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EXTENDEDABSTRACT

Introduction: Optical image sensors are affected by signal-dependent photon
counting noise and electronic readout noise. A Poisson—Gaussian model
provides a practical representation of these contributions in raw imaging data
(Foi et al., 2008). Their combined presence complicates denoising because
noise variance varies with signal intensity. Established approaches include
block-matching and three-dimensional collaborative filtering, or BM3D
(Dabov et al., 2007), and variance-stabilizing transformations adapted to
Poisson—-Gaussian observations (Makitalo and Foi, 2013). Residual-learning
convolutional networks offer a data-driven alternative by estimating the
difference between noisy and reference images. DNCNN demonstrated this
strategy for Gaussian denoising and other restoration tasks (Zhang et al.,
2017). Building on this established approach, the present study evaluates an
eleven-layer network under controlled Poisson—Gaussian conditions. Its
contribution is a reproducible simulation-based comparison across noise
compositions, rather than a new network architecture. The research question
is whether residual learning consistently improves reconstruction relative to
Gaussian and median filtering.

Methodology: The experiment was implemented in Python using NumPy
and SciPy. Training, validation, and test datasets contained 128, 16, and 24
synthetic grayscale images, respectively. Each image comprised 64 x 64
pixels and included smooth backgrounds and spatial structures with different
intensities. Images were generated independently across subsets, although all
subsets shared the same generation procedure. Synthetic references enabled
direct assessment of reconstruction errors under controlled noise conditions.
The network contained eleven 3 x 3 convolutional layers. The first layer
produced 32 feature channels followed by rectified linear activation. Nine
intermediate layers combined convolution, batch normalization, and rectified
linear activation. The final layer produced a single-channel residual estimate
without normalization or activation. The restored image was obtained by
subtracting this estimate from the observation.Training used random 24 x 24
patches, rotations, flips, and newly generated noise. Adam optimization
(Kingma and Ba, 2015) was applied for 20 epochs with an initial learning rate
of 0.001, halved every seven epochs. The objective was mean squared
residual prediction error over all pixels.Gaussian and median filter settings
were selected using validation performance. Each test image was evaluated
with three noise realizations per condition. Primary metrics were calculated
after clipping outputs to [0,1]. PSNR and SSIM (Wang et al., 2004) were
averaged over realizations within each image before calculating between-
image means and standard deviations.

Result:Training MSE decreased from approximately 0.0063 to 0.0018,
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while validation MSE decreased from approximately 0.0046 to 0.0011
over 20 epochs. Validation loss temporarily increased during epochs five
and six, then decreased again. Later epochs exhibited smaller fluctuations
without a sustained increase in validation loss.Table 1 summarizes
performance at (p=100) and (sigma=0.03). The network increased mean
PSNR by 5.93 dB relative to the noisy input and by 0.72 dB relative to
median filtering. Its mean PSNR exceeded Gaussian filtering by
approximately 0.04 dB. Gaussian filtering achieved the highest mean
SSIM.Across the nine conditions, the network achieved higher mean
PSNR than median filtering in every case and higher mean PSNR than
Gaussian filtering in five cases. Gaussian filtering achieved the highest
mean PSNR at (p=20), whereas the network achieved the highest values at
(p=500), for all three Gaussian noise levels. The network reached
approximately 35.89 dB at (p=500) and (sigma=0.01). Increasing (sigma)
reduced mean PSNR for every method. Visual comparisons showed
reduced granular fluctuations after network reconstruction, with residual
intensity differences and localized smoothing. The selected horizontal
profile retained the principal rising and falling transitions but exhibited
local underestimation and overshoot. The absolute-error map showed
spatial variation in reconstruction error.

Discussion: The results demonstrate condition-dependent performance
rather than uniform superiority of residual learning. At the intermediate
noise condition, the network and Gaussian filter produced nearly equal
mean PSNR, while Gaussian filtering achieved higher SSIM. This
difference highlights the importance of evaluating intensity error and
structural similarity together. The findings are consistent with residual
learning as a useful restoration strategy (Zhang et al., 2017), but they do
not constitute a direct comparison with the original DnCNN
implementation. Likewise, no superiority over BM3D or variance-
stabilization methods can be inferred because these methods were not
experimentally evaluated. The stronger performance decline with
increasing Gaussian noise at larger \(p\) is consistent with the reduced
contribution of normalized Poisson noise. However, all tested noise
combinations occurred during training. The experiment therefore
evaluates held-out images within the represented noise domain, rather
than generalization to unseen noise conditions. Additional limitations
include the shared synthetic-image generator and a single training run.
Between-image standard deviations describe variation across test images,
not training reproducibility. Neither overlapping error bars nor small
mean differences independently establish statistical significance. Visual
assessment of one image and one profile also cannot establish image-wide
preservation of fine details.

Conclusions:The residual-learning network reduced Poisson—Gaussian
noise and improved mean PSNR over median filtering across all
investigated conditions. Its comparison with Gaussian filtering depended
on noise composition and evaluation metric. These findings support
controlled computational evaluation of residual learning while identifying
limits to claims of general superiority. Practical application requires
further validation using real sensor measurements and independently
sourced images. Future work should include unseen noise conditions,
repeated training, paired statistical comparisons, and advanced denoising
baselines. The present results establish performance within a synthetic
simulation framework, without demonstrating clinical effectiveness or
general applicability to optical sensing systems.
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ABSTRACT

Removing mixed Poisson—-Gaussian noise is a challenging task in optical
sensor image processing because the variance of its signal-dependent
component varies with image intensity. In this study, a residual-learning
convolutional neural network comprising 11 convolutional layers and batch
normalization developed to estimate noise and reconstruct images, and
trained using the Adam optimizer. Evaluation performed on 24 synthetic
images held out from training unit under under 9 noise intensity
combinations, with three noise realizations per image, and and the
network's performance compared with Gaussian and median filtering. Both
training and validation loss decreased over 20 epochs. Under the condition
(p=100) and (0=0.03), the mean peak signal-to-noise ratio (PSNR) and
structural similarity index (SSIM) of the network achieved 31.12 dB and
0.875, respectively. The PSNR improvements over the noisy input and
median filtering was 5.93 and 0.72 dB, respectively; however, however, the
Gaussian filter, with a PSNR equal to 31.08 dB and an SSIM equal to
0.887, had comparable performance and was better in terms of structural
similarity. Across all investigated combinations, the network achieved a
higher mean PSNR than the median filter and outperformed Gaussian
filtering in five combinations. Visual assessment also indicated noise
reduction and partial preservation of the main image structures, although
localized reconstruction errors remained.

KEYWORDS
Optical Sensors, Poisson-Gaussian Mixed Noise, Deep Learning, Residual
Learning, Image Processing.
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