer resolution is also seen to lead to an excessive sample rate,
which prevents any data compression from being achieved.
Figs. 4.1(a) and 4.1(b) illustrate how, in many applications, the tradeoff
between dynamic range and input bandwidth will place an unacceptable limit on
one of these parameters. Our proposed ADC overcomes this tradeoff by taking
advantage of the fact that the effective output resolution of an asynchronous ADC
is independent of the quantizer resolution, as shown by (3.3). The quantizer
resolution is therefore free to vary with the characteristics of the input signal, as
long as the input amplitude remains within its dynamic range. This key
observation is critical to the success of our proposed AR asynchronous ADC.
To demonstrate how the tradeoff between dynamic range and input bandwidth
can be overcome, the sampled output is obtained again in Fig. 4.1(c), but with the
quantizer resolution now dependent on the slope of the input signal. Initially, the
quantizer resolution is set to its maximum value, allowing the ADC to resolve the
initial small amplitude peak. As the input slope increases, the output step size is
increased, corresponding to a decrease in quantizer resolution. This prevents slope
overload distortion and allows the ADC to accurately track the input during
regions of high input slope. As the input slope decreases again, the quantizer
resolution is increased, allowing the last peak to be resolved. Therefore, both the
dynamic range and input bandwidth requirements of the given input have been
met by allowing the quantizer resolution to vary with the input slope. Since the
input signal crosses fewer threshold levels when the quantizer resolution is
decreased, the resulting sample rate is also much lower than in Fig. 4.1(b), when
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the quantizer resolution was fixed to the minimum value needed to meet the
dynamic range requirement.

4.3

Adaptive Resolution Algorithm

The example in the previous section illustrates how the tradeoff between
dynamic range and input bandwidth can be overcome by allowing the quantizer
resolution to vary with the slope of the input signal. In this section, we develop an
AR algorithm for controlling the quantizer resolution, in order to overcome this
tradeoff with minimal increase to the complexity and power dissipation of the
ADC.
In order to meet the dynamic range requirement of a given application, the
maximum quantizer resolution is set by (3.9). This creates a minimum threshold
level step size of Δq, and sets the minimum input amplitude which can be
resolved to 2Δq, assuming the input must cross at least two threshold levels.
According to (3.6), when the quantizer resolution is set to its maximum value, the
maximum input slope which can be processed without slope overload distortion is
Δq/ζ. For input slopes between Δq/ζ and 2Δq/ζ, slope overload distortion can be
avoided by decreasing the quantizer resolution by 1 bit. The quantizer resolution
can be decreased by another bit for input slopes between 2Δq/ζ and 4Δq/ζ, and so
on until the resolution is decreased to its minimum value of 2 bits, which is
required to create two threshold levels for the input to cross. According to (3.8),
by allowing the quantizer resolution to decrease to 2 bits, the maximum
bandwidth of the ADC will be

47

BWMAX 

1
4

.

(4.1)

The above arguments show that by varying the quantizer resolution with the
slope of the input signal, the maximum possible bandwidth of BWMAX can be
achieved regardless of the dynamic range requirement. This leads to an algorithm
which compares the input slope to thresholds of Δq/ζ, 2Δq/ζ, 4Δq/ζ, and so on.
The quantizer resolution is then set to the maximum value calculated from (3.9) if
the slope is below Δq/ζ, reduced by 1 bit if the slope is between Δq/ζ and 2Δq/ζ,
and so on until the minimum resolution is reached. The actual implementation of
the algorithm in the prototype ADC will be described in the next section.

4.4

ADC Architecture

The fully-differential architecture of the proposed asynchronous ADC is
shown in Fig. 4.2(a). The ADC consists of: two digital-to-analog converters
(DACs), which create threshold levels bounding the input; two comparators,
which detect when the input crosses one of the threshold levels; a resolution
controller, which implements the proposed AR algorithm and sets the quantizer
resolution; control logic; and a timer, which was used to quantize the time
between samples and calculate the slope of the input signal. The input signal is
subtracted from the threshold levels within the DACs. This allows the threshold
level crossings to be detected by the comparators connected to the output of the
DACs.
4.4.1

ADC Operation

The operation of the proposed ADC can be described by referring to Fig.

VINVIN+
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Figure 4.2: (a) Architecture of the proposed AR asynchronous ADC. (b) Example
waveforms demonstrating operation of proposed ADC. (c) Simplified block
diagram of the resolution controller.
4.2(a) and the example waveforms in Fig. 4.2(b). DOUT is the digital output of the
ADC and equals the value of the last threshold level crossed by the input signal.
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STEP is the threshold level step size, which is set by the resolution controller and
corresponds to the quantizer resolution.
Assume, as is true in the example shown, that the two DACs have initially
been set to create threshold levels (the dashed lines in the top waveform) which
bound the differential input signal (VIN,DIFF) from above and below. When the
input crosses one of these threshold levels, the output of the corresponding
comparator (INC or DEC) will toggle high. This triggers the control logic to
output the value of the threshold level crossed (Dout), the value of the timer (Δt),
which represents the time elapsed since the previous sample, and a 1-bit request
signal (REQ), for synchronization with subsequent stages. The timer is then reset
and the resolution controller updates the quantizer resolution by setting the value
of STEP. The actual operation of the resolution controller will be described in the
next section. The control logic then updates the threshold levels so that they
bound the last threshold which was crossed by setting the value of the upper DAC
to DOUT + STEP and the lower DAC to DOUT – STEP. As long as the input slope
meets the requirement given by (3.6), these threshold levels will bound the input
from above and below as shown in the example waveform. The ADC then waits
for the input to cross one of the new threshold levels before repeating the
previously described steps.
The resulting output of the ADC consists of non-uniform time-amplitude
samples (Δt,DOUT) which track the input signal and can be processed using the
methods described in Chapter 3. As shown in the example waveforms, the sample
rate will depend on the rate of change of the input signal. The minimum sample

50

time (loop-delay) of the ADC will be equal to the time from when the input
crosses a threshold level to when the updated threshold levels settle to the
required accuracy. If the input crosses two threshold levels in less than this time,
slope overload distortion will occur.
4.4.2

Resolution Controller

The addition of the resolution controller differentiates the proposed
architecture from a conventional asynchronous ADC. In a conventional
architecture, the quantizer resolution would be fixed. As previously mentioned,
this leads to a tradeoff between dynamic range and input bandwidth. The
proposed architecture overcomes this tradeoff by having the resolution controller
vary the quantizer resolution between 8 and 4 bits, depending on the slope of the
input signal. According to (3.8), setting the minimum resolution to 4 bits instead
of 2 bits will limit the input bandwidth to one quarter of the maximum possible
value given by (4.1).
In the actual implementation, the resolution controller sets the quantizer
resolution by setting the value of STEP, which sets the distance between threshold
levels. To set the quantizer resolution to 8 bits, the value of STEP is set to 1 LSB,
where LSB is the least significant bit of the DACs when their quantizer resolution
is 8 bits. In order to decrease the quantizer resolution by one bit, the value of
STEP is doubled. In the rest of this section, only the quantizer resolution is
discussed in order to simplify the description of the resolution controller and AR
algorithm. The corresponding STEP values can be determined based on the
previous discussion.
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A simplified block diagram of the resolution controller is shown in Fig. 4.2(c).
After each new sample, the slope of the input signal is determined from the output
samples and used to set the quantizer resolution according to the proposed AR
algorithm. As described in Section 4.3, the AR algorithm compares the slope of
the input signal to several slope thresholds derived from (3.6), and then sets the
quantizer resolution to the maximum value which avoids slope overload
distortion. This algorithm can be simplified since, at each sample, the change in
amplitude since the last sample (ΔVin) is equal to the current threshold level step
size (Δq). Therefore, the condition for avoiding slope overload distortion can be
reduced to the time between samples being greater than the loop-delay, which was
measured to be 20µs for the prototype chip. The algorithm can be further
simplified by limiting the quantizer resolution to being incremented or
decremented by at most 1 bit after each sample. A lower Δt threshold can then be
set to determine when to decrement the quantizer resolution, and an upper Δt
threshold set to determine when to increment the quantizer resolution. In this
design these thresholds were set to 40µs and 80µs, respectively. The choice of
these values will be explained later.
A simple flowchart of the resulting AR algorithm is shown in Fig. 4.3. A few
details have been left out in order to make the algorithm easier to understand.
These details do not change the basic operation of the algorithm and will be
discussed at the end of this section. Initially, the quantizer resolution is set to 8
bits. The choice of starting resolution is arbitrary since the AR algorithm will
automatically adjust the quantizer resolution to the correct value. After each
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Figure 4.3: Simplified flowchart of the AR algorithm. RES is the quantizer
resolution and Δt is the time since the previous threshold crossing.
sample, the value of Δt is compared to the two Δt thresholds. If Δt is less than
40µs, the quantizer resolution is decreased by 1 bit, unless it is already at the
minimum resolution of 4 bits. If Δt is greater than 80µs, the quantizer resolution is
increased by 1 bit, unless it is already at the maximum resolution of 8 bits.
Otherwise, the quantizer resolution is left unchanged.
When determining how to set the Δt thresholds, two main requirements for the
AR algorithm were taken into consideration. First, when the quantizer resolution
is initially set to its maximum value, the AR algorithm must respond fast enough
to an increase in input slope to avoid slope overload distortion for all possible
inputs. The input signal with the worst case increase in slope would be a full-scale
step function, which would be filtered at the 1kHz bandwidth of the ADC in a
practical system. Fig. 4.4(a) shows the response of the ADC to this particular
input signal, simulated in MATLAB, for different values of the lower Δt threshold
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and a loop-delay of 20µs (equal to the measured value for the prototype chip). For
each simulation, the upper Δt threshold was set to twice the value of the lower Δt
threshold. When the lower Δt threshold was set to 10µs, the AR algorithm failed
to decrease the quantizer resolution, which led to slope overload distortion.
Increasing the lower Δt threshold to 40µs allowed the AR algorithm to adjust the
quantizer resolution fast enough for the ADC to accurately follow the input
signal. Increasing the lower Δt threshold beyond 40µs decreases the response time
of the AR algorithm to increases in input slope, but also increases the response
time to decreases in input slope. This prevents the AR algorithm from increasing
the quantizer resolution fast enough to track the ringing at the top of the input
signal, when the lower Δt threshold was set to 120µs.
The second main requirement is that when the quantizer resolution is initially
set to its minimum value, the AR algorithm must respond fast enough to a drop in
input amplitude to avoid missing any small amplitude details in the input signal.
The worst case input would be a sinusoid with frequency equal to the bandwidth
of the ADC, and amplitude that drops instantly from full-scale to the minimum
value within the dynamic range of the ADC. Fig. 4.4(b) shows the simulated
response of the ADC to this particular input signal, for different values of the
upper Δt threshold and a lower Δt threshold of 40µs and loop delay of 20µs. The
y-axis has been zoomed in to clearly show the response when the input amplitude
is minimum. When the upper Δt threshold is set to 80µs, the AR algorithm
increases the quantizer resolution fast enough for the ADC to accurately follow
the input signal. In order to prevent the time between samples from dropping
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Figure 4.4: Simulated response of the ADC for different values of the Δt
thresholds used to control the AR algorithm. (a) Response to a step function
filtered at the bandwidth of the ADC, for different values of the lower Δt
threshold. (b) Response to a sinusoidal input with frequency equal to the
bandwidth of the ADC, and amplitude which drops from full-scale to the
minimum value within the dynamic range of the ADC, for different values of the
upper Δt threshold.
below the lower Δt threshold when the quantizer resolution is increased, the upper
Δt threshold should not be decreased below 80µs. Increasing the upper Δt
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threshold beyond 80µs increases the response time of the AR algorithm to
decreases in input slope, or in this case decreases in input amplitude. This causes
the ADC to stop tracking the input signal for two cycles after the amplitude drops,
when the upper Δt threshold is set to 640µs.
As mentioned earlier, several details of the AR algorithm were not discussed
in order to simplify the explanation. It was previously stated that the quantizer
resolution is increased only after a sample occurs. A problem will occur if the
input does not cross a threshold level due to the peak-to-peak voltage variation
decreasing to less than the distance between threshold levels. Since no threshold
is crossed, the quantizer resolution will not be increased and the ADC will not
follow the input. In order to overcome this problem, instead of only increasing the
quantizer resolution after a sample occurs, the resolution controller monitors the
value of the timer and increases the quantizer resolution by 1 bit every 80µs that a
threshold level is not crossed. This guarantees that the quantizer resolution will
still be increased even when no threshold is crossed. One problem with changing
the threshold levels at a time other than when a sample occurs is that the value of
the input signal is unknown. If the input has already crossed one of the new
threshold levels, distortion will occur due to the amplitude of the next sample
being wrong. MATLAB simulations have shown that this distortion is prevented
by not outputting any samples which occur within 50µs after the quantizer
resolution is increased. The oversampling nature of the ADC prevents this from
degrading the output.
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4.5

Circuit Design

This section describes the implementation of each of the blocks in Fig. 4.2(a).
In order to increase the power efficiency for low-frequency sensor applications,
the analog blocks were optimized for subthreshold operation and a supply voltage
of 0.7V in a 0.18µm CMOS process. The control logic and resolution controller
were implemented in an FPGA to allow testing of various algorithms for
controlling the quantizer resolution.
4.5.1

DAC

The DACs were implemented with the 10-bit fully-differential hybrid
switched-capacitor/resistor-string architecture shown in Fig. 4.5 [76], where one
side has been omitted for clarity. The resolution was increased by 2 bits beyond
the maximum quantizer resolution of the ADC in order to allow the comparator
offset to be calibrated to less than 1 LSB. The offset calibration scheme will be
discussed in more detail in Section 4.5.3.
One drawback to switched-capacitor DACs is the decreased accuracy of the
output over time due to leakage currents [43], which is referred to as output drift.
This becomes more of a concern in asynchronous designs where the time between
when the DAC is reset will increase as the sample rate decreases. The architecture
in Fig. 4.5 was chosen for the low level of output drift provided by the fullydifferential design and active feedback. Transient simulations were run to verify
that the leakage currents were low enough to avoid degrading the output
resolution of the ADC when the sample rate reached its minimum value, which is
calculated later. In order to eliminate output drift altogether, the DAC could be
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Figure 4.5: 10-bit fully-differential hybrid switch-capacitor/resistor-string DAC
and example timing waveform. For clarity, only one side is shown.
implemented as a resistor string. A dynamic switched-capacitor DAC without a
feedback amplifier could also be used to decrease static power consumption [64].
These topologies were not chosen for the current design in order to avoid the
increased wiring complexity of the resistor string DAC and the increased output
drift of the dynamic switched-capacitor DAC.
The DAC operates similarly to standard charge-redistribution architectures
[76]. The DAC is reset by closing the switch controlled by ΦRES and connecting
the switches controlled by ΦC31-0 and ΦIN to VREF, which was set to VDD/2. This
discharges the feedback capacitor around the amplifier and connects the bottom
plate of the remaining capacitors to VREF. The feedback switch is then opened and
the output is set according to the DAC input word. The most significant bit
(MSB) of the digital input sets the polarity of the differential output voltage. The
next five MSBs configure the thermometer encoded capacitor array. If the input is
positive, N capacitors, where N is equal to the corresponding 5-bits of the digital
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input, in the top half array are connected to VDD and N capacitors in the bottom
half array are connected to VSS. The connections are switched if the polarity is
negative. The LSB capacitor is then set to one of the taps of the resistor ladder
based on the four least significant bits (LSBs). If the input polarity if positive, a
tap above VDD/2 is chosen, while a tap below VDD/2 is chosen if the input polarity
is negative. The differential output voltage of the DAC will then equal
VOUT ,DIFF  

VDD
2 N 1

N 2

 Di  2i ,

(4.2)

i 0

where the polarity is determined by the MSB of the digital input, and the Di’s are
the remaining 9 bits of the binary encoded digital input, which determine how the
switches ΦC31-0 are configured.
An additional capacitor, with value equal to that of the feedback capacitor, is
placed in parallel with the main capacitor array. This capacitor is connected to
VREF when the DAC is reset and to the input signal when the DAC output is set.
This effectively subtracts the input signal from the threshold levels (DOUT ±
STEP) within the DAC. This allows the output of the DAC to be directly
connected to a comparator, in order to detect when the input crosses one of the
threshold levels. An additional benefit is that the DAC differential output is kept
less than the threshold level step size. This allows for: rail-to-rail input swing,
which is important due to the low supply voltage; decreased settling time; and
decreased leakage through the feedback switch, which reduces output drift.
The linearity of the DAC is determined mainly by the matching in the
capacitor array and to a lesser extent the resistor ladder. Any non-linearity will
limit the effective resolution of the DAC and the maximum achievable SNDR of
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the asynchronous ADC, as was mentioned in Section 3.2.1. The input-referred
noise of the amplifier will also reduce the resolution of the DAC. The inputreferred offset of the amplifier will lead to an offset in the threshold levels, which
is discussed in more detail Section 4.5.3.
The size of the unit capacitors, CU, was set to 150fF to allow for 10-bit
matching. The unit resistor size, R, was set to 50kΩ in order to minimize power
dissipation without reducing the settling time of the DAC. The switches were
implemented with nMOS transistors with a width and length of 0.4µm and
0.26µm, respectively. The simulated reset and settling times of the DAC were
2.2µs and 5.7µs, respectively. In a fully integrated design, these times would
approximately set the loop-delay of the ADC, which would give a maximum
sample rate of approximately 100kS/s.
4.5.2

Operational Transconductance Amplifier

The amplifier in the DAC was implemented as a two-stage Millercompensated

operational

transconductance

amplifier

(OTA)

[77].

This

architecture, which is shown in Fig. 4.6, was chosen for its ability to provide
reasonable gain without restricting the output swing, which was important due to
the low supply voltage. The common-mode feedback (CMFB) circuit is
essentially a copy of the first stage of the OTA and sets the output common-mode
voltage of the OTA to VCM by adjusting the bias voltage VCMFB. The output
common-mode voltage and the bias nodes (VB) were set by an external voltage
source to VDD/2. In order to make the amplifier independent of supply voltage,
temperature, and process (PVT) variations, VB could be set with a constant-gm bias
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Figure 4.6: (a) Two-stage Miller-compensated OTA. (b) Common-mode feedback
circuit.
circuit in the future [77].
The low supply voltage and input common mode voltage of VDD/2 left around
only 250mV to bias the gate-source voltage of the input transistors. This would
bias the input transistors in the deep subthreshold region due to the nominal
transistor threshold voltage (VT) of 400mV. This would limit the performance of
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Table 4.1: OTA component sizes.
Device

Size

Device

Size

M1

9µm/1µm

M6

4.5µm/1µm

M2

18µm/1µm

M7

18µm/1µm

M3

6µm/1µm

M8

6µm/1µm

M4

6µm/1µm

R

100kΩ

M5

24µm/1µm

C

1.35pF

the amplifier due to the constrained current drive capabilities and gm, and large
mismatch due to VT variations of transistors biased in this region. In order to
improve the amplifier performance, the VT was decreased so that the input
transistors were biased closer to the moderate inversion region. This was
accomplished by biasing the body potentials of all the transistors at VDD/2 and
increasing the gate length of the transistors to 1µm. By slightly forward biasing
the body of the transistors, the threshold voltage was decreased through the body
effect [77]. In order to allow the body of the nMOS transistors to be biased
separately from the substrate, triple-well transistors, which have an isolated body
terminal, were used. Increasing the gate length to 1µm overcame the reverse short
channel effect [78], which causes an increase in VT at short channel lengths.
The size of each of the components of the OTA is given in Table 4.1. The DC
gain of the OTA is given by

Av  g m1 g m4 ro1 || ro2 ro4 || ro5  ,

(4.3)

where gm and ro are the transconductance and output resistance, respectively, of
the corresponding transistors. The frequency response is determined by the output
poles of the first and second stages, which are given by

Magnitude (dB)
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Figure 4.7: OTA simulated open-loop frequency response.

p1  

g m1
g m 4 ro 4 || ro5  Cc

(4.4)

gm4
,
CL

(4.5)

and

p2  

where CL is the load capacitance. Simulations show that for a 5pF load on each
output, the OTA achieves a DC gain of 69.5dB, a unity-gain bandwidth of
3.5MHz, a phase margin of 750, and has a static power consumption of 7.5µW at
a supply voltage of 0.7V. The simulated open-loop frequency response is shown
in Fig. 4.7.
4.5.3

Comparator and Offset Calibration

A continuous-time topology was chosen for the comparator in order to avoid
the need for a clock and make it possible for the ADC to be integrated into a
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Figure 4.8: Continuous-time Comparator.
clockless continuous-time DSP system in the future [25]. The Class-A amplifier
structure shown in Fig. 4.8 was chosen for its ability to operate at low supply
voltages. Two inverters were added at the output to allow for rail-to-rail (logic
level) output swing and to prevent an increase in the decision time due to the
output being brought off chip to interface with the control logic. The size of each
of the components of the comparator is given in Table 4.2. The static power
consumption from simulations was 1.4µW at a supply voltage of 0.7V.
The decision time of the comparator will add to the time error in the sample

Table 4.2: Comparator component sizes.
Device

Size

Device

Size

M1

6µm/1µm

M6

6µm/1µm

M2

5µm/1µm

M7

24µm/1µm

M3

3µm/1µm

M8

18µm/1µm

M4

3µm/1µm

M9

72µm/1µm

M5

12µm/1µm
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Figure 4.9: Simulated input dependent decision delay of the continuous-time
comparator.
points. As described in Chapter 3, the time error will create an error in amplitude
which is dependent on the slope of the input signal. Simulations show a decision
time of 0.55µs for the worst case input slope of 4375V/s and a supply voltage of
0.7V. This value is less than the resolution of the timer (1µs) and therefore will
have minimal effect on the output resolution. As shown in Fig. 4.9, for every
order of magnitude decrease in the input slope, simulations show only a two-fold
increase in the decision time. Therefore, the error in amplitude will decrease as
the input slope decreases and will not affect the output resolution of the ADC.
Any difference in offset between the two comparators will also affect the
output resolution of the ADC. The difference in offset can be viewed as a shift in
the lower threshold levels in Fig. 4.2 relative to the upper threshold levels. This
creates an error in amplitude equal to the comparator offset for samples which
occur when the input crosses a lower threshold level compared to samples which
occur when the input crosses an upper threshold level. MATLAB simulations
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Figure 4.10: Simulated SNDR versus the difference in comparator offset for a
34Hz sinusoidal input with amplitude of 535mV, a timer resolution of 1MHz, a
loop-delay of 20µs, and a quantizer resolution of 8 bits.
show that this leads to an increase in harmonic distortion and a decrease in the
SNDR of the ADC. The simulated results for a 34Hz sinusoidal input with
amplitude of 535mV, a quantizer resolution of 8-bits, a timer frequency of 1MHz,
and a loop-delay of 20µs are shown in Fig. 4.10. The reconstructed SNDR is seen
to quickly decrease as the difference in comparator offset is increased from 0 to 1
LSB, where LSB is the step size at a quantizer resolution of 8 bits.
The difference in offset may also cause the ADC output to toggle between two
adjacent levels if the lower threshold is moved to less than 1 LSB below the upper
threshold. This can be explained by assuming a slowly changing input has just
increased past the upper threshold level. The ADC will then output the level
crossed and increment both threshold levels by 1 LSB. Since the lower threshold
was less than 1 LSB below the threshold just crossed, it will now be above the
input signal. Therefore, the ADC will immediately register a decrement. The
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ADC will continue to alternately increment and decrement the output as long as
the input signal remains just above the initial threshold level which was crossed.
An illustration of this effect is given in [79].
To prevent a decrease in output resolution and an increase in activity due to
output toggling, the difference in comparator offset can be cancelled by adding an
offset to one of the DACs. For chip testing, the offset was manually calibrated.
The quantizer resolution was set to 8 bits and a low frequency sinusoid was input
to the ADC. A negative offset of a few LSB was initially added to the lower DAC
to ensure that the upper and lower thresholds were more than 2 LSB apart. The
added offset was then made more positive in increments of 0.5 LSB until the
ADC output began toggling between two values at the top of the input sinusoid.
This indicated that the lower threshold level was now between 0.5 and 1 LSB
below the upper threshold. An additional 1 LSB was then subtracted from the
offset added to the lower DAC to bring the lower threshold level approximately 2
LSB below the upper threshold, which is the ideal value. This final offset was
then added to the lower DAC for all measurements. According to simulations, the
0.5 LSB resolution of the calibration scheme is sufficient to prevent the SNDR
from being degraded by more than 3dB due to any remaining difference in offset.
4.5.4

Control Logic and Timer

As previously mentioned, the control logic and resolution controller were
implemented in an FPGA. This allowed the ADC to function as a test-bed where
various algorithms for controlling the quantizer resolution could be tested and
characterized. The off-chip control logic also allowed the prototype ADC to be
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configured with a fixed quantizer resolution. This allowed the tradeoff between
dynamic range and input bandwidth to be measured and used to demonstrate the
improved performance offered by the proposed AR algorithm.
The timer was implemented as a counter, which was incremented by a clock
on the demonstration board used for the FPGA, and reset by the control logic. The
size of the counter was set to 16 bits. For testing purposes, the counter clock
frequency was set to 1MHz. This frequency was chosen so that the measured
SNDR for a full-scale sinusoidal input would not be limited by the timer
resolution ratio for frequencies below the bandwidth of the ADC. In order to
prevent the timer from overflowing, the controller was configured to output a
sample and reset the timer and threshold levels when the counter reached its
maximum value before a threshold level was crossed. This set the minimum
sample rate of the ADC to 15S/s.

4.6

Measured Results

A prototype of the proposed AR asynchronous ADC was fabricated in a 1.8V
0.18µm CMOS process and packaged in a 68-pin leadless chip carrier ceramic
package. The nominal threshold voltages of the nMOS and pMOS transistors
were approximately 400mV and -400mV, respectively. The digital logic was
implemented off-chip in an Altera Cyclone II 2C35 FPGA embedded on an Altera
DE2 development board. The die micrograph is shown in Fig. 4.11. The core area
of the ADC, not including off-chip logic, was 0.96mm2. The analog supply,
including the reference voltage for the DACs, was set to 0.7V. The supply for the
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Figure 4.11: Die micrograph of the prototype ADC.
digital I/O, which drove the DAC switches, was set to 1.4V in order to reduce the
switch on-resistance and allow for interfacing with the external FPGA. The full
test setup is presented in Appendix A.
In order to allow standard FFT techniques to be used to calculate the signalto-noise and distortion ratio (SNDR) and output spectrum, a 6th-order polynomial
interpolator in MATLAB was used to reconstruct a synchronous signal from the
asynchronous samples. Reconstruction of synchronous signals from the outputs of
level-crossing ADCs, by way of an interpolator, has been analyzed in [21], [68],
and [69]. The interpolator output was used to calculate the SNDR values
presented in Figs. 4.12-4.14 and Table 4.3. As discussed in Chapter 3, to save
power in an actual system, the interpolation could be performed after the
asynchronous data has been transmitted to a central processing node or other
device with ample power and processing resources. If real time processing was
needed, a DAC could be used instead, to reconstruct a continuous time signal.
Similar results could be expected, based on the analysis of a continuous-time DSP
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system in [26] and [80].
4.6.1

ADC Performance with AR Algorithm

The performance of the prototype ADC was measured with its quantizer
resolution varied between 4 and 8 bits by the AR algorithm and a timer resolution
of 1µs. The comparator offset was manually calibrated by adding a constant offset
to each of the DACs. For all tests, the sample rate of the interpolator output was
adjusted to equal 19.3 times the input frequency. This allowed the SNDR of the
ADC to be measured accurately, and prevented the reconstruction algorithm from
filtering out any significant harmonics as the input frequency increased, as is
discussed in [68].
The loop-delay of the ADC was measured to be 20µs, which set the
equivalent maximum sampling rate to 50kS/s. The maximum sampling rate would
increase to 100kS/s in a fully integrated design by eliminating the 10µs required
to load the DAC control words from the FPGA. The long load time was due to the
control words being loaded over a shared bus and the 1MHz clock used to control
the FPGA logic. The peak SNDR and input bandwidth of the ADC were
measured to be 52.2dB (8.4 effective number of bits) and 1kHz, respectively, for
a sinusoidal full-scale differential input with peak-to-peak voltage of 1.4V. The
SNDR was measured by removing even order distortion caused by some of the
ESD diodes in the prototype chip being connected to the wrong supply. This will
be explained in more detail at the end of this section. The maximum possible
bandwidth of 4kHz, given by (4.1), could be achieved by reducing the minimum
quantizer resolution to 2 bits.
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Figure 4.12: ADC output spectrum for a 1.1kHz sinusoidal differential input with
amplitude of 570mV. A 6th-order polynomial interpolator was used to reconstruct
a synchronous signal at 20kS/s from the sampled output, so that standard FFT
techniques could be used to compute the output spectrum. Even order distortion is
due to some of the ESD diodes in the prototype chip being connected to the
wrong supply. SNDR and ENOB values are given both not including* and
including this distortion.
An example output spectrum for a 1.1kHz sinusoidal differential input, with
amplitude of 570mV, is shown in Fig. 4.12. The even order distortion caused by
the ESD diodes has been plotted with a broken line to differentiate it from the
spectrum of the core ADC. This figure demonstrates how the input frequency can
increase beyond the bandwidth of the ADC without introducing distortion, when
the input amplitude is below its full-scale value. The measured power dissipation,
not including the off-chip control logic, was 25µW, due mostly to the static power
dissipation of the OTA in the DACs. This value could be reduced by
implementing the DACs as resistor ladders or dynamic switched-capacitor DACs
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without feedback amplifiers, although threshold level drift would become a
problem at low sample rates for the latter case. If the control logic and resolution
controller are integrated, their power consumption can be estimated based on the
reported power consumption of an asynchronous controller used in a recently
published medium resolution SAR ADC [81]. Scaling the sample rate of this
ADC to the worst case average sample rate of the prototype ADC (16kS/s) gives
an estimated power consumption of approximately 100nW. This is a conservative
value since the complexity of the control logic for the prototype ADC is less than
that of a SAR ADC. The resolution controller will not add much complexity since
it only has to compare the output of the timer to two thresholds, and then
increment or decrement the quantizer resolution when one of the thresholds are
crossed. Therefore, integrating the control logic and resolution controller will not
noticeably increase the power consumption of the ADC. An overview of the
performance results for the prototype ADC is given in Table 4.3. The SNDR and
ENOB values are given with both the even order distortion from the ESD diodes
removed from the output spectrum and with it included.
The even order distortion in the output spectrum of the ADC was caused by
the ESD diodes for the digital I/O pads in the prototype chip being mistakenly
connected to the analog supply. The 700mV difference between the supplies led
to the diodes that were connected to the positive supply turning on whenever the
corresponding digital I/O pins toggled high. It was verified that when the supplies
were brought within 300mV of each other, by setting the analog supply to 0.9V
and the digital supply to 1.2V, the diodes no longer turned on and the distortion
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Table 4.3: ADC performance summary.
Parameter
Technology
Package
Supply Voltage
Quantizer Resolution
Timer Resolution
Maximum Sampling Rate
Input Bandwidth
Peak SNDR*
ENOB*

Value
0.18µm CMOS
68-pin LLC
0.7 V
Variable (4 to 8 bits)
1 µs
50 kS/s
1 kHz (for full-scale input)
52.2**/43.2 dB
8.4**/6.9 bits

Dynamic Range

40.2 dB

Differential Input Swing

1.4 Vp-p

Power Consumption
Area

25 µW (w/o off-chip logic)
0.96mm2 (w/o off-chip logic)

*calculated from output of interpolator
**does not include even order distortion caused by incorrect connection
of ESD diodes in the prototype chip

disappeared. These supply levels were not used to measure the ADC performance
because the CMFB circuit in the OTAs, which was originally designed to operate
at a supply level of 0.5V, was not fully stable at a supply voltage of 0.9V. This led
to an increase in the odd order harmonics and degradation of the overall SNDR. It
was decided that the best way to measure the actual performance of the core ADC
was to allow the ESD diodes to turn on and then subtract the even order distortion
from the output spectrum since it was not due to the core ADC design. If
included, the only change in the results would be a decrease in peak SNDR, as
shown in Table 4.3. This would not affect the main thesis of this work, which is
that the proposed AR algorithm overcomes the tradeoff between dynamic range
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and input bandwidth in asynchronous ADCs. In future designs the distortion will
be removed by connecting the ESD diodes to the proper supply.
4.6.2

Comparison to Fixed Quantizer Resolution

In order to measure the tradeoff between input bandwidth and dynamic range
when the quantizer resolution is fixed, and to evaluate the improved performance
offered by the AR algorithm, the dynamic range and input bandwidth of the
prototype ADC were measured with its quantizer resolution fixed at 4, 6, and 8
bits, and varied by the AR algorithm.
In order to calculate the dynamic range at each quantizer resolution setting,
the SNDR was measured versus input amplitude for a sinusoidal differential input
with frequency of 40Hz. The results are shown in Fig. 4.13 for each fixed
quantizer resolution, and for when the quantizer resolution was varied according
to the AR algorithm. The dynamic range was calculated as the difference between
the amplitude that gave the peak SNDR and the amplitude where the SNDR
dropped below zero. The results show that for a fixed quantizer resolution,
increasing the resolution from 4 to 8 bits increases the dynamic range from
19.6dB to 40.2dB. When the AR algorithm was used to vary the quantizer
resolution, the maximum dynamic range of 40.2dB was achieved. These values
match the theoretical values given by (3.9) within a couple dB.
In order to calculate the input bandwidth at each quantizer resolution setting,
the SNDR was measured versus input frequency for a sinusoidal differential input
with amplitude of 570mV. The results are shown in Fig. 4.14 for each fixed
quantizer resolution, and for when the quantizer resolution was varied according
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Figure 4.13: Comparison of SNDR versus input amplitude for when the quantizer
resolution was set by the AR algorithm and fixed at 4, 6, and 8 bits. The SNDR
was calculated for a 40Hz sinusoidal differential input.
to the AR algorithm. For a conventional ADC, the input bandwidth is calculated
as the input frequency where the SNDR drops 3dB below its peak value. This
definition of bandwidth is not relevant for asynchronous ADCs, since, according
to (3.3), the SNDR will decrease at a rate of 20dB/decade as the input frequency
increases. The bandwidth is instead defined, by (3.7), as the maximum input
frequency which does not violate (3.6). The input frequency where this occurs is
easily calculated from the plots in Fig. 4.14 by determining when the SNDR
begins to decrease at a rate greater than 20dB/decade.
The results in Fig. 4.14 show that when the quantizer resolution is fixed at 4,
6, and 8 bits, the input bandwidth is 1.2kHz, 300Hz, and 78Hz, respectively.
These values match the theoretical maximum frequencies given by (3.7). When
the quantizer resolution is fixed to either 6 or 8 bits, the SNDR does not drop
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Figure 4.14: Comparison of SNDR versus input frequency for when the quantizer
resolution was set by the AR algorithm and fixed at 4, 6, and 8 bits. The SNDR
was calculated for a sinusoidal differential input with amplitude of 570mV.
below its peak value for frequencies up to the bandwidth of the ADC. This is due
to the fact that at low frequencies, the SNDR is limited by the accuracy of the
analog components rather than by the resolution ratio. When the quantizer
resolution is set to 4 bits, the SNDR drops to 8dB below its peak value at the
bandwidth of the ADC. When the AR algorithm is used to vary the quantizer
resolution, the maximum bandwidth of 1.2kHz is achieved. At this frequency, the
SNDR drops 2dB below its peak value.
The dynamic range and input bandwidth calculated from Figs. 4.13 and 4.14
are plotted in Fig. 4.15 for each fixed quantizer resolution and for when the
quantizer resolution was varied by the AR algorithm. A linear regression line,
drawn between the three fixed resolution data points, illustrates the tradeoff
between dynamic range and input bandwidth when the quantizer resolution is
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Figure 4.15: Comparison of input bandwidth versus dynamic range, calculated
from Figs. 4.13 and 4.14, for when the quantizer resolution was set by the AR
algorithm and fixed at 4, 6, and 8 bits.
fixed. The data point for when the AR algorithm is used to set the quantizer
resolution is seen to move off of this line and achieve both the highest dynamic
range and input bandwidth. This proves the main thesis of this work, which is that
the AR algorithm overcomes the tradeoff between dynamic range and input
bandwidth typically seen in asynchronous ADCs.
Several properties of the plots in Figs. 4.13 and 4.14 should be mentioned to
clarify the results. In Fig. 4.13, the plots for when the quantizer resolution was
varied according to the AR algorithm and fixed at 8 bits are seen to closely match.
This is because, at an input frequency of 40Hz, the AR algorithm kept the
quantizer resolution set to its maximum value of 8 bits for the full range of input
amplitudes which were tested. If the input frequency was increased, the AR
algorithm would eventually start to reduce the quantizer resolution at higher input
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amplitudes in order to prevent (3.6) from being violated. This would not decrease
the dynamic range since, for small amplitude inputs, the quantizer resolution
could remain set at its maximum value of 8 bits without violating (3.6), for
frequencies up to the bandwidth of the ADC.
In Fig. 4.14, the input bandwidth which was achieved at each resolution was
greater than the worst case value from (3.8). This was due to the input amplitude
used for this test being less than the full-scale value of 700mV. Also, the SNDR is
seen to be constant at low frequencies, instead of decreasing at a rate of
20dB/decade. This is due to the SNDR being limited by the accuracy of the
analog components rather than by the resolution ratio. Lastly, the peak SNDR is
seen to drop by approximately 5dB when the quantizer resolution is increased
from 4 to 8 bits. Measurements show that across all input amplitudes, the average
difference in peak SNDR is 2.8dB. This difference is due to the different effect
that nonlinearity in the threshold levels, which is caused by nonlinearity in the
DAC transfer function, has at each quantizer resolution. A common cause of nonlinearity in the type of DAC designed for the ADC is mismatch between the MSB
capacitor array and the LSB resistor array. When the quantizer resolution is set to
8 bits, this mismatch increases the overall distortion and reduces the overall
SNDR of the ADC. When the quantizer resolution is set to 4 bits, only the MSB
array of the DAC is utilized. Therefore, nonlinearity due to mismatch between the
two arrays is irrelevant, and does not affect the SNDR. In order to verify this
behavior, MATLAB simulations were run. The DAC transfer function was
modeled with nonlinearity that would typically be seen when a mismatch was
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present between the MSBs and LSBs. The nonlinearity was sized to give a
maximum integral nonlinearity (INL) and differential nonlinearity (DNL) of 1
LSB, with respect to a quantizer resolution of 8 bits. The SNDR was then
simulated with the quantizer resolution set to 4, 6, and 8 bits. The simulations
gave an average decrease in SNDR of 3.6dB when the quantizer resolution was
increased from 4 to 8 bits. This corresponds closely with the measured decrease in
SNDR. The large increase in dynamic range at higher resolution outweighs this
relatively small decrease in peak SNDR.
4.6.3

Accelerometer Test

The low bandwidth and, for many applications, burst like nature of the output
from an accelerometer makes it a good application to demonstrate the potential
for data compression provided by the prototype asynchronous ADC. The
prototype ADC was therefore used to digitize the output of an ADXL335 3-axis
accelerometer mounted on an EVAL-ADXL335Z evaluation board from Analog
Devices. The accelerometer output bandwidth was matched to the ADC
bandwidth of 1kHz using a 4th-order low-pass RC filter. The filtered x-axis output
of the accelerometer was then sampled by the prototype ADC as the evaluation
board was struck with varying force, resulting in accelerations within the ±3g
dynamic range of the accelerometer. The full test setup is presented in Appendix
A. The sampled output for a particular 14s period is shown in Fig. 4.16, along
with the time varying sample rate. The sample rate scales from the minimum
sample rate of the ADC (15S/s) during periods of inactivity, up to a maximum of
20kS/s as the signal activity increases. The ADC thereby provides large
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Figure 4.16: Sampled output of the ADXL335 accelerometer and corresponding
time varying sample rate.
oversampling when needed while having an average sample rate of only 530S/s,
which is lower than the Nyquist rate of 2kS/s.
Compared to an 8-bit conventional ADC with no oversampling, the prototype
ADC achieved a data compression ratio of about 4, on a sample rate basis, for this
particular example. If the sample rate of the conventional ADC is set to 20kS/s, in
order to achieve the same maximum oversampling ratio as the prototype ADC,
the compression ratio will increase to 40. As the signal activity decreases, the
compression ratio will increase further. The previous compression ratios are based
only on the sample rate of the ADCs. If the total bit rate is considered, the
compression ratio will decrease by a factor of three, due to the extra 16 bits
required to represent the time information. In future designs, the compression
ratio can be increased by optimizing the number of time bits for a given
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application or by only transmitting the change in amplitude at each sample.
The effective output resolution of the sampled data was determined by also
sampling the output of the accelerometer with a NI USB-6009 14-bit 48kS/s data
acquisition device (DAQ) from National Instruments. The mean squared error
(MSE) between the two sampled outputs was calculated after the output of the
prototype ADC was interpolated to match the sampling rate of the DAQ and any
difference in gain and offset between the two outputs was removed. For the
example in Fig. 4.16, the calculated MSE corresponded to an effective number of
bits (ENOB) of 8.2. This value was achieved over multiple runs and was only 0.2
bits lower than the measured peak value reported in Table 4.3. The 8-bit
resolution and 25µW power dissipation make the ADC suitable for low-cost
accelerometer applications [82].
4.6.4

ECG Test

In order to demonstrate the feasibility of the prototype asynchronous ADC for
ECG monitoring applications, the prototype ADC was also used to digitize the
output of an ECG electrode connected to a real test subject. A three electrode
arrangement was used to measure the ECG signal, where one signal electrode was
placed on the left and right shoulders of the test subject and the reference
electrode was placed on the right ankle. The electrodes were then connected to the
input of a front-end amplifier, which is described in detail in [83]. A buffer was
added between the front-end amplifier and the ADC to bring the common mode
level within the range required by the ADC. Fig. 4.17 shows the output of the
ADC and the time varying sample rate for a period spanning two ECG pulses.
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Figure 4.17: Measured ECG signal at ADC output and corresponding time
varying sample rate.
The important ECG components such as the QRS complex, the R-R interval, and
T and P-waves are clearly visible. The sample rate is seen to vary from the
minimum sample rate of the ADC (15S/s) during period of inactivity, up to a
maximum level of 5kS/s as the signal activity increases. The ADC thereby
provides large oversampling when needed while having an average sample rate of
150S/s.

4.7

Chapter Summary

In this chapter we have presented an asynchronous ADC which achieves data
compression for sparse and burst like signals by the inherent signal dependent
sampling rate of the asynchronous architecture. The main contribution of this
work was the implementation of an AR algorithm which varied the quantizer
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resolution of the ADC with the slope of the input signal, in order to overcome the
tradeoff between dynamic range and input bandwidth typically seen in
asynchronous ADCs. This allowed the maximum possible input bandwidth to be
achieved regardless of the dynamic range requirement. By reducing the quantizer
resolution during periods of high input slope, further data compression was also
achieved.
The presented AR algorithm was developed to improve performance for
general low frequency sensor applications. Future work will optimize the
algorithm for particular applications, in order to achieve maximum data
compression. For example, in a simple heart rate monitor, where only relatively
large amplitude pulses need to be resolved, the AR algorithm could be
programmed to decrease the quantizer resolution more quickly than in the current
version when the input slope increases. This would reduce the number of samples
required to resolve each pulse and would prevent samples from being wasted on
irrelevant small amplitude pulses. These optimized algorithms could easily be
tested on the current prototype ADC since the control logic was implemented offchip in an FPGA.
The focus of the current work was to develop a platform to test the AR
algorithm. In the next implementation, several improvements could be made to
the architecture to improve the performance of the ADC. The power dissipation
could be reduced by an order of magnitude by removing the static power
dissipation of the OTAs in the DACs. This could be accomplished by
implementing the DACs as a single resistor ladder, which would only require
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enough static current to drive the parasitic capacitance of the switches connecting
the DACs to the comparators as well as the input capacitance of the comparators.
The DAC levels could also be calibrated to prevent their accuracy from limiting
the peak SNDR. In the ideal case, the SNDR would only be limited by the
resolution of the timer, which can be made very precise in modern CMOS
processes. The resolution of the calibration used to remove the comparator offset
could also be increased to prevent any difference in offset between the
comparators from limiting the peak SNDR. An automatic calibration procedure
could also be designed. A simple method could set the differential output of the
DACs to zero and then use a calibration DAC to determine the trip points of the
comparators. This would also allow the offset of the amplifiers in the DACs to be
compensated. A background calibration method could also be developed to allow
the offset to be compensated across temperature and voltage variations during
operation.
A final note should be made about the power dissipation of the ADC. While
achieving a very low value is important, in a complete system, the data
compression offered by the asynchronous architecture will provide additional
power savings beyond that of the proposed ADC. In applications where
transmission power dominates, this could lead to a reduction in transmission
power much higher than the power dissipation of the ADC. Also, by directly
acquiring the data in compressed form, the system complexity and power
consumption for data acquisition applications are reduced and the need for
additional compression algorithms following the ADC is avoided. In order to
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directly compare the efficiency of asynchronous data acquisition systems to
conventional Nyquist rate systems, a figure of merit similar to that used for
conventional ADCs [76] should be developed which takes into account the final
data rate as well as the additional power consumption of any post processing
required to compress the data. This would allow the total power consumption of
the data acquisition process to be taken into account as well as the required
transmission data rate. Since the asynchronous acquisition process is very signal
dependent, more analysis should be done in the future to optimize the acquisition
efficiency for particular applications and allow a fair comparison of the figure of
merit with conventional solutions.

85

Chapter 5
Compressed Sensing
5.1

Introduction

As discussed in Chapter 1, wideband spectrum sensing is an essential function
in cognitive radio and signal intelligence applications, where it may be used to
monitor spectrum occupancy or determine the frequency of emitters, among other
tasks. When integrated into wireless sensor networks, the sensing operation
should be realized with as low complexity and power consumption as possible, in
order to increase the operational lifetime and decrease the size, weight, average
power, and cost of each sensor. Conventional Nyquist rate solutions often employ
either a bank of tunable narrowband band-pass filters which scan across the
frequency band of interest, or, as shown in Fig. 5.1, a high speed ADC to directly
acquire the full spectrum [39]. The resulting data is then often compressed to
reduce storage and transmission requirements. This “acquire-then-compress”
acquisition process is inefficient due to the high sample rate required of the ADC
and the additional post processing required to compress the sampled data.
The previous two chapters presented asynchronous sampling as a more
efficient data acquisition technique for signals with sparse activity in time. By
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Figure 5.1: Conventional direct sampling architecture for distributed wideband
spectrum sensing application.
directly acquiring the data in compressed form, the system complexity and power
consumption were reduced compared to conventional Nyquist rate acquisition
techniques and the need for additional compression algorithms following the
ADC was avoided. In this chapter, we introduce the field of compressed sensing
as another sub-Nyquist data acquisition technique better suited for wideband
spectrum sensing applications where the signals of interest are often sparse in the
time-frequency domain. Compressed sensing builds off the recent work of
Candes, Romberg, Tao, and Donoho [27]-[31], which revealed that a signal
having a sparse representation in some basis can be recovered via nonlinear
optimization from a small number of linear non-adaptive measurements taken in a
second basis that is incoherent with the first. In so doing, reconstruction
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complexity is once again traded for more efficient data acquisition. This is
advantageous for the energy constrained wireless sensor applications we are
interested in, where signal analysis is performed remotely at a central processing
node or other device with ample power and processing resources.
Compared to asynchronous sampling, compressed sensing has the added
benefit of not being restricted to signals which are sparse in time. This allows
compressed sensing to potentially benefit a broader range of applications such as
software defined radio [84], wideband spectrum sensing and communications
[85], and imaging applications where increasing sample and data rates make it
increasingly difficult to design simple low power acquisition systems. This will
also allow compressed sensing to exploit the recent advances in sparse
representation of images and other signals in various wavelet domains. One area
where compressed sensing has already had a tangible impact is magnetic
resonance imaging [86], where the reduced number of measurements required has
enabled a reduction in the scan times required to produce an image. This has
obvious benefits for the patient in addition to helping reduce costs. Recent work
has also investigated the use of compressed sensing to benefit such applications
as: the design of a compressive single-pixel camera [87]; biomedical signal
acquisition [88],[89], where many signals such as ECG and EEG have sparse
wavelet representations; and compressed synthetic aperture radar [90], where the
radar pulses also have sparse wavelet representations. In the rest of this and the
following chapter we focus on applying compressed sensing to wideband
spectrum sensing applications in order to reduce the complexity and power
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consumption of the signal acquisition process and relax the requirements of the
ADC.

5.2

Background Theory

In this section we give a brief overview of the theory behind compressed
sensing so that the reader may gain an appreciation for how it can be exploited to
design more efficient and less complex data acquisition systems. Interested
readers can find more in depth analysis in [27]-[31] and a more tutorial like
overview in [33],[35], and [87]. Since this dissertation is concerned with digital
signal acquisition, we restrict our discussion to the discrete time theory.
5.2.1

Sparse Signals

Compressed sensing theory tells us that a length N discrete time signal x[n],
which is sparse or compressible in some basis Ψ, can be acquired and
reconstructed by taking only M << N measurements, where M is proportional to
the information content in the signal. This suggests that under the condition of
sparsity, one should be able to acquire data at rates much lower than what is
allowed by the Nyquist-Shannon sampling theory. Signal x ϵ RN is said to be Ksparse in Ψ = [ψ1,ψ2,…,ψN] if x can be represented by a linear combination of K
vectors from Ψ, where K << N. As shown in Fig. 5.2, by arranging the elements of
x[n] as an N x 1 column vector and the basis Ψ as an N x N matrix, with columns
equal to the basis functions {ψi}, x can then be expressed as
N

xn    i i n  ,

(5.1)

i 1

where α is the N x 1 vector of basis weighting coefficients. In practice few real-
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Figure 5.2: Sparse representation of input signal x with K = 4.
world signals are strictly sparse, but instead are compressible, in that most of the
coefficients {αi} are non-zero but small compared to relatively few large
coefficients. Since most of the signal energy will be located in a small number of
large coefficients, compressible signals can be well approximated by a K-sparse
signal with only K non-zero coefficients. This was demonstrated in Chapter 2,
where, for the examples shown, there was little loss of information when the
particular images and signals used were approximated by only 10% of the
coefficients in their wavelet representations.
5.2.2

Compressed Measurements

In Chapter 2, we discussed how conventional digital compression algorithms
are able to compress a K-sparse or compressible signal by first acquiring the full
N-sample signal, then computing the coefficients {αi}, and finally encoding the K
largest coefficients. Compressed sensing provides a more efficient method of
compression by directly acquiring x in compressed form by taking M linear
measurements of x projected onto a set of measurement functions θ1,θ2…θm,
where M < N. This is equivalent to taking M inner products between x and a set of
length N measurement vectors {θi}. As shown in Fig. 5.3, by arranging the
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Figure 5.3: (a) Compressed sensing measurement process. The length N vector of
coefficients α is sparse with K = 4. (b) The measurement vector y is a linear
combination of K columns from matrix ΦΨ.
resulting measurements into an M x 1 vector y and the measurements vectors as
rows in an M x N matrix Φ, we can write
y  x    .

(5.2)

For a K-sparse signal x the measurement vector y will be a linear combination of
K columns from matrix ΦΨ.
In order to prevent information from being lost in the dimensionality
reduction from x ϵ RN to y ϵ RM and ensure that x can be stably recovered from the
compressed measurements, the measurement matrix Φ must satisfy certain
conditions. The first is that the measurement matrix Φ and basis matrix Ψ must be
incoherent with each other. This ensures that the rows of Φ cannot sparsely
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represent the columns of Ψ, and vice versa. A quantitative measure of the
coherence between Φ and Ψ is

 ,    N  max i , j .
1i , j  N

(5.3)

The level of coherence between Φ and Ψ determines the minimum number of
measurements required for a given K, which is equal to
M  C 2 ,  K log 2 N  ,

(5.4)

where C is a small constant. For maximally incoherent Φ and Ψ, this reduces to
approximately

M  K log 2 N  .

(5.5)

An alternative approach to ensuring stable recovery of a K-sparse signal x,
which is based on the so-called restricted isometry property (RIP), has been
developed in [27]-[31]. For each K = 1,2,…,N, the isometry constant δk of a
matrix Φ is defined as the smallest number such that

1 -  k  x 2

2

 x

2
2

 1   k  x

2
2

(5.6)

holds for all K-sparse signals x. Measurement matrix Φ is then said to obey the
RIP of order K if δk is significantly smaller than 1. This in effect says that all
subsets of K columns taken from Φ are nearly orthogonal, which is required to
guarantee that a unique solution is found for each possible K-sparse signal x.
The previously stated conditions can be satisfied with high probability for any
fixed basis Ψ by choosing Φ as a random matrix, where, for example, each of its
elements are drawn from an independent and identically distributed (i.i.d.)
random distribution. Most of the reported work on compressed sensing exploits

92

this fact to avoid the need to verify that a given Φ satisfies the RIP, which is
combinatorial complex [33],[87]. This has also been shown to allow the design of
universal measurement matrices capable of acquiring signals which are sparse in
arbitrary basis [91].
5.2.3

Signal Recovery

Once we have acquired the M measurements y1,y2…ym, we are left with the
problem of recovering the original length N signal x, or equivalently its sparse
coefficient vector α, from the compressed measurements. Since M < N, this
problem is ill-posed in general and typical reconstruction algorithms will fail to
return a unique solution. Compressed sensing overcomes this problem by taking
advantage of the fact that the solution is sparse and instead solves the ℓ1minimization problem

ˆ  argmin   1 subject to     y ,

(5.7)

which solves for the sparsest set of coefficients {αi} that match the M
measurements {yj}. This is a convex optimization problem that conveniently
reduces to a linear program known as Basis Pursuit [92]. As long as the number of
measurements is large enough compared to the level of sparsity in the signal, the
reconstruction will succeed with high probability.
For real world signals, the measurements will contain noise and can be
modeled by

yn     n ,

(5.8)

where n is a zero-mean white Gaussian noise vector. To account for this, an
alternative recovery algorithm called Basis Pursuit Denoising (BPDN) is used to
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solve

ˆ  argmin   1 subject to y     2   ,
where ε is an upper bound on the noise magnitude.

(5.9)
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Chapter 6
Random Sampling Analog-toInformation Converter
6.1

Introduction

The previous chapter demonstrated how compressed sensing has the potential
to benefit a broad range of applications such as software defined radio, wideband
spectrum sensing and communications, and imaging applications where
increasing sample and data rates make it increasingly difficult to design simple
low power acquisition systems. In the case of wideband spectrum sensing,
compressed sensing techniques can be used to directly acquire the entire spectrum
in compressed form without the need for additional compression algorithms
following the ADC. In practice this is done by way of an analog-to-information
converter (AIC) [32],[33],[93],[94]. The resulting data can then be directly
transmitted at a low rate and reconstructed remotely with close to full fidelity
using ℓ1-minimization based reconstruction algorithms [31],[95]. Compared to the
conventional Nyquist rate approach shown in Fig. 5.1, the complexity and power
consumption of the signal acquisition process are reduced, and the requirements
of the ADC are relaxed.
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Figure 6.1: Block diagram of the random demodulator.
As the field of compressed sensing is still relatively young, physical systems
which offer better performance than existing solutions have been slow to emerge.
One solution that has shown promising results for sparse signals composed of
multiple discrete frequency tones is the random demodulator [34],[93], which is
shown in Fig. 6.1. The input signal x(t) is first mixed by a pseudo-random
chipping sequence of ±1s at a rate equal to at least twice the input bandwidth. The
mixed output is then integrated and dumped at a constant rate R. The integrated
output is sampled by a low-rate ADC resulting in the measurement sequence y[n].
Referring to the theory presented in the previous chapter, the corresponding
measurement matrix consists of M rows of pseudo-random ±1‟s. The original
input spectrum can then be reconstructed using the ℓ1-minimization algorithms
discussed in the previous chapter. A low-frequency proof-of-concept prototype
system has been developed with off-the-shelf parts in [96]. The same authors have
also proposed a simpler architecture based on randomly sampling the received
signal [94], and have implemented a low-frequency proof-of-concept prototype
system developed with off-the-shelf parts in [97]. We will discuss this
architecture in more detail later.
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Figure 6.2: Block diagram of the modulated wideband converter.
A system similar to the random demodulator, referred to as the modulated
wideband converter, has been developed in [98]-[100]. The goal of this work was
to enable sub-Nyquist sampling of multiband signals, whose unknown frequency
support occupies only a small portion of a wide spectrum. As shown in Fig. 6.2,
the analog input signal x(t) is first multiplied by a bank of periodic waveforms.
This scrambles the spectrum of x(t) such that the baseband frequencies that reside
below the cutoff frequency of the low-pass filters, which follow the mixing
operation, contain a mixture of the spectral contents from the entire Nyquist
range. Each product is then low-pass filtered and sampled uniformly at a low rate,
which is orders of magnitude smaller than Nyquist. A reconstruction algorithm
similar to that used in standard compressed sensing systems is then used to
recover the original analog input signal under certain necessary and sufficient
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Figure 6.3: Block diagram of compressed sensing (CS) wireless bio-sensor.
conditions. The interested reader can refer to [98] for a detailed explanation of the
recovery algorithm used. In [100] a proof-of-concept prototype system was
implemented with off-the-shelf parts and used to demonstrate sub-Nyquist
acquisition of a multi-band signal with a Nyquist rate of 2GHz and spectrum
occupancy up to 120MHz.
In the previously discussed systems, compressed sensing was used to directly
reduce the sample rate of the signal acquisition system. In [88], the authors
propose using compressed sensing in biomedical sensor applications to compress
the data after it has first been acquired at the Nyquist rate. This makes sense since
the sampling frequency is rarely a limitation in these applications, but data
transmission is expensive. As shown in Fig. 6.3, data compression is obtained by
multiplying the acquired signal by a compressed sensing measurement matrix
composed of pseudo-random sequences of ±1s. The compressed data is then
transmitted and reconstructed at the receiver using ℓ1-minimization techniques.
Several compressed sensing based imaging systems have also recently been
reported. In [101], the current output of each pixel is multiplied by a pseudorandom sequence of ±1s. The resulting current of each column is then summed
and sampled by an ADC. Reducing the total required samples for each image
frame relaxes the requirements of the ADC. In [87], a digital micromirror device
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(DMD) is used to focus the received light onto a single pixel in a pseudo-random
pattern. Each compressed measurement is then just the output of the single pixel.
In the rest of this chapter, we present the design and implementation of a
compressed sensing AIC with the goal of moving beyond the proof-of-concept
stage and improving power efficiency and reducing complexity compared to
existing solutions for wireless sparse spectrum sensing applications. We also
analyze and propose solutions to issues which have not been fully addressed in
previous works but arise in practice, such as mismatch between the chosen basis
functions and the actual received signal. As we have throughout this dissertation,
we restrict our focus to the signal acquisition process and assume that signal
reconstruction will occur remotely, where power and computational requirements
are of less concern. The core of the design is an ultra low power moderate rate
ADC that randomly samples the received signal at sub-Nyquist rates. In order to
ensure proper functionality with the random clock signal and to maximize power
efficiency,

a

prototype

edge-triggered

charge-sharing SAR

ADC

was

implemented in 90nm CMOS technology. The requirements of the ADC were
relaxed by restricting the minimum spacing between the pseudo random sample
times. Measurement results for wideband spectrum sensing demonstrate that our
proposed compressed sensing AIC improves power efficiency and reduces
complexity compared to the conventional direct sampling architecture shown in
Fig. 5.1, while still maintaining high performance for signals with sparse
frequency support.
In the following section we present the architecture of our proposed
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compressed sensing AIC, and discuss how the original spectrum is reconstructed
from the compressed data. In Section 6.3, we present the design of the prototype
edge-triggered SAR ADC, followed by measurement results in Section 6.4. We
then demonstrate the functionality and measure the performance of our proposed
compressed sensing AIC. Before concluding the chapter, we compare the power
efficiency and complexity of our proposed AIC based acquisition system with the
conventional direct sampling approach for wideband spectrum sensing
applications.

6.2

Random Sampling AIC Architecture

The architecture of our proposed AIC based acquisition system is shown in
Fig. 6.4. The AIC repeatedly takes M random samples of the input signal which
are digitized with an ultra low power ADC. The input signal is then reconstructed
using a decoder based on an ℓ1-minimization algorithm [95]. Compared to the
direct sampling approach in Fig. 5.1, we effectively replace the high speed ADC
with a moderate rate edge-triggered ADC and PN clock generator to provide
random sampling of the input signal. This reduces the power consumption of the
signal acquisition process and relaxes the requirements of the ADC. We also no
longer need to compress the data from the ADC since it will be directly
compressed by the AIC at a rate of N/M compared to Nyquist.
If we view the input x(t) as a discrete time signal x[n] with sample period TS =
1/(2BW), where BW is the input bandwidth of the system, the proposed random
sampling operation can be viewed as choosing M samples at random from each
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Figure 6.4: Block diagram of proposed compressed sensing AIC based
acquisition system.
successive length N window of x[n]. The pseudo random clock signal can be
generated by gating a synchronous clock signal of period TS with a PN sequence
of length N, as shown in Fig. 6.5. The PN sequence can be programmed into a
shift register prior to operation. If the PN sequence is generated completely
randomly, then the maximum sample rate of the ADC must be equal to at least the
Nyquist rate. We can relax the ADC requirements by restricting the minimum
sample spacing, as shown in Fig. 6.5. We can still achieve a reasonable degree of
randomness as long as the average sample rate, which will be equal to
Fs ,avg 

M
2 BW  M
,

N  Ts
N

(6.1)

is at most half the maximum sample rate of the ADC.
After each set of M samples is taken, the input spectrum during the
corresponding window is reconstructed by solving the ℓ1-minimization
optimization problem given by (5.9). Although one could envision implementing
an FPPGA or custom digital ASIC to perform the ℓ1-minimization, for the
wireless sensor applications we are interested in, the reconstruction will occur
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Figure 6.5: Schematic of pseudo-random clock generator. Restricting the
minimum sample spacing relaxes the requirements of the ADC.
remotely where ample power and computational resources are available. Since the
received signal will be sparse in the frequency domain, the basis matrix Ψ used
for reconstruction is the Fourier basis



N 1

 ei 2 j n N .

(6.2)

j 0

The measurement matrix Φ is the canonical basis (delta functions)



M 1

  n  k j  ,

(6.3)

j 0

where each delta function corresponds to one of the M sample points. Since the
Fourier basis is maximally incoherent with the canonical basis, the reconstruction
will succeed with high probability as long as M > Klog2N samples are taken
during each input window.

6.3

Edge-Triggered Charge-Sharing SAR ADC

6.3.1

Architecture

In essence, the proposed compressed sensing AIC consists of an ADC core
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Figure 6.6: Architecture of the proposed edge-triggered charge-sharing SAR
ADC.
with random sampling (and conversion) operation. In order to ensure that the
ADC would function properly with the random clock signal, an edge-triggered
architecture was required. To meet these requirements, we implemented the ADC
with the 10-bit edge-triggered charge-sharing SAR architecture shown in Fig. 6.6
[44]. Its ultra-low power consumption that scales linearly with the sample rate
allowed the power efficiency of the AIC to be maximized by taking advantage of
the variable time between samples. The proposed SAR ADC uses passive charge
sharing to sample the input signal and perform the successive approximation (SA)
algorithm used to determine the digital output. An asynchronous controller was
implemented to allow for edge-triggered operation and to eliminate the need for a
high speed clock.
The operation of the ADC can be described by referring to Fig. 6.6. On the
rising edge of the clock, the differential input is connected to capacitors CS and
any charge stored on the parasitic capacitance of the comparator inputs and DAC
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switches is reset. A binary scaled array of capacitors is also precharged to the
power supply to create a binary scaled array of charge, which is used as the
reference for the SA algorithm. Since the precharging finishes before the
conversion begins, the settling requirements of the reference voltage are relaxed
compared to traditional charge-redistribution SAR architectures [76]. After ~30ns,
the input is disconnected from the sampling capacitors, leaving a differential
charge equal to CSVIN/2 on them. The sampling capacitors are then connected to
the comparator and the SA algorithm begins.
In order to determine the most-significant bit (MSB), the comparator is
initiated and the decision stored once it is valid. Based on the comparator
decision, either signal CP[N-1] or CN[N-1] is set high, which connects the MSB
capacitor in the DAC array across the sampling capacitors in the orientation
required to converge the differential charge on them towards zero. This will
add/subtract an amount of charge equal to half the input range to the sampling
capacitors, resulting in a differential charge equal to CSVIN/2 ± CMSBVDD on them.
This operation can be visualized using Fig. 6.7(a), which shows the MSB
capacitor connected across the sampling capacitors, as well as the next capacitor
in the DAC and its switch matrix. The remaining bits are determined by repeating
the previous operations and adding or subtracting each successive binary scaled
amount of charge to the sampling capacitors. An example of the control signal
waveforms and the resulting voltages on the sampling capacitors is shown in Fig.
6.7(b) during the first two bits of the conversion.
In order to allow the ADC to be edge-triggered, and to avoid the need for a
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Figure 6.7: (a) Simplified schematic of the sample-and-hold capacitors and DAC
during the conversion. (b) Example control signal waveforms for the first 2 bits of
the conversion.
high speed clock to control the conversion process, an asynchronous controller
was implemented for the control logic. On the rising edge of the clock signal, a
reset pulse is generated in the controller which initiates the conversion and
connects the differential input to the sampling capacitors. After waiting ~30ns, the
controller then repeatedly activates the comparator, waits for the comparator
output to be valid, and then adds or subtracts charge to the sampling capacitors,

105

until all 10 bits have been resolved.
The total conversion process takes ~100ns, after which the ADC goes idle
until the next rising clock edge. The resulting maximum sample rate of 10MS/s is
sufficient to allow the proposed compressed sensing AIC to acquire signals with
bandwidths up to tens of MHz. This will be suitable for many spectrum sensing
applications, such as monitoring the entire 26MHz wide ISM 915MHz frequency
band. By keeping the conversion time independent of the sample rate, the ADC
performance remains constant at low sample rates, where leakage normally
degrades the performance of high rate ADCs. The power consumption of the
ADC will also scale linearly with the sample rate, which allows the power
efficiency to be maximized when used with a random clock, where the time
between samples will vary.
6.3.2
6.3.2.1

Circuit Design
DAC

The total size of the DAC capacitor array was set to 2.56pF to allow for 10-bit
matching accuracy. This, combined with the 6.4pF size of the sampling capacitors
CS, set the full-scale differential input swing to 1.6VDD. In order to avoid a unit
capacitance of only 5fF, the four least significant bit (LSB) capacitors in the DAC
were all designed to be the same size. This increased the size of the unit capacitor
to 80fF. During precharging, the binary scaled array of charge was formed by
charging each of the four LSB capacitors to only a fraction of the full supply
voltage. A schematic of the DAC along with the control waveforms which
perform the precharging operation is shown in Fig. 6.8.

106

VDD
ΦSH3

16C

C

C

ΦSH2

C

ΦSH1

C

ΦSH0

C

C

VSS
ΦPC
ΦGND

(a)
ΦPC
ΦGND
ΦSH3
ΦSH2
ΦSH1
ΦSH0

(b)
Figure 6.8: (a) Schematic of the DAC. (b) Example control signal waveform
during precharging.
6.3.2.2

Comparator

The comparator, shown in Fig. 6.9, is composed of a regenerative latch
preceded by a preamplifier, which reduces the input referred noise and offset of
the latch stage [102]. During the reset phase, when CLK is low, nodes FP and FN
are precharged to the negative supply and nodes SP and SN are precharged to the
positive supply. The tail current source of the preamplifier is also disabled to
prevent any quiescent current from flowing. On the rising clock edge, the
precharge transistors are turned off and current begins to flow through the
preamplifier tail current source. In order to maximize the voltage gain of the
preamplifier input differential pair and the signal to noise ratio (SNR) at it output,
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Figure 6.9: Two-stage dynamic latched comparator.
the input transistors are biased in the subthreshold region. As the common mode
level of nodes FP and FN rises, the differential input signal is integrated onto
them. When the common mode output of the preamplifier rises above the
threshold voltage of the second stage input transistors, they begin to turn on, and
the differential input is amplified onto nodes SP and SN. When the common mode
level of nodes SP and SN decreases below a certain value, the second stage begins
to regenerate. The comparison ends when the differential outputs of the second
stage latch to opposite supply rails. The total comparison takes ~2ns. An XOR
operation is performed on the differential output to create a valid signal for the
asynchronous controller, which indicates that the comparison has finished. On
reception of this signal, the controller immediately resets the comparator to stop
any current flow in the preamplifier and then continues the conversion process.
Unlike in traditional SAR ADCs, the input referred offset voltage of the
comparator directly affects the linearity of charge-sharing SAR ADCs. This is due
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to the non-linear relationship between the signal, which is in the charge domain,
and the offset, which is a voltage, as the total capacitance connected across the
sampling capacitors varies during the conversion. The preamplifier helped reduce
the input referred offset of the dynamic latch. To ensure the overall offset of the
comparator was low, the preamplifier input transistors were designed with a width
of 250µm. The size of the rest of the components of the comparator is given in
Table 6.1. Monte Carlo simulations of the transistor level comparator design gave
a 3σ variance for the input-referred offset of less than 3mV. The simulated inputreferred noise and the comparison time are given in Fig. 6.10 for different
common-mode input levels at a supply voltage of 1V. The input-referred noise
and offset values were verified through system level MATLAB simulations to be
sufficient for a resolution of 10 bits.
6.3.2.3

Sample-and-Hold

The design of the sample-and-hold circuit is shown in Fig. 6.11(a). The
sampling switches were design as bootstrapped nMOS switches to provide a low
signal-independent on-resistance [103]. The size of the sampling capacitors CS
was 6.4pF. As shown in Fig. 6.11(a), the sampling capacitors were split into two
capacitors CS1 and CS2. This allowed the common-mode output of the sample-and-

Table 6.1: Comparator component sizes.
Device

Size

Device

Size

M1

250µm/0.14µm

M5

5µm/0.14µm

M2

2.5µm/0.14µm

M6

15µm/0.14µm

M3

2µm/0.14µm

M7

7.5µm/0.14µm

M4

5µm/0.14µm

250

5

200

4

150

3

100

2

50

1

Noise
Comp Time

0

Comparison Time (ns)

Input-Referred Noise (µW-rms)
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Figure 6.10: Comparator input-referred noise and comparison time versus
common-mode input voltage.
hold circuit to be reduced after the first bit was resolved. This decreases the
conversion time by reducing the on-resistance of the DAC switches and
decreasing the comparator comparison time. By sizing CS1 three times the size of
CS2, and switching Φcm from VDD to ground, the common-mode is reduced by half.
The design of the bootstrap nMOS sampling switch is shown in Fig. 6.11(b)
[104]. When Φ is low, the gate of the sampling switches is grounded, and the
voltage doubling circuit composed of capacitors C1 and C2, charges the bootstrap
capacitor CBS to the power supply. When Φ goes high, capacitor CBS is connected
between the input and the gate of the sampling switch. This creates a signal
independent gate-source voltage and on-resistance and improves the linearity of
the sample-and-hold circuit. The size of each of the components of the bootstrap
switch is given in Table 6.2.

110

Φcm
Φsamp
CS2

Φconv

VIN+

VS+
Φsamp

CS1

Φsamp
CS1

Φsamp

Φconv

VIN-

VSCS2

Φcm

(a)
VDD
M1

M2

M3

Φ
M9

M10

M8

VDD
M5

Φ
C1

C2

CBS
M6

M7

Φ
M11

Ms

M4

Φ

G
D

S

(b)
Figure 6.11: (a) Sample-hold circuit. (b) Bootstrap nMOS sampling switch.

111

Table 6.2: Bootstrap switch component sizes.

6.3.2.4

Device

Size

Device

Size

M1

0.14µm/0.1µm

M9

0.14µm/0.12µm

M2

0.14µm/0.1µm

M10

0.14µm/0.08µm

M3

0.14µm/0.1µm

M11

0.14µm/0.08µm

M4

0.14µm/0.08µm

MS

3µm/0.08µm

M5

0.42µm/0.08µm

C1

100fF

M6

0.14µm/0.08µm

C2

100fF

M7

0.14µm/0.08µm

CBS

100fF

M8

0.42µm/0.12µm

Asynchronous Controller

In order to allow the ADC to be edge-triggered and to avoid the need for a
high speed clock to control the conversion process, an asynchronous controller
was implemented for the control logic. On the rising edge of the clock, a pulse is
sent through an asynchronous delay line. The length of the delay between
different sections of logic sets the timing of the control signals. During the SAR
conversion process, D flip-flops stall the delay line and wait for the valid signal
from the comparator before continuing the conversion. By carefully designing the
delay, the total conversion time can be optimized compared to when a high speed

VDD
M1

M1

M3

M3

OUT

IN

M2

M2

M4

Figure 6.12: 500ps unit delay cell.

M4

VSS
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Table 6.3: Delay line unit cell component sizes.
Device

Size

Device

Size

M1

0.4µm/0.35µm

M3

0.56µm/0.08µm

M2

0.2µm/0.7µm

M4

0.14µm/0.08µm

clock is used for timing. The delay line was built with the 500ps unit cells shown
in Fig. 6.12. The size of the transistors is shown in Table 6.3. The first two
inverters set the delay, while the second two sharpen the output transition. The
ADC was simulated across process, temperature, and voltage variations to ensure
that enough delay was given under all operating conditions.
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Figure 6.13: Die micrograph of the SAR ADC.

6.4

Measured Results

6.4.1

SAR ADC

A prototype of the core SAR ADC was fabricated in a 1.2V 90nm CMOS
process with a single poly layer, eight metal layers, and a vertical natural
capacitor (VNCAP) option. The nominal threshold voltages of the nMOS and
pMOS transistors were 0.38V and -0.43V, respectively. The die micrograph is
shown in Fig. 6.13. The total area of the chip is 1.3mm x 1.2mm, and the ADC
core is 580µm x 260µm. The full test setup is presented in Appendix A. At a
supply voltage of 1.2V, the ADC achieves a maximum sample rate of 9.5MS/s
while consuming 550µW. These values decrease to 5.5MS/s and 175µW when
the supply voltage is lowered to 0.9V. The power consumption scales linearly
with the sample rate until it is limited by leakage currents. The figure of merit
(FOM), calculated as
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Table 6.4: ADC performance summary.
Parameter

Value

Technology

90nm CMOS

Package

32-pin QFN

Supply Voltage

1.2 – 0.9 V

Resolution

10 bits

Maximum Sample Rate

9.5 MS/s

Peak SNDR

57.6 dBFS

ENOB

9.3 bits

Differential Input Swing

1.6•VDD

Full-Power Bandwidth

100 MHz

Power Consumption

550 µW @ 1.2V - 9.5MS/s

Figure of Merit

55 fJ/conversion-step @ 0.9V
0.15mm2

Die Area

FOM 

Power
,
2
 FS
ENOB

(6.4)

is 92fJ/conversion-step at a supply voltage of 1.2V, and improves to
55fJ/conversion step at a supply voltage of 0.9V. An overview of the performance
results of the prototype ADC core for Nyquist operation is given in Table 6.4.
The static performance of the ADC core was characterized through integral
nonlinearity (INL) and differential nonlinearity (DNL) measurements. The
measured INL and DNL, at a supply voltage of 1.2V and sample rate of 9.5MS/s,
are shown in Fig. 6.14. The output spectrum for a full-scale 100kHz sinusoidal
input, at a supply voltage of 1.2V and sample rate of 9.5MS/s, is shown in Fig.
6.15(a). The signal-to-noise and distortion ratio (SNDR) and effective number of
bits (ENOB) are 57.5dB and 9.3 bits, respectively. When the input frequency is
increased close to the Nyquist frequency, as shown in Fig. 6.15(b), the spectrum
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Figure 6.14: Measured INL and DNL at VDD = 1.2V and FS = 9.5MS/s.
is similar to Fig. 6.15(a), except for a spurious tone at –FIN + FS/2, which
degrades the SNDR by 7.6 dB. This spurious tone is due to deterministic jitter on
the sample time caused by an improperly designed delay line in the controller. On
successive conversions, a digital „1‟ and then a „0‟ is passed through part of the
delay line, creating a mismatch in the sample times similar to that seen in timeinterleaved ADCs. This can easily be fixed in a redesign. For now, the
deterministic jitter is removed by discarding every other sample. As shown in Fig.
6.16, this allows the ADC to achieve an ENOB greater than 9 bits for input
frequencies up to the Nyquist frequency.
The performance of the prototype ADC was also measured for input
frequencies above the Nyquist frequency, in order to demonstrate its suitability
for the proposed compressed sensing AIC. The full-power bandwidth of the ADC
was determined by measuring the output power in the fundamental as the

116

0
SNDR = 57.5 dB
ENOB = 9.3 bits
SFDR = 68.4 dB

Magnitude (dB)

-20
-40
-60

-80
-100
0

1

2

3

4

5

4

5

Frequency (MHz)

(a)
0
SNDR = 49.9 dB
ENOB = 8.0 bits
SFDR = 50.9 dB

Magnitude (dB)

-20
-40

-FIN + FS/2

-60

-80
-100
0

1

2

3

Frequency (MHz)

(b)
Figure 6.15: Measured ADC output spectrum at 1.2V and FS = 9.5MS/s for a
full-scale (a) 100kHz and (b) near Nyquist input.
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Figure 6.16: Measured ENOB versus input frequency at VDD = 1.2V, FS =
9.5MS/s, and AIN = -0.5dBFS.
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Figure 6.17: Full-power bandwidth measurements.
frequency of a sinusoidal input, with amplitude equal to -1dBFS, was increased.
The results, shown in Fig. 6.17, indicate a full-power bandwidth greater than
100MHz at a supply voltage of 1.2V. Fig. 6.18 shows the measured ENOB,
normalized to a full-scale input, for input frequencies up to 100MHz. For a fullscale input, the ENOB remains greater than 8 bits for input frequencies up to
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Figure 6.18: Measured ENOB, normalized to a full-scale input, versus input
frequency at VDD = 1.2V and FS = 9.5MS/s.
40MHz. When the input amplitude is backed off by 7.5 and 15 dB, the normalized
ENOB remains above 8 and 9 bits, respectively, for input frequencies up to
100MHz.
6.4.2

Compressed Sensing AIC

The compressed sensing AIC was realized by connecting the SAR ADC core
to a random clock generator with an average sample rate of 5MS/s, as explained
in Section 6.2 and shown in Fig. 6.4. To demonstrate the functionality of the
compressed sensing AIC for wideband spectrum sensing applications, we
provided an input signal consisting of five discrete frequency tones spread across
a bandwidth of 25MHz. This represents an order of magnitude increase above the
maximum input bandwidth that a Nyquist rate sampling system could handle at an
equivalent overall sample rate. The resulting digital output of the ADC core was
then fed to a reconstruction algorithm to recover the input spectrum from the
compressed data. Since we have assumed that signal reconstruction will occur

119

remotely for the wireless sensor applications we are interested in, we performed
the reconstruction in MATLAB using the ℓ1-minimization convex optimization
program from [95]. For testing purposes, we used two Agilent 33250A arbitrary
waveform generators to generate the input and pseudo random clock signals. The
full test setup is presented in Appendix A. Setting N to 1024 resulted in 102
samples per input window, which represents a compression ratio of 10 compared
to Nyquist rate sampling. As shown in Fig. 6.19, the reconstructed signal and
spectrum from both MATLAB simulations and measurements match the original
input, except for a phase shift from our test setup.
We quantify the performance of the acquisition system by measuring the
average SNDR of the reconstructed spectrum for varying signal sparsity and input
SNR. Since the input signal was composed of K discrete frequency tones, the
reconstructed SNDR was calculated as the ratio of the total power at these K
frequencies, to the total power in the rest of the reconstructed spectrum, excluding
DC. The results were averaged over 250 simulated iterations and 10 measured
iterations, with a new input signal and pseudo random clock sequence generated
for each iteration. As shown in Fig. 6.20(a), the performance remains high until
the number of input tones reaches about 8, which is close to the theoretical limit
of 10. The reconstructed SNDR even exceeds the input SNR for low values of K,
which is due to the reconstruction algorithm rejecting some of the noise in the
input spectrum.
Since the reconstruction algorithm has a finite probability of failure, which is
dependent on the number of measurements and signal sparsity, we also measured
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Figure 6.19: Example signals from demonstration of proposed compressed
sensing ADC based acquisition system. (a) Input signal and spectrum. (b)
Reconstructed signal and spectrum from MATLAB simulations. (c)
Reconstructed signal and spectrum from measurements.
the probability of recovering the correct frequency support. For each test iteration,
the frequency support was counted as being successfully recovered if the K largest
frequencies in the reconstructed spectrum matched the K input tones. As shown in
Fig. 20(b), for high input SNR, the correct frequency support was recovered every
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Figure 6.20: (a) Average reconstructed SNDR and (b) frequency support recovery
rate versus signal sparsity (K), for varying input SNR.
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time for values of K up to 8. As the input SNR is decreased, the performance
remains fairly constant until the input SNR decreases to around 10dB, at which
point the increased noise level makes the input signal less sparse.
According to compressed sensing theory, we can increase the reconstruction
performance by taking more samples during each input window. If we fix the
average sample rate to 5MS/s, then, according to (6.1), we can increase the
number of samples (M) by either decreasing the input bandwidth or increasing N.
We can then repeat the previous tests for different input bandwidths and values of
N. The results shown in Figs. 6.21, for an input SNR of 40dB, confirm that by
decreasing the input bandwidth or increasing N, the reconstruction performance is
improved and input signals consisting of more tones are able to be acquired and
faithfully reconstructed. The results in Fig. 6.21(a) also show that as long as the
signal is sparse enough, the performance of the AIC based acquisition system will
be comparable to Nyquist sampling, despite the fewer number of samples taken.
6.4.3

Reconstruction Performance with Basis Mismatch

As the previous results demonstrate, the ℓ1-minimization based reconstruction
algorithm relies on the input signal being sparse in the discrete Fourier domain. In
the previous section, we ensured that this was the case by restricting the frequency
of each input tone to the N/2 frequencies of our Fourier basis functions. If the
frequency of each tone was instead allowed to take on any value between the
basis functions, spectral leakage would occur in the discrete Fourier
representation of the input signal. This would decrease the sparsity of the input
signal and degrade the reconstruction performance [105]-[107]. One way to
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Figure 6.21: Average reconstructed SNDR versus signal sparsity, for varying (a)
input bandwidth and (b) N.
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Figure 6.22: Average reconstructed SNDR versus normalized frequency
mismatch, with and without sampled data multiplied by a window function.
combat the spectral leakage is to apply a tapered window function to the sampled
data before reconstructing the spectrum.
If we remove the frequency restriction on the input tones, then the frequency
mismatch (Δf) of each tone, measured as the distance in frequency to the closest
basis function, will be between 0 and 2BW/N. We measure how this will affect the
reconstruction performance by repeating the tests from the last section for an
input consisting of four discrete frequency tones, all with equal frequency
mismatch. The results, for an input bandwidth of 12.5MHz, N equal to 1024, and
an input SNR of 40dB, are shown in Fig. 6.22 for varying frequency mismatch.
The reconstruction performance is seen to quickly degrade as the frequency
mismatch is increased. We next show how using a window function can help
avoid this decrease in performance by repeating the same test but now multiplying
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the sampled data by a Hamming window before reconstructing the spectrum. As
shown in Fig. 6.22, the reconstruction performance is significantly improved.
6.4.4

Figure of Merit

We can compare the power efficiency of our proposed compressed sensing
AIC based acquisition system to the conventional direct sampling method shown
in Fig. 5.1 by using an effective FOM of

FOM 

Power
,
2
 2 BW
ENOB

(6.5)

which takes into account that the input bandwidth may be greater than the Nyquist
frequency. For an input bandwidth of 25MHz and an average sample rate of
5MS/s, our proposed AIC achieves an effective FOM of 10.2fJ/conversion-step.
Compared to the Nyquist rate charge-sharing SAR ADC in [44], which achieves a
FOM of 65fJ/conversion-step when sampling at the Nyquist rate of 50MHz, we
improve the power efficiency of the signal acquisition process by over 6 times.
This demonstrates the significant advantage of using the compressed sensing
paradigm for signal acquisition compared to traditional Nyquist rate sampling
systems.

6.5

Chapter Summary

This chapter has presented the design of a compressed sensing based analogto-information converter (AIC). The core of the AIC is an ultra low-power edgetriggered SAR ADC which was implemented in 90nm CMOS technology.
Measured results of the AIC demonstrated its ability to acquire and reconstruct
wideband signals with sparse frequency support at sub-Nyquist rates. We also
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analyzed and proposed solutions to issues which have not been fully addressed in
previous works but arise in practice, such as mismatch between the chosen basis
functions and the actual received signal. The ultimate goal of our work was to
improve the power efficiency and reduce the complexity of the signal acquisition
process for wireless spectrum sensing applications. By using an effective FOM
which takes into account the increased input bandwidth of the AIC compared to
Nyquist, we demonstrated a 6 times increase in power efficiency compared to
conventional Nyquist rate direct sampling methods. Since the proposed AIC
directly acquires the received signal in compressed form, additional compression
following the ADC is also no longer needed. This, along with the relaxed
requirements of the ADC, reduces the complexity of the signal acquisition
process.
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Chapter 7
Conclusions and Future Research
This dissertation has built on the recent theoretical and experimental work on
asynchronous sampling and compressed sensing. Our goal was to exploit the
advances in the theory to design practical data acquisition systems capable of
directly acquiring sparse signals at sub-Nyquist rates. We focused specifically on
increasing the power efficiency and decreasing the complexity of the signal
acquisition process compared to existing conventional Nyquist rate solutions for
biomedical sensor and wideband spectrum sensing applications.
The first half of this dissertation presented the design and implementation of
an asynchronous ADC which achieves data compression for sparse and burst like
signals by the inherent signal dependent sampling rate of the asynchronous
architecture. The ADC was fabricated in a 0.18µm CMOS process and optimized
for subthreshold operation in order to increase the power efficiency for lowfrequency biomedical sensor applications. The main contribution of this work was
the implementation of an AR algorithm which varied the quantizer resolution of
the ADC with the slope of the input signal, in order to overcome the tradeoff
between dynamic range and input bandwidth typically seen in asynchronous
ADCs. This allowed the maximum possible input bandwidth to be achieved
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regardless of the dynamic range requirement. By reducing the quantizer resolution
during periods of high input slope, further data compression was also achieved.
The presented AR algorithm was developed to improve performance for
general low frequency sensor applications. Future work will optimize the
algorithm for particular applications, in order to achieve maximum data
compression. For example, in a simple heart rate monitor, where only relatively
large amplitude pulses need to be resolved, the AR algorithm could be
programmed to decrease the quantizer resolution more quickly than in the current
version when the input slope increases. This would reduce the number of samples
required to resolve each pulse and would prevent samples from being wasted on
irrelevant small amplitude pulses. These optimized algorithms could easily be
tested on the current prototype ADC since the control logic was implemented offchip in an FPGA.
The focus of the current work was to develop a platform to test the AR
algorithm. In the next implementation, several improvements could be made to
the architecture to improve the performance of the ADC. The power dissipation
could be reduced by an order of magnitude by removing the static power
dissipation of the OTAs in the DACs. This could be accomplished by
implementing the DACs as a single resistor ladder, which would only require
enough static current to drive the parasitic capacitance of the switches connecting
the DACs to the comparators as well as the input capacitance of the comparators.
The DAC levels could also be calibrated to prevent their accuracy from limiting
the peak SNDR. In the ideal case, the SNDR would only be limited by the
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resolution of the timer, which can be made very precise in modern CMOS
processes. The resolution of the calibration used to remove the comparator offset
could also be increased to prevent any difference in offset between the
comparators from limiting the peak SNDR.
The second half of this dissertation presented the design and implementation
of a compressed sensing based analog-to-information converter (AIC) for
wideband spectrum sensing applications. The core of the design was an ultra low
power moderate rate ADC that randomly samples the received signal at subNyquist rates. In order to ensure proper functionality with the random clock signal
and to maximize power efficiency, a prototype edge-triggered charge-sharing
SAR ADC was implemented in 90nm CMOS technology. Measured results of the
AIC demonstrated its ability to acquire and reconstruct wideband signals with
sparse frequency support at sub-Nyquist rates. We also analyzed and proposed
solutions to issues which have not been fully addressed in previous works but
arise in practice, such as mismatch between the chosen basis functions and the
actual received signal.
The ultimate goal of our work was to improve the power efficiency and
reduce the complexity of the signal acquisition process for wireless spectrum
sensing applications. By using an effective FOM which takes into account the
increased input bandwidth of the AIC compared to Nyquist, we demonstrated a 6
times increase in power efficiency compared to conventional Nyquist rate direct
sampling methods for spectrum sensing applications. Since the proposed AIC
directly acquires the received signal in compressed form, additional compression
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following the ADC is also no longer needed. This, along with the relaxed
requirements of the ADC, reduces the complexity of the signal acquisition
process.
The main contribution of this work was the implementation of a physical
compressed sensing acquisition system which moved beyond the proof-of-concept
stage and improved power efficiency and reduced complexity compared to
existing solutions for wireless sparse spectrum sensing applications. Future work
will investigate the performance of the system for more complex communication
signals typically seen in practice. It will also be necessary to investigate how to
integrate compressed sensing based acquisition systems as parts of larger systems.
This would include investigating whether the probabilistic nature of the
reconstruction algorithm will affect overall system performance. One solution to
overcoming the finite probability of reconstruction failure is to cycle the sampling
sequence through several sequences to reduce the probability of the reconstruction
failing all the time for certain signals. Multiple sensors could also be used to add
diversity and ensure that at least one sensor successfully reconstructs the signal at
all times.
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Appendix A
Test Setups
A.1 Asynchronous ADC
The test setup used for the FFT tests presented in Section 4.6 is shown in Fig.
A.1. The sinusoidal test signals were generated by an Agilent 33250A function
generator. An Analog Devices AD8138 differential ADC driver converted the
single-ended input to a differential signal for the ADC. The ADC digital control
logic was implemented off-chip in an Altera Cyclone II 2C35 FPGA embedded
on an Altera DE2 development board. For each test, the output of the ADC (the
time-amplitude samples output from the controller) was stored in memory on the
FPGA development board. The output data was then readout off-line into
MATLAB for further processing. A 6th-order polynomial interpolator was then
used to reconstruct a synchronous signal from the asynchronous samples. The
sample rate of the interpolator was set to 19.3 times the input frequency. Standard
FFT analysis was then performed on the resulting synchronous data to calculate
the SNDR and ENOB of the sampled data.
The test setup for the accelerometer test presented in Section 4.6.3 is shown in
Fig. A.2. The function generator from the previous setup was effectively replaced
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Figure A.1: Test setup for asynchronous ADC FFT tests.
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Figure A.2: Test setup for asynchronous ADC accelerometer test.
with an Analog Devices ADXL335 3-axis accelerometer mounted on an EVALADXL335Z evaluation board. The accelerometer output bandwidth was matched
to the ADC input bandwidth of 1kHz using a 4th-order low-pass RC filter built on
a breadboard. The ADC digitized the filtered x-axis output of the accelerometer as
the evaluation board was struck with varying force within the ±3g dynamic range
of the accelerometer. In order to allow the effective output resolution of the
sampled data to be determined, the output of the accelerometer was also sampled
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with a National Instruments USB-6009 14-bit 48kS/s data acquisition device
(DAQ). The mean squared error between the two sampled outputs was calculated
after the output of the prototype ADC was interpolated to match the sampling rate
of the DAQ and any gain and offset between the two outputs was removed.
For the ECG test presented in Section 4.6.4, the accelerometer in Fig. A.2 was
replaced with an ECG electrode followed by a front-end amplifier. A three
electrode arrangement was used to measure the ECG signal, where one signal
electrode was placed on the left and right shoulders of the test subject and the
reference electrode was placed on the right ankle. A buffer was added between the
front-end amplifier and the ADC to bring the common mode level within the
range required by the ADC.

A.2 SAR ADC
The test setup used to measure the performance of the SAR ADC presented in
Chapter 6 is shown in Fig. A.3. The sinusoidal input and clock signals were
generated by two Agilent E8257D PSG analog signal generators. For frequencies
below 100kHz, the input signal was generated by an Agilent 33250A function
generator. Before the input and clock signals were applied to the ADC, they were
filtered with different filters depending on their frequency. The 9.5MHz clock
signal was filtered with a Mini-Circuits SBP-10.7+ band-pass filter in series with
two CirQtel FLT low-pass filters. For input frequencies below 1MHz, low-pass
filters from Kiwa Electronics were used. For input frequencies between 1MHz
and 5MHz, TTE LE1182-T low-pass filters were used. For input frequencies
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Figure A.3: Test setup for SAR ADC performance measurements.
above 10MHz, CirQtel FBT band-pass filters were used. An Analog Devices
ADA4938 differential ADC driver was used to convert the single-ended input to a
differential signal for the ADC. A XILINX Spartan-6 FPGA SP601 evaluation
board was used to acquire and store the output of the ADC. After each test was
completed, the resulting digital output was readout from memory to MATLAB.
Standard FFT analysis was then performed to calculate the SNDR and ENOB of
the sampled data. The INL and DNL of the ADC were calculated using the
histogram testing method described in [108]. For the histogram test, 220 (~1
million) points were collected for a 100kHz input and a sample rate of 5MS/s.

A.3 Compressed Sensing AIC
The test setup used to measure the performance of the compressed sensing
AIC presented in Chapter 6 is shown in Fig. A.4. Before each test, the sparse
input and pseudo-random clock signals were generated in MATLAB and
programmed into two Agilent 33250A arbitrary waveform generators (AWGs)
through their GPIB interfaces. The trigger points of each AWG were
synchronized so that the two waveforms overlapped. The resulting pseudo-
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Figure A.4: Test setup for compressed sensing AIC performance measurements.
random samples were then acquired with the FPGA evaluation board and readout
to MATLAB after each test completed. The spectrum of the input signal was then
reconstructed using the ℓ1-minimization convex optimization program from [95].
The resulting SNDR was then calculated from the reconstructed spectrum.
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