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ABSTRACT
Photoacoustic imaging (PAI) benefits from the optical absorption contrast of the tissue while achieving greater depth information with
ultrasound resolution than the other optical imaging platforms. The recent advancement of moderate pulse width LED (e.g., Acoustic-X)
illuminating devices makes PAI more affordable, mobile, and fast with a trade-off for low illumination energy, leading to low signal-to-
noise-ratio (SNR) images, which are averaged over time to get high SNR images. Signal quality can be improved by traditional noise removal
algorithms, but deep learning models outperform non-learning methods. Although the most widely used U-Net architecture removes noise, it
compromises the structural similarity, introduces blur, and causes edge artifacts. To mitigate those issues, we explored a gamut of architectural
options of the Pix2Pix-based conditional generative adversarial network (cGAN) analyzing objective functions, optimizers, activation, and
normalization layers. The optimized denoising cGAN model based on Pix2Pix architecture (DenP2P) is tested with a variety of out-of-class
biological test data such as in vivo mouse tumor, ex vivo kidney, heart, and liver spatially different from training examples. The network is also
tested for noise distribution type invariancy concerning Gaussian white, Poisson, speckle, and salt and pepper noise. The frequency domain’s
magnitude spectrum analysis explains less blurring for the generated outcomes compared than U-Net. In addition, the persistence homology
diagrams (birth, death, and lifetime) underscored DenP2P’s efficacy in diminishing noisy topological features, fostering the emergence of
stable and resilient structures. Overall, the optimized DenP2P model generates high SNR images with appreciable peak SNR and structural
similarity index.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivs 4.0 International (CC BY-NC-ND) license (https://creativecommons.org/licenses/by-nc-nd/4.0/). https://doi.org/10.1063/5.0259072

I. INTRODUCTION

Accurate clinical diagnosis plays a crucial role in effective
medical treatment as it serves as the initial step in the workflow.
Consequently, biomedical imaging has emerged as a key research
area. Photoacoustic (PA) imaging (PAI), an imaging modality con-
ceptualized over 150 years ago,1 became a reality with the advent
of laser technology. This hybrid imaging technique2–4 traditionally
combines high optical contrast through light illumination in the
NIR wavelengths with ultrasound reception, which offers significant
depth resolution with 3–4 orders less attenuation. Laser systems,
with their small pulse width (around 10–100 ns), high energy out-
put, and tunability, are well-suited for research spaces and large

hospitals. However, their high cost, bulkiness, and lack of portability
make them impractical for low resource clinics.5

An alternative to laser-based systems is light-emitting detector
(LED) based optical systems. These systems offer a more affordable
and portable solution with acceptable pulse widths (∼100–150 ns).
One commonly used LED-based system in PAI is LED Acoustic-
X.6–8 However, a major challenge with LED-based systems is their
low energy output in the nanojoule range.9 This limitation leads to
low signal-to-noise ratio (SNR) images when using a small num-
ber of frame averages (around 128 frames). To overcome this issue,
researchers tend to average a large number of captured frames
(∼25600 frames) over time due to the high pulse repetition fre-
quency of LED-based systems (ranging from 1 to 4 kHz). Averaging
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helps cancel out high-frequency noise and improve SNR but sig-
nificantly increases the imaging time (0.15 Hz). Consequently,
there exists a trade-off between achieving high SNR and real-time
imaging.

One approach to address this trade-off is to employ down-
stream noise removal processes that enhance SNR and bridge the
time gap. Traditional noise removal algorithms10 are not highly
effective in reducing noise without prior knowledge of the noise
characteristics, which can be stochastic and unknown in real-life
situations. Alternatively, machine learning (ML) algorithms offer a
promising solution as they can learn from data. However, ML algo-
rithms require feature engineering,11 which introduces the potential
for human errors. The recent advancements12,13 in graphics pro-
cessing units (GPUs), which provide parallel processing capabilities,
along with the abundance of datasets, have paved the way for
state-of-the-art deep learning (DL) architectures to excel in various
problem domains. Unlike traditional machine learning algorithms,
DL networks do not rely on pre-calculated features, making them
highly suitable for a wide range of applications. PAI is no exception
and has emerged as a promising field for DL implementations.14–16

While previous studies have explored DL in PAI, many of them
focused on laser-based illumination,17–21 leading to challenges such
as artifacts or data sparsity due to a limited number of detectors in
techniques such as PA computed tomography. In addition, some
studies22 employed complex network architectures that require a
large amount of training data, while others23,24 tested their networks
using test data that closely resembled the training data in terms of
spatial structure. In one of our recent studies utilizing the U-Net
architecture,25 we observed a significant noise reduction; however,
high frequencies were affected more severely than the ground truths.
This degradation resulted in blurring and introduced edge effects in
the Fourier domain, impacting the structural similarity of the recon-
structed images. While the peak SNR (PSNR) might not be heavily
affected, the overall structural fidelity is compromised.

Combining a U-Net generator and adversarial loss in a con-
ditional generative adversarial network (cGAN26)—Pix2Pix-based27

image-to-image translator supervised architecture might lead to
better noise invariancy and improved image quality by striking a
balance between pixel-wise accuracy and perceptual realism. The
U-Net model is trained using only pixel-wise losses, which focus
on per-pixel differences between the ground truth and the pre-
dicted image. The adversarial loss in the GAN setup introduces
a discriminator that learns to distinguish between real and gener-
ated images.28,29 This will force the U-Net generator to produce
images that not only minimize pixel-wise differences but also look
visually realistic, which might help preserve finer textures and high-
frequency details. This additional constraint from the discriminator
will improve robustness to noise and mitigates over-smoothing
(blurring). In the Pix2Pix framework, the discriminator can ensure
that the generated image preserves local textures and patterns across
the image, enforcing not just pixel-level accuracy but also local con-
sistency, which will improve overall image quality and metrics such
as structural similarity index (SSIM) and PSNR. In another recent
study,30 we introduced a cycle consistent GAN-based approach for
denoising LED-based PA images, leveraging an unsupervised frame-
work that does not require paired noisy-clean image datasets. While
this method addresses challenges in obtaining precisely matched
cross-sectional images with different noise levels, it comes with

notable trade-offs. The training time is significantly longer (∼4x
slower than traditional GAN setups), and the resulting denoised
images exhibit lower PSNR and SSIM values compared to our pro-
posed DenP2P approach. In addition, CycleGAN-based denoising
may either omit low-intensity signals or introduce artifacts, which
are difficult to quantify using standard image quality metrics. In
contrast, our supervised learning-based approach not only ensures
improved SNR but also preserves low-intensity signals more effec-
tively, as validated by both quantitative and qualitative assessments.
Other self-supervised methods, such as Noise2Noise,31–34 have the
advantage of not requiring paired datasets, making them particularly
useful when clean ground truth images are unavailable. However,
these methods come with notable limitations. Noise2Noise, for
instance, assumes that noise is statistically independent across dif-
ferent acquisitions of the same scene, which may not hold true in
real-world experimental conditions, especially in PAI, where noise
can be highly correlated across frames. Furthermore, self-supervised
approaches often struggle with structured noise patterns and may
not generalize well to unseen noise distributions. In contrast, our
study benefits from the availability of paired training data, making
a supervised deep learning model the more suitable choice. Super-
vised methods can exploit the direct pixel-wise correspondence
between noisy and clean images, enabling the model to learn explicit
noise-to-signal mappings. This often results in superior denois-
ing performance and higher fidelity reconstructions compared to
self-supervised approaches, which rely on indirect learning signals.
Therefore, while self-supervised techniques offer clear advantages in
scenarios lacking paired data, a supervised approach is the optimal
choice when paired data are available. In this current work, we con-
sidered a latent variable-based implicit generative model—DenP2P
(Denoising Pix2Pix) where the network learns a distribution map-
ping from the noisy input domain to the paired denoised output
space. We took the basic architecture of the Pix2Pix model and
tried a gamut of generator loss functions (different combinations
of l1, l2, Huber, SSIM, and PSNR loss) and optimization methods
(Adam, Nadam, rectified Adam, AdaBelief , and Yogi) to calculate
the PSNR and SSIM. We observed that Adam is comparatively the
best optimizer with a combination of original GAN, Huber, and
SSIM generator loss. Even though there is no statistically significant
difference among the optimizers with respect to the image quality
metrics—PSNR and SSIM, we chose Adam as our representative
optimizer due to less training time (93 s per 1000 steps) and more
robust generalization. Next, we experimented with delta (δ) val-
ues for Huber loss function and found the optimal value of δ as
1. We also experimented with the activation [Rectified Linear Unit
(ReLU and leaky ReLU)] and normalization layers (batch, weight,
and spectral) and selected ReLU with batch normalization layers. In
summary, we built an optimized model (DenP2P) with an Adam
solver, a combination of original GAN, Huber (δ = 1), and SSIM
loss as the generator loss, ReLU activation, and batch normalization
layers.

We evaluated the performance of our model using out-of-
class ex vivo kidney, heart, and liver samples, as well as in vivo
mouse tumor samples. These samples were spatially and morpho-
logically different from the training data. To assess the network’s
ability to handle different noise distribution types, we introduced
artificially added Gaussian white, Poisson, salt and pepper (S&P),
and speckle noise. We compared the performance of the Adam and
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rectified Adam optimizers for those noise types and found that they
yielded similar results in terms of PSNR and SSIM, with no sta-
tistically significant difference. Frequency domain analysis of the
DenP2P model also revealed no observable blurring, indicating
that the reduction of high frequencies and edge effects was effec-
tively managed. Furthermore, we examined the results of DenP2P
through a topological lens using homology persistence diagrams
following the filtered Vietoris–Rips complexes.35–37 We compared
the birth and death of the topological characteristics identified in
both low (LA) and high (HA) frame-averaging scenarios, as well as
DenP2P outcomes, up to second homology dimension. While our
previous work focused on convolution-based U-Net architectures
for image denoising,25,38 the present study introduces a substan-
tially advanced generative framework—DenP2P—that offers a suite
of innovations tailored to the complex noise characteristics of our
imaging modality. Unlike standard Pix2Pix implementations,39–42

DenP2P is extensively optimized through the integration of nine
customized loss functions, systematic experimentation with diverse
optimizers, and critical architectural enhancements to both the gen-
erator and discriminator. These modifications, refined via ablation
studies, significantly improve the model’s capacity to preserve struc-
tural fidelity under varying noise conditions. Notably, we employ
frequency magnitude spectrum analysis to quantitatively demon-
strate DenP2P’s ability to reduce blurring and maintain image
sharpness far more effectively than prior methods. In addition,
DenP2P exhibits remarkable noise-invariant performance across a
spectrum of noise types—including Gaussian, Poisson, S&P, and
speckle noise—underscoring its robustness and generalizability. As
another layer of analysis, we incorporate persistence diagram-based
topological evaluations, offering a unique perspective on the struc-
tural integrity of denoised outputs beyond traditional image qual-
ity metrics. Collectively, these contributions represent a significant
advancement over conventional approaches, not merely in network
design but through a holistic optimization strategy that integrates
architectural refinement, customized learning objectives, topologi-
cal insights, and frequency-based sharpness evaluation. Overall, our
downstream DenP2P cGAN model demonstrated significant noise
reduction without noticeable image blur distortion and exhibited
invariance to various noise distribution types.

II. METHODOLOGY
A. Imaging platform

All the images were acquired using Cyberdyne Inc.’s Acoustic-
X LED-based PAI system. The linear array transducer utilized had
a center frequency of 7 MHz with a −6 dB bandwidth of 80% and
consisted of 128 elements. The illumination source employed was
LEDs emitting at a wavelength of 850 nm, providing pulses with a
duration of 30 ns and a pulse repetition frequency of 4 kHz. The
gain settings were kept constant throughout the experiment, ranging
from 60 to 67 dB depending on whether in vitro or in vivo sam-
ples were under examination. Different gain settings were employed
for in vitro and in vivo experiments to account for variations in sig-
nal attenuation, background noise, and optical fluence distribution.
In in vivo imaging, we used higher gain (66–67 dB) to compensate
for tissue-induced signal loss and optimize contrast, whereas for in
vitro imaging, slightly lower gain (60–61 dB) due to more uniform
optical fluence and reduced background noise was sufficient. For

the murine models and metal phantoms, the dynamic range was
adjusted to 19 dB and 19–25 dB, respectively. High-frame rate acqui-
sitions were performed at 30 Hz, with data averaging over 128 image
frames, while low frame rate acquisitions were conducted at a rate
of 0.15 Hz, resulting in images generated from 25 600 frames. The
acquired beamformed images were subsequently processed using
custom-coded MATLAB (R2021b) for cropping and scaling to a size
of 256 × 256 pixels. MATLAB was also employed for implementing
image quality metrics analysis.

B. Phantoms
Training data: We used metal frames, wires of different shapes,

and graphite rods at two different setups—LA and HA for our train-
ing inputs and labels, respectively. The LED Acoustic-X captured
images are cropped accordingly and resized to 256 × 256. In total,
we collected 800 snapshots of the objects at various spatial positions
and depths. In addition, we performed extensive data augmentation,
including scaling, shifting, rotating, and stretching, to significantly
increase the effective size and variability of the dataset. These aug-
mentations help the model generalize better to unseen samples. The
dynamic range varied between 19 and 25 dB, and the gain was set to
60–61 dB.

Test data: Our test data encompassed a diverse range of sam-
ples, including in-class metal phantoms and out-of-class ex vivo
biological organs, as well as in vivo tumors in female BALB/c nude
mice (8 weeks old when the tumor was implanted). The ex vivo organ
imaging involved capturing snapshots of the heart, kidney, and liver
from mice. For the in vivo experiments, subcutaneous injections of
AsPC-1 human pancreatic cancer cells suspended in a mixture of
Matrigel (BD Biosciences) and phosphate-buffered saline (1:1 v/v)
were administered to nude mice. The tumors were allowed to grow
to a size of ∼300–400 mm3 within 55–60 days post-inoculation,
exhibiting a heterogeneous microenvironment consisting of both
vascular and avascular regions.

Before imaging, the mice were anesthetized with 2% isoflu-
rane and positioned on a specially designed platform immerged in a
water bath, with their heads elevated above the water level to ensure
their safety. The isoflurane concentration was subsequently reduced
to 1%–1.5% during the imaging process to maintain anesthesia. A
total of 8 mice were included in this investigation, with three frames
captured at intervals of 4–5 mm for each mouse. The experimental
protocols adhered to the guidelines set by the Institutional Animal
Care and Use Committee of Tufts University. For noise distribu-
tion type invariancy, we corrupted the ground truth (HA) with the
following noise types:

● Gaussian white noise: This is a form of additive noise whose
probability density function follows a normal distribution
with 0.01 variance.43–46 The PDF can be mathematically

expressed as P(g) =
√

1
2πσ2 ⋅ e

−g2

2σ2 , where g is the gray value,
mean = 0, and σ is the variance.

● Poisson: This noise distribution depends on the input data
type. PDF for this noise type is P(N) = exp (−⟨N⟩) ⟨N⟩

N

N! ,
where N denotes the number of photons and ⟨N⟩ is the
expectation of N.47 The process of adding Poisson noise
to PAI data depends on the input image’s data type. N
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corresponds to the photon count at each pixel, which is
proportional to the pixel intensity in the image. For double-
precision images, each pixel value is treated as the mean of
a Poisson distribution after being scaled up by a factor of
1 × 1012 to convert the pixel values into a photon count
domain prior to simulating Poisson noise, reflecting not an
actual measurement of N, but rather a scaling step to facili-
tate modeling the noise profile. For instance, if a pixel has an
initial value of 3.5 × 10−12, it is first multiplied by 1 × 1012

to obtain 3.5. A Poisson-distributed value is then generated
using this mean, and the result is subsequently scaled back
down by 1 × 1012 to maintain consistency with the original
intensity scale.

● S&P: This is another additive noise with a density of 5% for
pixel destruction.48

● Speckle: This is a type of multiplicative noise with a uniform
distribution having zero mean and 0.05 variance.44,49,50

These noise types with the above statistical values were cho-
sen to simulate noise levels commonly encountered in experimental
PAI scenarios while ensuring a sufficient SNR for meaningful anal-
ysis. In particular, these different types of noise variance correspond
to a realistic level of background electronic and thermal noise typi-
cally observed in imaging systems. A higher variance would result
in excessive degradation, making image reconstruction extremely

challenging, while a lower variance would not sufficiently stress the
denoising capability of the model.

C. Traditional non-learning noise removal algorithms
We explored five different types of non-learning noise removal

algorithms in our study for comparative analysis with our DenP2P
cGAN model concerning two image quality metrics—PSNR and
SSIM.

● Savitzky–Golay (SG) filtering: This smoothening filter uses
an SG finite impulse response filter with a defined polyno-
mial order and a frame length.51 We used MATLAB’s inbuilt
third order sgolayfilt function with a frame length of 11.

● Wiener filtering: This is a pixel-wise adaptive low pass fil-
ter52 that works under the estimation of the local mean
and variance calculated from a user-provided neighborhood
of a certain dimension. We used the wiener2 function in
MATLAB with a 5 × 5 neighborhood window.

● Total variation (TV) denoising: This non-linear edge-
preserving filter is based on the principle that the noise
component of any image is generally highly spurious and
thus has high TV, and the objective is to minimize the TV
along with the sum of squared errors. We used a TV-L1
image denoising model regularized with the primal–dual

FIG. 1. Our approach toward developing an optimized DenP2P—whose source code base is taken from the conditional GAN Pix2Pix architecture.
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algorithm.53 The regularization parameter was set to 1, and
it was iterated 400 times.

● Non-local means (NLM): It differs from local neighborhood
comparison-based filtering with respect to the non-local
averaging of all the pixels in an image.54 First, the noise
standard deviation from the noisy image (Sest) is estimated.
Then, the parameters are chosen as h = 1.15∗Sest , fast_mode
= True, patch_size = 5, and patch_distance = 3.

● Block-matching 3D (BM3D): This filtering is an advanced
version of the NLM.55 Like NLM, we estimated Sest and pass
the Sest into the BM3D algorithm. We used ALL_STAGES
where both the cascades—hard thresholding and Wiener
filter stage—are performed, making it slow.

D. Deep learning networks
U-Net architecture
We considered the U-Net architecture56 and modified the

fourth block of the encoder and the bottleneck layer by adding a
dropout (probability of 0.5) layer. An Adam solver (initial learn-
ing rate: 1 × 10−4) with MSE loss was considered for the network.
The encoder (contracting path) captures contextual information and
progressively reduces spatial dimensions through layers of convo-
lution, ReLU activation, and max-pooling. The decoder (expand-
ing path) then restores spatial resolution using up-convolutions
(transposed convolutions). At each up-sampling step, skip con-
nections from corresponding encoder layers are merged with the
decoder to retain fine-grained information from earlier stages.
These skip connections allow U-Net to preserve spatial details and
enhance localization, making it highly effective for applications.
In one of our previous studies,38 we found that the basic four-
layered U-Net effectively addressed the enhancement of SNR as
evidenced by improvements in PSNR and SSIM, which are not sta-
tistically significantly worse than the outcomes from the advanced
U-Net algorithms. Therefore, for this investigation, we opted for the
U-Net architecture.

DenP2P architecture
Inspired by the Pix2Pix image-to-image translator cGAN,

whose detailed architectural information is available in Ref. 27, we
modified some of its hyperparameters and architectures to fit our
image-denoising problem in this study (see Fig. 1 for a pictorial
representation). The modifications are as follows:

Hyperparameter modifications in generator:
Loss functions:
cGAN adversarial loss: cGAN aims to learn a mapping function

GDenP2P : {x, z}→ y between the observed noisy input, x, and ran-
dom noise vector, z, and the ground truth, y. The adversarial cost
function of the cGAN is expressed as

LcGAN(GDenP2P, DDenP2P) = Ex,y[log DDenP2P(x, y)] + Ex,z[log (1
−DDenP2P(x, GDenP2P(x, z))],

where the objective of the network is to achieve minimal generator
(GDenP2P) adversarial loss and maximal discriminator (DDenP2P) loss
in a two-player game.

Thus, G∗DenP2P = arg minGDenP2P maxDDenP2P LcGAN
(GDenP2P, DDenP2P).

L1 loss:57 It is the absolute pixel value difference between
the predicted and ground truth images. Its mathematical form is
defined as

LL1(GDenP2P) =
1
N

N

∑
i=1
∣yi

ground_truth − yi
predicted∣.

L2 loss:57 L2 loss is the pixel value squared difference between
the ground truths and predictions. Its mathematical formula is
depicted as

LL2(GDenP2P) =
1
N

N

∑
i=1
(yi

ground_truth − yi
predicted)

2
.

Sometimes, L1 loss is preferred over L2 loss due to its over-sensitivity
(imposing larger penalty) for the outliers.

Huber loss:58 This is a combination of L1 and L2 loss with a delta
(δ) regulation value to make best out of both worlds. The equation is
as follows:

LH(GDenP2P) =

⎧
⎪⎪⎪⎪
⎨
⎪⎪⎪⎪
⎩

1
2
(yi

ground_truth − yi
predicted)

2
for ∣yi

ground_truth − yi
predicted∣ ≤ δ,

δ ⋅ [∥yi
ground_truth − yi

predicted∥1
−

1
2

δ], otherwise.

SSIM loss:59 This loss is concerned about the morphological similar-
ity between the predictions and the ground truths. The SSIM loss is
defined as

LSSIM(GDenP2P) =
1
N ∑ 1 − SSIM(yi

ground_truth − yi
predicted),

where SSIM is defined in Sec. II G.
PSNR loss: We also considered PSNR loss in our network archi-

tecture options, which keeps track of the maximum possible power
of a signal difference between the predicted and labeled images. The
loss is defined as

LPSNR(GDenP2P) =
1
N ∑

1
PSNR(yi

ground_truth − yi
predicted)

,

where PSNR is defined in Sec. II G.
Different combinations of loss functions: We tried nine different

combinations of loss functions considering some or all the above-
mentioned losses. As each loss type contributes to different aspects
of image quality, combining them helps balance between pixel-wise
accuracy, structural similarity, and perceptual realism. If the GAN’s
generator relies solely on the adversarial loss, it may lead to unreal-
istic artifacts or distortions because the discriminator only provides
feedback about the realism of the image, not how numerically sim-
ilar it is to the ground truth. By adding L1/L2/Huber, SSIM, or
PSNR to the generator loss, we provide additional constraints that
regularize the training, guiding the generator to produce images
that are both perceptually realistic and numerically accurate to the
ground truth.60,61 In this case, our goal is to achieve a comprehen-
sive loss that balances pixel-wise accuracy, structural preservation,
and perceptual realism. Our network will ensure whether the gen-
erated image is numerically close to the ground truth through L1,
L2, or Huber loss and via SSIM or PSNR loss, we can make sure
that the outcomes have perceptual quality, with preserved structural
integrity that is critical for maintaining image fidelity under noise or
corruption. The objective functions with a combination of different
loss functions are summarized as follows:
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G∗DenP2P = Loss1 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LL1(GDenP2P), or
Loss2 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LL2(GDenP2P), or
Loss3 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LH(GDenP2P), or

Loss4 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LL1(GDenP2P) + λDL LSSIM(GDenP2P), or
Loss5 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LL2(GDenP2P) + λDL LSSIM(GDenP2P), or
Loss6 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LH(GDenP2P) + λDL LSSIM(GDenP2P), or

Loss7 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LL1(GDenP2P) + λDL LSSIM(GDenP2P) + λDL LPSNR(GDenP2P), or
Loss8 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LL2(GDenP2P) + λDL LSSIM(GDenP2P) + λDL LPSNR(GDenP2P), or

Loss9 : arg minGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P) + λDL LH(GDenP2P) + λDL LSSIM(GDenP2P) + λDL LPSNR(GDenP2P).

Final objective function: We experimented with three δ values
for the Huber loss and fixed δ as 1. The final objective function, we
considered in this work, is

G ∗
DenP2P = argminGDenP2P maxDDenP2P LcGAN(GDenP2P, DDenP2P)

+ λDL LH(GDenP2P) + λDL LSSIM(GDenP2P).

We fixed the value of λDL to 100 after many hits and trails.
Optimizers:

● Adam: This is an extension to the classical stochastic gra-
dient descent (SGD),62 which considers the combination
of advantages from AdaGrad63 and RMSProp.64 The initial
learning rate, which was fixed for all network weights and
non-changing over the whole training period for the case of
SGD, is maintained for each network weight and adaptive
over the training process in Adam optimization.65 The ini-
tial learning rate (LR) was set to 1 × 10−4, β1 to 0.5, β2 to
0.999, and ∈ to 10−7.

● Nadam: This optimizer combines Adam and Nesterov
momentum66 for the learning update rule.67 The LR was set
to 1 × 10−4, β1 to 0.5, β2 to 0.999, and ∈ to 10−7.

● Rectified Adam: The rectified Adam aims to achieve Adam-
like convergence with a smaller number of epochs, and its
adaptive learning rate is rectified.68 The LR was set to 1
× 10−3 and the minimum LR was set to 1 × 10−5 with a
warm_up proportion of 0.1, and the total steps were taken
as 40 000. Therefore, for the first 4000 steps, the LR was
increased linearly from 0 to 1 × 10−3, and then, it linearly
reduced to reach the minimum LR at the end.

● AdaBelief : Another variant of Adam whose convergence is
fast and SGD-like generalization. It is named so due to its
adaptivity to the step size based upon its belief in the direc-
tion of the gradients.69 We considered LR to be 1 × 10−4, β1
as 0.5, β2 as 0.999, and ∈ as 10−14.

● Yogi: Instead of using multiplicative exponential moving
average-based adaptive methods in Adam, Yogi utilizes
additive updates, which are beneficial for sparse nonconvex
optimization problem space.70 The LR was set to 1 × 10−4,
β1 to 0.5, β2 to 0.999, and ∈ to 0.001.

Architectural changes:
Activation layers:

We considered two types of activation layers—ReLU and leaky
ReLU. They are most frequently used activation functions because
they offer specific benefits that are crucial for the performance and
stability of GANs. Due to ReLU’s sparse activations, training our
model is computationally efficient. We also do not encounter van-
ishing gradient problem. Leaky ReLU solves the zero gradient for
negative inputs to avoid dead neurons, ensuring that all neurons
continue to learn throughout training by achieving better gradient
flow. The generator in a GAN often learns high-level abstractions,
such as shapes, textures, and fine details. ReLU helps create these
abstractions by keeping activations sparse, while leaky ReLU helps
refine these features by ensuring that the network does not suf-
fer from dead neurons, which would hinder learning specific image
characteristics.71,72 The careful balancing act between the generator
and discriminator requires smooth and robust learning dynamics,
which these activations help provide. We experimented with both
Adam and rectified Adam solvers.

Normalization layers:
We tried three normalization layers in combination with the

two activation layers.

● Batch:73 Its main goal is to make the training process fast
and stable by reducing internal covariate shifts and normal-
izing statistics of the pre-activation for each mini-batch of
the training. It might also lessen the requirement for dropout
layers.

● Weight:74 This is a simple reparameterization of the weights
to converge quickly, and it does not impose any dependence
between the training examples of a mini-batch.

● Spectral:75 This is another network weight normalization
technique stabilizing the GAN training, where only one
hyperparameter—Lipschitz constant—is tuned.

Final architecture of the generator:
We chose ReLU activation with batch normalization in each

of the blocks of the encoder–decoder pathway of the generator,
Adam solver, and the custom loss function as a combination of
original adversarial loss, Huber, and SSIM loss with a respective
weight factor (1, 100, 100). The total developmental workflow of the
downstream optimized DenP2P model is displayed in Fig. 1. All our
deep learning codes are implemented in TensorFlow Keras (version:
2.9.2) using a Tesla T4 GPU (CUDA version: 11.2, GPU VRAM:
25.45 GB).
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E. Fourier spectrum analysis
We used the fft2 command in MATLAB to translate the LA,

HA, U-Net, and DenP2P generated images from the spatial domain
to the frequency domain. For moving the zero-frequency compo-
nent nearer the center of the Fourier converted frequencies, we
employed fftshift to rearrange the frequencies. To prevent the zero-
division issue, we changed the frequency array into the log scale for
display purposes.

F. Topological feature analysis
A homology class represents an equivalence class of chains

in a given space.37 Mathematically, let X be a topological space.
A k-dimensional chain in X is a formal sum of k-dimensional
simplices with integer coefficients. A k-dimensional simplex is a
geometric object that generalizes triangles, tetrahedra, and their
higher-dimensional analogs. Now, consider the set Ck(X) of
all k-dimensional chains X. The boundary operator ∂k : Ck(X)
→ Ck−1(X) maps a k-dimensional chain to its boundary. The kth
homology of group X, denoted by Hk(X), is defined as the quotient
group: Hk(X) = ker (∂k)

im(∂k+1)
, where ker(∂k) is kernel of the boundary

operator ∂k and im(∂k+1) is the image of the boundary opera-
tor ∂k+1. The elements Hk(X) are called k-dimensional homology
classes. Each homology class represents a cycle, which is a closed
k-dimensional object, modulo the boundary of a higher-dimensional
object. Now, the key idea behind persistent homology is to con-
struct a filtration of the space by successively adding and removing
simplices (geometric objects of various dimensions) based on dis-
tance. At each step of the filtration, the homology groups of the
space are computed, resulting in a sequence of homology groups.
By tracking how the homology groups change over the course of the
filtration, persistent homology identifies topological features such as
connected components, loops, voids, and higher-dimensional voids.
The persistence of these features is measured by their lifespan, which
represents the range of parameter values over which the feature
exists.

A persistence diagram is a visual representation of the topo-
logical features present in the data, typically computed using the
Vietoris–Rips complex76,77 in persistent homology. Each point in the
persistence diagram represents its birth (x-coordinate) and death
(y-coordinate) values. These values represent the lifespan of the
topological feature. The diagonal line represents the points where
a feature is born and dies at the same time, indicating noise or
spurious features in the data. The points near the diagonal line rep-
resent short-lived features or noise, and the points far from the
diagonal line represent significant topological features that persist
across different scales. Features with higher persistence values are
more stable and robust. To calculate the homology of an image in
Python, we used a lean persistent homology package—ripser (scikit-
tda)—whose core computational engine is run on the C++ Ripser
package.78 We considered maximum homology dimension as 2 (H0,
H1, and H2), entire filtration, coefficients in the prime field Z/2Z,
cosine metric to compute the distance, and no number of points
to subsample in “greedy permutation.” For plotting, we used the
persim.plot_diagrams helper function to plot persistence diagrams.

G. Image quality metrics
To check the quality of the cGAN-generated output images,

we used two full reference image quality (IQA) metrics, which are
generally believed to be critical parameters in the assessment.

PSNR: It is a full reference quality metric79 measured in
dB scale, which is a ratio signal and mean squared error (MSE)
into account and is expressed in logarithmic terms because sig-
nals sometimes might have a dynamic wide range. The PSNR is
defined as

PSNR = 20 ⋅ log10(
MAXI√

MSE
),

where MAXI is the maximum possible pixel value of image I.
SSIM: Structural similarity index (SSIM)80 is another full refer-

ence image quality metric ranging between 0 and 1, which measures
the amount of distortion in a reconstructed image compared to the
ground truth. The SSIM is defined as

SSIM(A, B) =
(2μAμB + c1)(2σAB + c2)
(μ2

A + μ2
B + c1)(σ2

A + σ2
B + c2)

,

where μA is the sample mean of A, σ2
A is the variance of A, σAB

is the covariance of A and B, and c1 ([k1L]2) and c2 ([k2L]2) are
determined based on k1 and k2, which are set as 0.01 and 0.03,
respectively, and L is the dynamic range.

TABLE I. Combinations of various optimization and loss functions for the DenP2P
generator showing the performance with respect to PSNR (dB).

Adam Nadam Rectified Adam AdaBelief Yogi

Loss1 30.5139 30.2758 31.8329 30.7737 30.0428
Loss2 29.8139 30.6823 31.1939 30.605 29.5477
Loss3 31.598 29.4842 30.3619 31.2937 28.945
Loss4 32.0915 32.2839 32.0072 31.9401 32.307
Loss5 32.4821 31.8475 32.1084 30.8784 31.7502
Loss6 32.9775 32.7205 32.8932 32.5826 32.2336
Loss7 31.8414 31.0985 31.9006 32.6096 31.6035
Loss8 25.13 31.4624 32.2692 27.4118 32.4259
Loss9 31.3239 31.6663 31.9433 32.375 31.4827

TABLE II. Combinations of various optimization and loss functions for the DenP2P
generator showing the performance with respect to SSIM (a.u.).

Adam Nadam Rectified Adam AdaBelief Yogi

Loss1 0.8543 0.8091 0.8853 0.8362 0.8025
Loss2 0.7056 0.7389 0.7542 0.7171 0.7917
Loss3 0.7406 0.7231 0.7491 0.7387 0.7403
Loss4 0.9043 0.9046 0.9074 0.9054 0.9176
Loss5 0.9109 0.9049 0.9069 0.9048 0.9033
Loss6 0.9203 0.9218 0.9168 0.9186 0.9083
Loss7 0.9075 0.8876 0.9085 0.9207 0.9009
Loss8 0.868 0.8885 0.9067 0.8746 0.9084
Loss9 0.9032 0.9025 0.897 0.9047 0.8979
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III. RESULTS AND DISCUSSIONS
A. Effects of various hyperparameter modifications

We implemented the original Pix2Pix network architecture and
then tried different optimizers and loss function hyperparameter
combinations in the generator part as shown in Tables I and II,
respectively. These tables showcase the values of PSNR and SSIM,
respectively. The bold-faced value in each column denotes the best
image quality metric measurement among all the loss functions for
a specific optimizer. Both the PSNR and SSIM values are consis-
tently high for loss 6, which is a combination of generator loss,
Huber, and SSIM loss. We charted out box plots of PSNR and SSIM
values in Fig. 2 for all the optimizers considering all the nine loss
functions.

Among the loss function combinations tested, Adam and rec-
tified Adam optimizers consistently performed satisfactorily across
every test case. Moreover, they performed the best when we consid-
ered loss 6. Although there was no statistically significant difference
between the optimizers (confirmed by the unpaired parametric two-
tailed t-test with Welch’s correction), Adam was preferred. Adam’s
stability and robustness have been validated in various settings, mak-
ing it a safe choice for different kinds of problems. Some of the
alternatives such as Nadam, rectified Adam, and Yogi add slight
computational overhead (93 s per 1000 steps for Adam compared
to 126, 109, 121, 115 s per 1000 steps for Nadam, rectified Adam,
AdaBelief, and Yogi, respectively) due to additional components
(e.g., momentum or rectification steps). Faster convergence implies
that fewer iterations are required to achieve the same or better
results. This is advantageous in resource-constrained environments
where computational efficiency and time are critical. For appli-
cations requiring frequent retraining (e.g., real-time denoising or
clinical setups), Adam’s faster convergence could lead to more effi-
cient use of computational resources. In addition, Adam’s simpler
parameter tuning makes it more user-friendly and easier to imple-
ment. Optimizers such as AdaBelief or Yogi introduce additional
hyperparameters that may require careful tuning depending on the
dataset and problem. Adam’s simplicity reduces overhead in exper-
imentation, especially when the outcomes (PSNR and SSIM) are
already comparable. Overall, clinically translatable models need to
generalize beyond just denoising, perhaps to related tasks such as
segmentation or even classification (as part of multi-task learning),
and Adam might offer reliable generalization for those cases.

TABLE III. Adjusting δ parameter for the Huber loss function of the DenP2P generator
showing the performance with respect to PSNR and SSIM.

PSNR SSIM

δ = 0.5 31.3633 0.9013
δ = 1 32.9775 0.9203
δ = 1.5 31.1087 0.8939

TABLE IV. Combinations of architectural modifications for the DenP2P generator
showing the performance with respect to PSNR and SSIM.

Activation + Normalization

Adam Rectified Adam

PSNR SSIM PSNR SSIM

ReLU + batch 32.9775 0.9203 32.8932 0.9168
ReLU + weight 32.6144 0.9143 31.8501 0.8964
ReLU + spectral 32.2567 0.9024 30.7953 0.9076
Leaky ReLU + batch 32.1027 0.9098 32.3152 0.9114
Leaky ReLU + weight 31.7771 0.9078 32.046 0.9012
Leaky ReLU + spectral 32.405 0.9037 31.3528 0.8952

We also examined the Huber loss function, with different
options for the δ value (0.5, 1, or 1.5), which acts as a control para-
meter between L1 and L2 loss functions. Table III represents the
corresponding PSNR and SSIM values for the Adam solver with the
combination loss 6 except the variation of value for the Huber loss.
We observed that the optimal δ value is 1, as it yielded the highest
values for both PSNR and SSIM among all the options. In addition,
the performance of rectified Adam was noteworthy. Although it did
not yield the highest PSNR and SSIM, it demonstrated stable per-
formance across all the loss functions, with the smallest standard
deviation.

B. Effects of various architectural modifications
After determining the optimal hyperparameter options, this

study investigated the influence of architectural constructs, specif-
ically activation and normalization layers, as outlined in Sec. II.

FIG. 2. Optimizer (Adam) selection with
respect to PSNR and SSIM out of all
the other advanced optimizers for all
the losses. The image quality metrics
are not significantly improved with other
optimizers than with Adam.
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Similar to the hyperparameter modifications, we also catered to
modify some of the architectural constructs of the basic Pix2Pix by
fitting different activation functions (ReLU81 and leaky ReLU82) and
normalization layers (batch, weight, and spectral). In total, we tried
six combinations to measure PSNR and SSIM. Table IV depicts the
outcomes for two equally best optimizers and the combination loss
6 in six different architectural combinations in each row.

Adam and rectified Adam showed similar performance across
the IQA metrics (Table IV), leading to the selection of ReLU acti-
vation and batch normalization layers. Both Adam and rectified
Adam are variants of adaptive learning rate optimizers, meaning
that they adjust learning rates based on past gradients. They use
first-order (mean) and second-order (variance) moment estimates,
making them highly effective for a wide range of tasks. This shared
foundation ensures that both Adam and rectified Adam optimize
similarly in many cases. Rectified Adam introduces a “rectification
term” that helps smooth out learning in the early stages of training,
and our denoising problem does not suffer from these initial insta-
bility issues due to well-behaved data. The rectification might not
offer a significant performance boost.

C. Comparison with traditional non-learning methods
After fixing the optimal network parameters and architectural

setup, we compared the performance of our DenP2P deep model
with the traditional non-learning algorithms for PSNR and SSIM.
Figure 3 shows three mouse tumor images at low and high number
of frames averaging in the first and second columns, respectively,
whereas the rest of the column images depict one of the five non-
learning algorithm outputs except the last column that denotes
DenP2P outcomes.

The respective image quality metric values are shown in
Table V organized in a similar column fashion as done in the figure.
The network outperformed traditional non-learning algorithms, as
demonstrated in Fig. 3 and Table V, with respect to both evalua-
tion metrics. This observation is supported by the fact that deep
learning-based models, particularly convolutional neural networks
(CNNs) or U-Net variants, can automatically learn representations
of the underlying structure of the input data. These models excel

TABLE V. Comparison of PSNR and SSIM between non-learning traditional
algorithms and DenP2P.

SG Wiener TV BM3D NLM Pix2Pix

PSNR 22.7893 22.9701 23.2604 23.1501 22.2932 32.9775
SSIM 0.0856 0.0883 0.0968 0.0891 0.0859 0.9203

at capturing complex patterns and relationships within the images
through training, which traditional algorithms struggle with. Dur-
ing training, these networks learn to generalize across different
noise levels, image structures, and even varying datasets. The deep
learning networks can model highly non-linear functions, enabling
them to effectively learn complex mappings between noisy and
clean images. Instead of being limited by pre-programmed heuris-
tics (as is the case with traditional methods), deep learning networks
dynamically adjust their parameters based on the training data, thus
achieving better denoising across diverse conditions. Traditional
methods require an a priori understanding of the noise character-
istics (e.g., variance in Gaussian noise) to tune their parameters
appropriately. While effective for the noise they are designed to han-
dle, these algorithms typically perform suboptimal when the image
contains complex or multiple types of noise, as their fixed filters and
models lack the ability to adapt. The generalization ability allows
deep learning models to perform well across a wide range of noise
types and intensities, making them robust and versatile compared to
traditional methods.

D. Performance across biological tissue
1. Comparison with U-Net

Figure 4 displays three representative in vivo tumor images,
where the first column shows a low number of frame-averaged
images, the second column denotes the ground truth, the third
column displays the U-Net outcomes, and the last column shows
our DenP2P outputs. Low frame-averaged images are noisy and of
lower quality due to the limited number of averaged frames. Frame
averaging is commonly used to enhance signal quality in imaging

FIG. 3. Comparison between non-learning (SG, TV, Wiener, NLM, and BM3D) algorithms’ outcomes and our deep learning DenP2P noise removal network’s outcome. The
rows (a)–(c) display data for three different cross sections of mouse tumors. All the scale bars are mentioned in the corresponding US images.
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FIG. 4. Comparison between U-Net outcomes and our deep learning DenP2P noise removal network’s outcome. The rows (a)–(c) display data for three different cross
sections of mouse tumors. All the scale bars are mentioned in the corresponding US images.

by reducing random noise, but with fewer frames, the noise level
remains high, reducing image quality. We considered high frame-
averaged images as the ideal or reference ground truth images, which
are either noise-free or represent the most accurate depiction of the

target tissue. The U-Net column images serve as a benchmark to
compare how well DenP2P performs. The DenP2P column outputs
are expected to perform U-Net by better recovering image details,
reducing noise, or enhancing features with greater accuracy.

TABLE VI. Comparison of PSNR and SSIM among several U-Net-based architectures and the DenP2P generative model.

U-Net U-Net++ Dense U-Net Res U-Net Attention U-Net Attention Res U-Net R2 U-Net DenP2P

PSNR 31.5381 29.9587 31.8746 29.8256 30.1440 31.0613 31.8382 32.9775
SSIM 0.8458 0.8432 0.8638 0.8012 0.8132 0.8147 0.8574 0.9203

FIG. 5. DenP2P outputs for (a) in vivo
mouse tumor and ex vivo organs such
as (b) kidney, (c) heart, and (d) liver,
in comparison with the ground truth HA
images.
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Table VI presents a quantitative analysis of the image out-
puts, comparing U-Net and DenP2P on specific image quality
metrics. The PSNR measures the noise level in the reconstructed
image compared to the reference ground truth, whereas the SSIM
indicates preservation of the image’s structural features. By com-
paring these metrics, Table VI objectively shows whether DenP2P
provides significant improvements over U-Net, particularly in the
context of image denoising and feature preservation. There are
other complex CNN-based models with attention, residual, R2,
and dense connection layers in the encoder–decoder architectures,
which are heavily used in computer vision.38 We are also provid-
ing their corresponding quality metric values for comprehensive
benchmarking.

2. In vivo and Ex vivo performance of DenP2P
Figure 5 expands on the evaluation by providing a broader set

of images, encompassing both in vivo (living tissue) and ex vivo
(extracted organs) imaging. This setup enables a thorough assess-
ment of the model’s generalizability across different types of tissues
and imaging conditions. The in vivo images allow the evaluation
of DenP2P’s ability to process live, dynamic tissue with inherent
motion or physiological variability, which is typically more challeng-
ing for denoising algorithms due to variations. The ex vivo images
of organs are often more static, making it easier to focus on noise
reduction without the complication of motion artifacts. DenP2P’s
performance on these images helps demonstrate its robustness
across different types of tissue and organ systems.

The SSIM metric did not yield satisfactory results for the U-
Net, possibly due to blurring, which has been discussed in detail
in Sec. III F. Our denoising model was tested with a variety of ex
vivo biological organs and in vivo mouse tumors, as shown in Fig. 5.
These test data samples were morphologically different from the
training examples, indicating that our model can handle out-of-class
test data distributions that differ spatially from the training sets.

TABLE VII. Combinations of architectural modifications for the DenP2P generator
showing the performance with respect to PSNR and SSIM.

Noise distribution types

Adam Rectified Adam

PSNR SSIM PSNR SSIM

Gauss 30.666 0.8814 30.4414 0.894
Poisson 34.0497 0.929 34.0069 0.9355
Salt and pepper 30.18 0.831 29.682 0.8061
Speckle 32.4801 0.9158 33.2879 0.9287

E. Noise distribution type invariancy
To evaluate the noise distribution type invariance of our deep

learning network, we conducted experiments using DenP2P on
images corrupted with different artificially generated noise types,
namely Gaussian, Poisson, S&P, and speckle. By testing DenP2P on
these noise types, the goal is to demonstrate how well the model
generalizes across varying noise distributions, showing that it can
adapt to different noise patterns without specialized tuning. Figure 6
illustrates the various noise-corrupted scenarios of a mouse tumor,
where each row represents a different noise type. The columnar
arrangement of this figure remains consistent with that of Fig. 5
except the first column having US image. This visual representation
allows for a direct comparison of how different noise types affect
the tumor image and how effectively DenP2P denoises across these
different noise-type scenarios.

We also calculated PSNR and SSIM values for both Adam and
rectified Adam solvers, which are given in Table VII.

In our previous study,25 we observed that the denoising U-Net
struggled with S&P noise, despite effectively removing Gaussian
noise. However, our DenP2P model demonstrates strong denoising
performance across Gaussian, Poisson, and speckle noise, indicating
its ability to generalize across these noise distributions, as depicted in

FIG. 6. Noise invariancy test—we cor-
rupt the high number of frame images
shown in the second column with (a)
Gaussian, (b) Poisson, (c) speckle, and
(d) S&P noise, respectively, depicted
in the first column. The corresponding
DenP2P outcomes are provided in the
last column.
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Fig. 6 and Table VII. Salt and pepper noise is particularly challeng-
ing because it corrupts random pixels with extreme values, making
it harder for a neural network to detect and remove. Even though
DenP2P shows a degree of noise-invariance, S&P noise leads to a
slight drop in SSIM due to the nature of the noise corrupting fine
details and edges, which are crucial for structural similarity. Nev-
ertheless, DenP2P still outperforms U-Net in handling S&P noise,
demonstrating better adaptability. The choice of optimizer (whether
Adam or rectified Adam) did not significantly affect the model’s
noise-invariance. This suggests that the architecture of DenP2P and
the learning dynamics imposed by the adversarial framework play
a more crucial role in achieving noise-invariance than the specific
optimizer used for gradient updates. While U-Net is highly effec-
tive at removing structured and predictable noise (such as Gaussian
noise, which is normally distributed and easy to filter with learned
features), it struggles with S&P noise due to its impulsive nature,
where random pixels are corrupted. However, for the DenP2P
model, the adversarial loss, combined with the pixel-wise loss func-
tions, helps the network generalize across varying noise types. The

adversarial process forces the generator to capture the true under-
lying structure of images, independent of the noise characteristics.
Unlike U-Net, which may overfit to specific noise types seen dur-
ing training, DenP2P implicitly models the noise distribution by
focusing on reconstructing the clean image itself rather than explic-
itly modeling the noise. This allows it to adapt to various noise
types without being constrained by assumptions about the noise’s
distribution.

F. Frequency domain analysis
In Fig. 7, we present the frequency magnitude spectrum anal-

ysis of the results obtained from U-Net and DenP2P in the Fourier
domain for two representative in vivo mouse tumors. The first and
third rows depict the spatial domain images of the mouse tumors,
while the second and last rows display the corresponding Fourier
domain plots. The first two columns represent the images obtained
using LA and HA, respectively, and the last two columns show
the outcomes of the U-Net and DenP2P models, respectively. By

FIG. 7. Frequency magnitude spectrum analysis—comparison among low (first column) and high (second column) number of frame averaged images, U-Net outcomes
(third column), and the DenP2P outputs (last column) for tumor images of two mice.
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comparing U-Net and DenP2P in the frequency domain, we found
that the high-frequency magnitude spectrum was not reduced for
DenP2P outcomes, unlike U-Net generated images. Even the high
number of frame averaging images exhibited a loss of high diago-
nal frequency components, as confirmed in Fig. 7. To quantitatively
assess the blurring of the deep network outputs compared to the
ground truths (high number of frame averaging), we employed
a method mentioned in Ref. 83. The analysis revealed that U-
Net decreased sharpness by 25.5 ± 4.99%, whereas our DenP2P
network’s outcomes were nearly blur-free, with only a 1.25 ± 0.98%
reduction in sharpness. In addition, the cGAN outcomes did not
exhibit noticeable edge effects, suggesting that it is highly effective
in maintaining the integrity of edges and transitions in the image.
This is particularly important in medical imaging, where clear
boundaries between anatomical structures are critical for accurate
diagnosis.

U-Net models typically rely on pixel-wise loss functions. These
losses emphasize global similarity but can lead to over-smoothing as
the model prioritizes minimizing overall pixel error over preserving
high-frequency details. DenP2P, on the other hand, uses an adver-
sarial loss that encourages the generator to produce images indistin-
guishable from real ones. This process leads to better preservation of
high-frequency details as the discriminator penalizes blurring or loss

of fine structures, helping DenP2P maintain sharpness. The adver-
sarial training also forces the generator to match the high-frequency
distribution of the ground truth images, preventing over-smoothing.

G. Topological analysis
Figure 8 depicts a concise and informative summary of the

topological features present in LA (first column), HA (second col-
umn), and the DenP2P outcomes (last column) for a representative
subcutaneous tumor cross section for which we calculated the per-
sistent homology classes up to H2. For the second row, each plot’s
horizontal axis represents the initiation or birth of a particular fea-
ture, and the vertical axis denotes the disappearance or death of
that feature. The last row shows the corresponding lifetime of the
topological features.

The persistence homology diagrams in Fig. 8 substantiate the
fact that LA images consist of extraneous noisy topological charac-
teristics within LA images, characterized by short lifespans, result-
ing in a concentration of H1 class points near the diagonal lines.
Conversely, both HA and DenP2P outputs demonstrate a notable
reduction in noisy topological features, evidenced by the sparsity of
extraneous features along the diagonal lines. The lifetime plots in
Fig. 8(c) also depict the same quantitative conclusions. The highly

FIG. 8. Persistence diagrams up to H1 homology dimension for low (LA) and high (HA) number of frame-averaging and DenP2P outcomes. (a) Representative tumor image
for which the persistence homologies are calculated. (b) Persistence diagrams for HA, LA, and DenP2P, respectively, up to homology class H3. (c) Corresponding lifetime
plots for the topological features. N.B. All the images are ultrasound and PA co-registered.
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prominent or salient topological structures in the data are mainly
emerged from the deep learning outcomes. Contrasted with LA per-
sistence, the HA and DenP2P plots reveal delayed emergence (late
birth) of certain H1 class features, suggestive of potentially more
intricate or expansive topological structures, such as significant
loops, compared to features with earlier birth. Generally, features
with late births tend to have higher persistence and greater stabil-
ity compared to features with early births.35 They persist across a
broader range of filtration thresholds, indicating that they are more
robust and less sensitive to minor variations in the data as they cap-
ture essential structural elements of the data underlying geometry or
topology.

IV. CONCLUSION
Advancements in optical illumination, particularly LASER and

LED technology, have greatly contributed to the development of
PAI. This hybrid biomedical imaging modality combines the advan-
tages of optical contrast and ultrasound depth resolution, making it
a promising tool for various applications. Furthermore, the afford-
ability and portability of LED-based PAI systems have made them
suitable for low resource settings. However, one of the challenges
faced in LED-based PAI is the low SNR of the captured images,
primarily caused by the limited energy of the illumination. While
we can achieve a high SNR through extensive frame averaging,
this approach is not preferable for real-time imaging, which is
crucial for analyzing the dynamics of vascular diseases and avoid-
ing artifacts resulting from the body’s natural movements, such
as breathing and heartbeats. To address this challenge, we devel-
oped an optimized deep learning model called cGAN DenP2P,
based on the Pix2Pix framework. Through extensive experimenta-
tion involving modifications of both hyperparameters and network
architecture, we refined the DenP2P model to achieve superior per-
formance compared to traditional non-learning methods and U-Net
denoising algorithms. We used two comprehensive image quality
metrics—PSNR and SSIM. We tested our optimized DenP2P model
with ex vivo and in vivo biological organs that exhibited spatial
variations from the training data. Remarkably, the model demon-
strated noise distribution type invariance, indicating its ability to
handle different types of noise. In addition, a frequency domain
analysis revealed that our model’s outcomes remained free from
distortion, blur, and edge effects. Moreover, this study employed
persistence homology diagrams to analyze the topological character-
istics of the image data. The results highlighted the effectiveness of
DenP2P in reducing noisy topological features, leading to the emer-
gence of more stable and robust topological structures. One of our
future objectives is to develop a system capable of learning from
unpaired databases, as obtaining corresponding image-label pairs
can be challenging in real-life scenarios. We will explore the poten-
tial of optimizing the rectified Adam optimizer, which demonstrates
the least standard deviation despite not achieving the highest image
quality metric values. We will also implement deep learning frame-
works that can leverage complementary information from multiple
imaging modalities to enhance denoising performance involving
cross-modal consistency training that jointly optimizes denoising
across different imaging techniques. We also observed the occa-
sional artificial enhancement of intensities and the introduction
of artifacts, which can impact the reliability of the reconstructed

images as observed in Figs. 4 and 5. In addition, the model strug-
gles to enhance or restore low-intensity signals effectively in some
cases. Future work should focus on increasing the dataset size,
incorporating more phantom variations, especially from different
experimental conditions (e.g., more gain settings, depths, tissue
types) to improve generalizability, and exploring advanced archi-
tectures, such as physics-informed neural networks or uncertainty-
aware models, to mitigate the issues. Furthermore, post-processing
techniques and hybrid approaches integrating traditional signal pro-
cessing with deep learning may enhance the model’s performance
and ensure more accurate and reliable reconstructions.
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