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Abstract. Effective image denoising is a challenging task for real-world smartphone images due
to the complex noise resulting from the limited response of the sensors and the varying illumina-
tion conditions. The paper proposes and tests a light weight deep learning framework called Con-
volutional Adaptive Multi-Scale Denoising Network CAMSD-Net to restore high quality image
from noisy smartphone photos in the meanwhile retaining the structure and visual quality. The
proposed methodology employs the SIDD-Small SRGB dataset with 160 pairs of noisy and clean
images which are systematically validated, with 70% used for training, 15% for validation, and
15% for testing, and with random 256x256 image patches extracted from each image, leading to
a fixed 384 paired image patches used for testing. The network is implemented based on multi-
scale convolutional network, local spatial learning, dilated contextual feature extraction, feature
fusion and skip connections, and is trained for 30 epochs with the Adam optimizer and learning
rate of 0.001. Experimental results show the superior performance of CAMSD-Net V2 over clas-
sical denoising schemes and the first version of the network. The proposed model achieves the
highest Peak Signal-to-Noise ratio (PSNR) of 36.5564 dB, and the Structural Similarity Index
(SSIM) of 0.925337, and minimizes the Mean Squared Error (MSE) of 0.00032221, Root Mean
Squared Error (RMSE) of 0.016248, and Mean Absolute Error (MAE) of 0.012848. In addition,
the proposed framework is effective in real world smartphone image restoration as evidenced by

its performance on 356/384 test patches (92.71%) with respect to the improvement of PSNR.

Keywords: Smartphone Image Denoising, Deep Learning, Convolutional Adaptive Multi-Scale
Denoising CAMSD-Net, SIDD-Small Dataset, Multi-Scale Convolutional Network.

l. Introduction

Everyday photography, social media, medical documentation, and intelligent vision—
these are the most important functions of today's imaging and camera uses, which are
mainly handled by smartphones. The call for good quality images in various lighting
environments, such as low-light scenes, indoor environments, and difficult lighting sit-
uations has grown as they are widely used [1]. However, images captured by the
smartphone camera are subject to many kinds of noises, which causes degradation in
visual quality and makes subsequent computer vision applications like object detection,
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image segmentation, object recognition and scene understanding less accurate [2], [3],
[4], [5]. In the real world, there will always be noise present, which makes the pre-
processing of image restoration an important process for modern imaging systems.In
smartphone photography, image noise is much more complex and distinct from the
synthetic Gaussian noise that is usually employed in traditional image denoising re-
search. Multiple physical processes in the camera pipeline are responsible for real
smartphone noise: photon shot noise, electronic read noise, sensor imperfection, color
channel imbalance and image signal processing operations.

These noise components are signal dependent, spatially variable and can often interact
with each other within color channels. Therefore, denoising techniques designed under
simplified synthetic noise conditions may not have a good generalisation to real-world
context of a smartphone image.The early image denoising methods used mathematical
filtering technique like Gaussian filtering, median filtering, Wiener filtering and Non-
Local Means (NLM). All these techniques try to subtract from unwanted noise, using
local neighbour information or patch similarity across an image. While they can help
to reduce noise to some degree, they often cause undesirable artifacts like edge blurring,
smoothing of textures and loss of fine structural detail. Not only is noise reduction im-
portant for imaging applications, but maintaining image detail and keeping the natural
textures of the image is also important as the applications need to deliver increasingly
greater visual fidelity.

With the recent leaps in the state of the art of deep learning, the community has begun
to explore new methods for image restoration that can learn complex mappings directly
from noisy images to their clean counterparts. Convolutional Neural Networks (CNNs)
have shown to be very successful in learning hierarchical spatial information while
maintaining relevant image structures. Deep learning models, such as DnCNN,
CBDNet, RIDNet and other CNN-based models have achieved significant performance
improvement in denoising compared to traditional filtering methods. Recently, models
incorporating attention mechanisms, multi-scale feature extraction and transformer net-
works have been able to model long-range dependencies and retain very fine image
features, which has further improved the performance of deep networks. However,
there are many approaches currently in existence which are relatively complex. Archi-
tectures that demand high computational needs, optimization techniques that restrict
possible implementation in imaging systems with limited resources [6], [7], [8].

One of the most important steps made in the field of real world denoising is the release
of a dataset called Smartphone Image Denoising Dataset (SIDD) where noisy and clean
smartphone images are paired and acquired under realistic imaging conditions. As it is
the real noise collected from various lighting conditions and multiple smartphone de-
vices, SIDD is one of the most widely accepted benchmarks to test real-image denoising
algorithms [9][10]. The SIDD-Small subset contains carefully aligned pairs of noisy
and ground-truth images suitable for supervised learning, with the same characteristics
as real smartphone sensor noise. This has spurred further research into algorithms that
can solve real-world denoising problems and not just use synthetic noise models.While
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significant progress has been made in the denoising performance of deep learning meth-
ods, it is still an important research challenge to obtain good noise reduction perfor-
mance while preserving details.

Too much smoothing can cause the loss of important texture information, while too
little denoising can cause some residual noise that may affect the subsequent viewing
tasks. Moreover, different types of images and channel-dependent noise create a de-
mand for architectures that can extract both local and global representations of image
content and texture simultaneously. This study focuses on a direct deep-learning de-
noising framework specifically for real-world smartphone images [11], [12]. in re-
sponse to these challenges. This proposed CAMSD-Net uses multi-scale convolutional
networks to learn a direct mapping from noisy RGB images to clean RGB images, with
features designed to extract local spatial information, to use the dilated receptive field
to represent the contexts of the image, and to fuse the features and to refine the outputs.
Unlike conventional prediction methods, the network restores images from the image
to image, trying to maintain structural information while the complex real-world noises
are reduced effectively.

The SIDD-Small sSRGB dataset as well as a carefully designed experimental pipeline,
with an emphasis on reproducibility and data integrity, are the focus of the present
work. To avoid any scene leakage between the training, validation and test sets, the
dataset is divided at the image level prior to patch extraction. Furthermore, the meth-
odology incorporates data verification, patch quality control, classical baseline prepa-
ration and standardized evaluation metrics to create a consistent analysis framework of
real world smartphone image denoising.

I1. Literature Review

Lee et al., 2026 [13] To tackle the challenge of balancing computational efficiency and
modeling long-range dependency, explores a practical CNN—Transformer hybrid net-
work for real-world image denoising. The goal is to get denoising results competitive
with the state-of-the-art and decrease the computational cost when deployed on re-
source limited devices. The methodology consists of using combinations of strategic
CNN-Transformer blocks, eliminating nonlinear operations and searching the CNN ar-
chitecture under explicit resource constraints, with the aid of NAFNet and Restormer.
Experimental evaluation on the SIDD and DND datasets demonstrates 39.98-40.05 dB
PSNR and 0.958-0.961 SSIM on SIDD, while DND achieves 39.73-39.91 dB PSNR
and 0.959-0.961 SSIM. The models only need 7.18-16.02 M parameters and 20.44—
44.49 G MACs, and the cross-validations show strong generalization and practical ef-
ficiency.

Jang et al., 2025 [14] presents Deep-Feature Auxiliary Guidance (DFAG) method for
enhancing the accuracy of image restoration while maintaining the same model struc-
tures and inference time. The goal is to improve the quality and stability of the deep
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feature learning in multi-scale image restoration networks. However, in the methodol-
ogy, the auxiliary losses are added to the feature maps at each multi-scale level during
training and the extra DFAG modules are stripped during inference, thus eliminating
the need for additional computational burden. Multi-scale encoder-decoder restoration
models are tested across a range of experiments in real image denoising, gaussian de-
noising, motion deblurring, JPEG artifact reduction and super-resolution with con-
sistent improvement in each of these tasks. The results validate DFAG as an effective
training method for enhancing the restoration performance while retaining the original
architecture and inference efficiency.

Tang et al., 2024 [15] In order to alleviate the expensive procurement of real-world
noisy images and the creation of labeled datasets, presents a self-supervised image de-
noising approach called Multi-Scale Blind-Spot Network with Adaptive Feature Fusion
(MA-BSN). The goal is to achieve better denoising performance and overcome the lim-
itations of existing self-supervised methods, such as spatial noise correlation and small
receptive fields. The methodology is based on multi-scale blind-spot architecture to
generate sub-images, a depth-wise convolutional Transformer network to obtain the
global feature, and an Adaptive Feature Fusion module to refine the feature in the re-
gion through attention mechanism. Experiments on real world noise benchmark da-
tasets, SIDD and DND, show good denoising result, with DND reaching 38.41 dB
PSNR and 0.940 SSIM, outperforming the state-of-the-art self supervised methods
available in the literature.

Zhang & Zhou, 2023 [16] propose Denoise Transformer to overcome the drawbacks of
CNN-based approaches such as limited receptive field and color drift, which are caused
by the difficulty in extracting texture and color information from the images. The goal
is to enhance the ability to remove noise and to maintain both global and local image
information without a priori knowledge of noise intensity or noise type. The methodol-
ogy consists of Context-aware Denoise Transformer (CADT) with dual global and local
branches, hierarchical network for residual noise distribution learning and Secondary
Noise Extractor (SNE) for efficient global noise extraction. The final denoised image
is then reconstructed from the blind spots. The experimental results for the SIDD bench-
mark are 50.62 dB PSNR and 0.990 SSIM, which have excellent visual performance
for the SRGB, Raw-RGB and grayscale data sets.

Y. Liu et al., 2022 [17] presents FDN, an invertible denoising network which focuses
on image denoising as a distribution learning and disentangling problem instead of a
standard feature-based denoising problem. The goal is to understand the distribution of
noisy images and recover clean images by operating on the image latent representa-
tions, eliminating distortions and artifacts, without making any assumptions on the dis-
tribution of clean images or the distribution of noise. The methodology consists of the
assumption of noisy image as a joint distribution of clean image and noise and the dis-
tribution disentanglement via the proposed FDN framework. An experimental evalua-
tion shows the efficiency in the removal of synthetic additive white Gaussian noise
from category specific and remote sensing images. Results also indicate that FDN is

4



International Journal of Statistics and Mathematical Rescarch Trends
F-ISSN: 3108-087 1. Volume 2 Issue 5

Sep-Oet 2026, PP O1-18

superior to the previously published methods in real-image denoising in terms of the

number of parameters used and the speed of processing.

TABLE I. LITERATURE SUMMARY

strained by the quality of
available  ground-truth
images.

adaptive frequency masks,
frequency-domain  mixup,
and a lightweight output re-
finement network.

Au- Research Gap Method Finding

thor/Year

Cho et al., MSE-trained  denoi- Brightness Bias-Robust Improved all brightness

2026 [18] sers tend to favor bright | Denoising (BBRD); bright- | bands, with up to +0.45 dB
regions, resulting in | ness-band error normaliza- | PSNR in dark bands, +0.32
poorer detail recovery in | tion with empirical noise | dB in bright bands, and
dark regions under sig- | variance and Group-DRO. +0.65 dB aggregate PSNR
nal-dependent noise. on SIDD.

R. Liu et Existing CNN and Multi-Stage progressive Demonstrated effective

al., 2025 | Transformer restoration | image restoration Network | deblurring and denoising

[19] methods have limitations | (MSTNet) using window- | performance and outper-
in simultaneously captur- | based and channel-level | formed existing state-of-the-
ing local spatial and | Transformers with feature | art methods on general and
global channel infor- | fusion. colon image datasets.
mation.

Tiantian et Deep denoising net- Lightweight progressive Improved PSNR, SSIM,

al., 2024 | works often require ex- | residual and attention fusion | and FSIMc under Gaussian

[20] cessive depth, increasing | network using dense blocks, | and natural noise levels of
computational complex- | progressive residual fusion, | 15-50, outperforming more
ity while affecting effi- | and CAFFM. than 20 methods across six
cient feature extraction. datasets.

Ko et al, Real-world noise syn- YeTl using a Recon- Generated realistic sig-

2026 [21] thesis is limited by the | struction Autoencoder and | nal-dependent noise and en-
scarcity of aligned clean- | one-step Conditional Diffu- | abled denoisers trained with
noisy pairs and camera | sion Transformer trained | synthesized images to
metadata. from two noisy observations. | achieve strong real-world

performance on DND.
Ryou et al., Real-world  restora- Ground-truth  enhance- Consistently  improved
2025 [22] tion performance is con- | ment using super-resolution, | restored-image quality, with

experiments and user studies
validating supervision en-
hancement and output re-
finement.

I11. Research Methodology

The proposed methodology is systematically deep-learning workflow for denoising im-
age by using a smartphone camera image, which is reproducible, consistent, and relia-
ble for experimental implementation, including dataset validation, preprocessing, patch
generation, and CAMSD-Net training and standardized evaluation process.
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A. SIDD-Small Dataset Acquisition and File Validation

The proposed methodology starts with the acquisition of the SIDD-Small SRGB dataset
that includes pairs of noisy and clean smartphone images under a wide range of indoor
lighting conditions with different mobile camera sensor types. In order to obtain accu-
rate correspondence between noisy images and their ground truth, it is necessary to set
up the noisy—ground truth pairs before pre-processing, as the model is supervised image
denoising. A full validation procedure ensures your file is available, your image dimen-
sions and RGB channel consistency, your file formats and that you have a complete
pair within all of your scene folders. Automated integrity checks also ensure the spatial
alignment of every noisy image with its clean reference image, and detect missing, du-
plicated and corrupted images. By passing this validation step you have a valid data
structure, you don't let invalid samples into the training pipeline and you have a con-
sistent ground to do reproducible image denoising experiments.

B. Noisy—Ground Truth Pair Verification and Data Integrity

A special pair-verification phase verifies that each noisy image is properly paired to the
reference image. The supervised image denoising requires to be paired at the pixel level,
so that even if there is a slight pairing error, the performance of the model will be af-
fected. The two images in each pair are checked for uniformity of spatial resolution,
uniformity of RGB channel, exact file names and scene level organization. The auto-
mated validation scripts detect missing samples, duplicate samples and incorrectly
paired samples and provide summary statistics to ensure that the dataset is complete.
To avoid scene leakage and train and evaluate with only valid image pairs, pair verifi-
cation is performed prior to the patch extraction. This helps ensure data consistency and
reliability, which is crucial for future data feature extraction and optimization using
deep learning.

C. Real-Noise Characterization

The proposed methodology investigates the statistical properties of the noise of the real
smartphones prior to training the model in the SIDD-Small dataset. Normalization is
performed for each pair of noisy—clean images, and the resulting difference images are
considered to be the camera noise. The noise behavior is quantified by the statistical
measures, such as residual mean, standard deviation, variance, RMSE and MAE. Each
analysis is done for the Red, Green and Blue channel, and brightness based analysis
uses the correlation between illumination intensity and noise variation. This stage does
not assume a given noise distribution, and provides the possibility to use a multi-scale
convolutional network, which can learn complex noise distributions across both chan-
nels and space.

D. Image-Level Dataset Splitting

Before extracting patches, the SIDD-Small dataset is split into three equal parts: 70%

to the training set, 15% to the validation set, and 15% to the test set to ensure unbiased

training and reliable performance evaluation. The split is done at the original image

level, thus avoiding the possibility of scene leakage during supervised learning between

the various subsets. To ensure the repeatability of experiments, a fixed random seed has
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been used. The validation set assists the process of model optimization and the testing
set is separate for the last evaluation. Each created patch is guaranteed to contain the
same partition of its parent image, which keeps the integrity of the datasets through the
training pipeline. This is an image-level splitting process that greatly reduces overfit-
ting and serves as a solid approach for assessing the generalization performance of the
proposed deep-learning model.

E. Random 256x256 Patch Extraction

High-resolution smartphone images need significant processing power and memory to
train directly on these images. Thus, the proposed approach is based on a patch based
training method that extracts fixed size image patches from all the identified image
pairs while maintaining exact spatial correspondence between the noisy and clean im-
ages.

The network is trained to learn local image structures, textures and noise patterns with
multiple patches of each original image, which are typically 256 x 256 pixels. The fixed
random seed ensures that the same patch location can be extracted from different ex-
periments, helping to ensure experimental consistency.

When cropping noisy and clean images, the same spatial coordinates are used for su-
pervised correspondence. This ensures that every patch with noise has an exactly
aligned patch with target during training.

The benefit of using smaller patches is that it will require less GPU memory, more
number of samples to be trained, and expose the network to a variety of different char-
acteristics in each original photograph. Rather than just depending on a handful of high-
resolution images, the model is trained using thousands of localized examples that fea-
ture different textures, edges and lighting angles.

The patch-based strategy thus reduces the computation time while keeping the spatial
information essential for learning the accurate image denoising representations.

F. Patch-Level Quality Control

Following the patch extraction, a complete quality-control process is carried out to en-
sure that all the patches created meet the needed preprocessing requirements before
being inputted into the model-training pipeline. This stage takes care that all training
samples have the same formatting, size and match with the corresponding ground-truth
image.

First, all the removed patches are checked to ensure that each patch occupies a valid
spatial size and that the RGB channels are consistent for the patch, and that the noisy
and clean images are properly paired. Inconsistent patches, that may cause inconsisten-
cies in the supervised learning process, are detected by automated verification routines
by identifying incorrectly cropped, duplicated or mismatched patches.
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Further quality checks include aspects of the image content, including near-black areas,
low-information regions, brightness variation and consistency of pixel values. These
observations are not deleted from the dataset, but are recorded instead in order to main-
tain transparency of the data and to facilitate data reproducibility when challenging
samples are encountered.

Simple descriptive statistics are also computed to ensure that the retrieved patch col-
lection is representative of the diversity in the original smartphone images. This quality-
control step helps to prevent propagation of the preprocessing errors into the training
process and keeps the resulting patch dataset from being affected by unrealistic imaging
conditions.

The proposed methodology will enable a reliable and reproducible dataset preparation
pipeline to be validated prior to the beginning of optimization, which can then be used
in deep-learning based image denoising experiments.

G. Classical Denoising Baseline Preparation

To compare the proposed deep-learning framework with the classical image-denoising
techniques, a set of classical image-denoising techniques are introduced into the meth-
odology. These baseline approaches offer a unified baseline framework to compare the
proposed architecture with the same preprocessing and testing conditions.

Four denoising methods are chosen: Gaussian filtering, Median filtering, Wiener filter-
ing and Non-Local Means (NLM). These methods are some of the most common spa-
tial-domain filtering methods and variations in noise suppression and detail preserva-
tion.

The parameters for each algorithm are pre-defined and the same set of testing patches
are used for each algorithm. In order to provide the same input conditions to all meth-
ods, the noisy images of the input remain unchanged prior to baseline processing. Con-
sistency in evaluations is achieved by using the same evaluation data set and avoiding
different methods of preprocessing.

The inclusion of the traditional filtering techniques is not to change the proposed model,
but to create a clear experimental standard. All these baselines are typical methods that
have been adopted in image restoration so they serve as good references for future deep-
learning experiments.

The procedures and inputs used in all techniques are kept the same to ensure the overall
experimental approach is reproducible and scientific.

H. Proposed CAMSD-Net Architecture
Proposed CAMSD-Net aims to be a lightweight multi-scale convolutional neural net-
work for direct image-to-image denoising of real-world smartphone images.
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The architecture is different from the residual-learning methods which estimate the
noise component in isolation. The initial convolutional layer is the first layer in the
network that is designed to extract low-level visual features from the input image.

The extracted representations are then passed to two complementary parallel branches.
A spatial branch is used to sample the local texture and fine image structures while a
dilated context branch is used to expand the receptive field to include more context, but
without loss of spatial resolution.

Both branches output features are concatenated and then fused with the channel infor-
mation effectively by a 1x1 convolutional fusion layer. The resulting image is progres-
sively enhanced from each of the refinement layers to create the final restored image.
Important structural information is preserved across the network with the help of the
detail-preserving skip connection

The last convolutional layer produces three channel output of rgb which directly corre-
sponds to the predicted clean image. The multi-scale design allows the network to cap-
ture complex spatial relationships while maintaining efficient computation for real-
world image restoration applications.

I. Model Training Configuration

During the optimization process, the proposed CAMSD-Net is trained by supervised
learning with all the noisy image patches and their corresponding clean reference ones.
A proper training configuration is used to guarantee stability and convergence of the
trained system, computational efficiency and repeatability of repeated experiments.Op-
timization of the network is performed with the Adam optimizer, which optimizes the
model parameters through backpropagation adaptively. An initial learning rate is used
for the sake of optimizing for convergence speed without compromising optimization
stability, and a mini-batch strategy is used to enhance the efficiency of GPU training in
memory usage.Training is done across several epochs to enable the network to see
many different real-noise patterns generated from thousands of image patches.

Gradient thresholding is introduced to increase stability in the optimization process
and smoothness in the updates of the parameters within the training process.During
optimization a separate validation dataset is used so that the learning behaviour can be
monitored without impacting the independence of the testing partition. The goal of
training is to reduce the difference between the predicted clean images and the corre-
sponding ground-truth targets by minimizing a pixel-level regression loss throughout
training.By fixing all optimization parameters during the experimental process, future
comparisons between different architectural variations can be done consistently, repro-
ducibly and in a scientific way.

J. Evaluation Framework

The last step of the suggested methodology is to create a standardized assessment struc-

ture to evaluate the proposed CAMSD-Net once trained with a model. For an adequate
9



¥ International Journal of Computational Research i Science and Technology
@ / F-ISSN: 3108-0871. Volume 2 Issue 3

Sep-Oet 2026, PP O1-1X

comparison of the performances of different denoising methods and architectural vari-
ations, a consistent evaluation protocol is necessary.The framework establishes a com-
mon test procedure, where each method is assessed based on the same independent test
data obtained during the image level partitioning process. Identical testing conditions
ensure that the results of the different experiments are not due to different input samples
or to preprocessing available in each experiment.Five quantitative image quality
measures are chosen as the main evaluation measures: mean squared error (MSE), root
mean squared error (RMSE), peak signal to noise ratio (PSNR), structural similarity
index (SSIM), and mean absolute error (MAE). These are all based on reconstruction
accuracy at the level of individual pixels, and structural similarity between the recon-
structed and reference images.

1. Mean Squared Error (MSE)

PN
MSE =~%,(I; - I}) (1)
2. Root Mean Squared Error (RMSE)
RMSE = +/MSE 2
3. Peak Signal-to-Noise Ratio (PSNR)
MAX?
PSNR = 10log;, (M) 3)
4. Structural Similarity Index (SSIM)
SSIM = @ulul+C,)(203+C2) (4)

Ui +uZ+C1)(of +0f +C2)

5. Mean Absolute Error (MAE)

The framework also includes numerical evaluation as well as patch-level comparisons
and procedures for conducting statistical analysis that can be applicable across model
versions. Implementing the evaluation protocol before the experimentation increases
the reproducibility of the experiment, allows for objective comparison of approaches,
and will provide a scientifically rigorous assessment procedure for future experiments
without evaluation bias.

IV. Result & Discussion

This section evaluates the proposed CAMSD-Net in the real-world image denoising of
smartphone images on the SIDD-Small SRGB dataset. The quantitative evaluation of
the proposed model is done using MSE, RMSE, PSNR, SSIM, and MAE. The results
are compared to the classical denoising methods and two versions of the proposed ar-
chitecture, CAMSD-Net V1 and CAMSD-Net V2. For all experiments, the test protocol
used consisted of 384 pairs of image patches, making the evaluations consistent and
reproducible.

Experimental Configuration
The proposed model was trained with a dataset of SIDD-Small SRGB which included
160 pairs of noisy and clean smartphone images. Prior to patch extraction the data set
was split into 70% training, 15% validation, and 15% testing. Each image produced
sixteen pairs of patches of 256 x 256 x size pixels. The 3 is converted to a testing set of

10
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384 patches. The training process was carried out for 30 epochs with the learning rate
of 0.001 and mini-batch size of 8.

Table Il. Experimental configuration for CAMSD-Net evaluation.

Parameter Value
Dataset SIDD-Small sRGB
Image Pairs 160
Train/Validation/Test | 112 /24 /24
Test Patches 384
Patch Size 256 x 256 x 3
Training Epochs 30
Optimizer Adam
Learning Rate 0.001
Batch Size 8

To make a fair comparison between all the denoising methods, the experiment was
conducted according to a standardized training condition and fixed testing protocol.

Classical Denoising Results

TFour traditional denoising methods: Gaussian filtering, Median filtering, Wiener fil-
tering, and Non-Local Means (NLM) were first compared with the proposed model.
These methods were used as benchmarks prior to testing the deep-learning framework.

Table I11. Performance Comparison of Classical Denoising Methods.
Method RMSE | PSNR (dB) | SSIM MAE
Noisy Input | 0.048014 | 28.5390 0.648801 | 0.036632
Gaussian 0.027633 | 33.2455 0.810441 | 0.020880
Median 0.033632 | 31.5337 0.762686 | 0.024934
Wiener 0.025234 | 33.9790 0.842260 | 0.018386
NLM 0.031774 | 34.4833 0.824815 | 0.023430

Compared to conventional methods, the Wiener filtering had the highest SSIM score
(0.842260), and NLM had the highest PSNR score (34.4833 dB). These results provide
significant traditional baselines to be used to compare with the proposed deep-learning
architecture.
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Fig. 2 Comparison on the fixed 384-patch test set.
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Fig. 3 SSIM comparison on the fixed 384-patch test set. The noisy-input SSIM shown
here uses the classical-baseline evaluation value.

CAMSD-Net V1 Results

The initial proposed network was compared to the original noisy images to assess its
performance with respect to direct clean image regression. The model has shown sig-
nificant improvement in all the metrics.

Table. IV Camsd-Net V1 Performance Compared With The Noisy Input.

Metric Noisy CAMSD-Net V1 | Improvement
MSE 0.00376649 | 0.00059051 —84.32%
RMSE 0.048014 0.022693 —52.72%
PSNR (dB) | 28.5390 33.5463 +5.0074
SSIM 0.648801 0.926875 +0.278074
MAE 0.036632 0.018585 —49.26%

The results showed that CAMSD-Net V1 could achieve a high quality of images and
significantly minimize the reconstruction error, indicating that it was possible to re-
move the real noise from the smartphone images directly from the clean image predic-
tion.

CAMSD-Net V2 Results

The second version of the proposed architecture added multi-scale feature refinement
and detail preserving learning, and kept the direct denoising framework. The highest
overall performance was obtained by CAMSD-Net V2 in the experiments that were
completed.

Table V. Camsd-Net V2 Performance Compared with The Noisy Input.

Metric Noisy CAMSD-Net V2 | Improvement
MSE 0.00376649 | 0.00032221 —91.44%
RMSE 0.048014 0.016248 —66.16%
PSNR (dB) | 28.5390 36.5564 +8.0174
SSIM 0.648801 0.925337 +0.276536
MAE 0.036632 0.012848 —64.93%
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The PSNR and error values of CAMSD-Net V2 were the highest and the lowest, re-
spectively, showing that more effectively real-world smartphone noise was suppressed
and high structural similarity was maintained.

CAMED R Wl ws W1

CARERD Wl DAMED W3

Fig. 4 CAMSD-Net V1 versus V2 PSNR.
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Fig. 5 Existing MATLAB plot of CAMSD-Net V2 PSNR improvement over the noisy
input.

CAMSD-Net V1 versus V2 Comparison

The two proposed models were directly compared with the same fixed testing protocol.
The comparison shows the improvements gained by implementing the improved multi-
scale architecture of CAMSD-Net V2.

Table VI. Performance Comparison Between Camsd-Net V1 and Camsd-Net V2.

Metric V1 V2 V2 -Vl
MSE 0.00059051 | 0.00032221 | —0.00026831
RMSE 0.022693 0.016248 —0.006446
PSNR (dB) | 33.5463 36.5564 +3.0101
SSIM 0.926875 0.925337 —0.001539
MAE 0.018585 0.012848 -0.005737

Additional patch-level analysis showed that:
1. PSNR improved on 356 out of 384 patches (92.71%).
2. PSNR decreased on only 28 patches (7.29%).
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3. MSE decreased by 45.44% compared with V1.

4. RMSE decreased by 28.41%.

5.  MAE decreased by 30.87%.

These enhancements were also confirmed statistically by both paired t-test and Wil-
coxon signed-rank test with statistically significant improvements in PSNR values and
a large practical effect was observed from Cohen's d = 1.2354.

V2 achieved a fairly small degradation in the average SSIM compared to V1, but it
achieved better pixel level restoration by reducing reconstruction errors and enhancing

PSNR in most of the test patches.

Qualitative Analysis

Ce—

-

Fig. 6 CAMSD-Net V1 worst test patch example: strong noise removal but remaining
error around fine structure.

Fig. 7 CAMSD-Net V2 worst test patch example (Patch 96): PSNR 24.33—27.18 dB
and SSIM 0.558—0.932.

The results of CAMSD-Net are shown qualitatively for the most difficult test patches
in V1 and V2 in Figures 5 and 6, respectively. For smartphone noise reduction,
CAMSD-Net V1 performs very well in suppressing the visible noise, as shown in Fig-
ure 5, with minor reconstruction errors in fine texture and curved edge areas. As shown
in Figure 6, the restored images obtained by CAMSD-Net V2 show a clearer and more
coherent image, with PSNR increasing from 24.33 dB to 27.18 dB, and SSIM from
0.558 to 0.932. The absolute error maps reveal that reconstruction errors are low
throughout in the smooth areas with the primary errors being manifested as minor re-
sidual errors in the edges of the images, and largely reflecting the increased error in the
mean RGB rather than a failure to reconstruct significant errors.
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G. Comparison with Published SIDD Methods

For comparison, a few published denoising methods, which were reported to have been
assessed in the context of SIDD, are compared to the proposed model. These are there-
fore only contextually valid comparisons, as the current work has a custom split of the
images into 112/24/24 with a fixed 384 patch testing protocol.

Table VII. Comparison with Published Sidd Methods.

Published method SIDD PSNR SIDD SSIM Relation  to
CAMSD V2

CVE-SID (S¥)[23] 34.71 0.913 Lower

AP-BSN + R3[24] 35.79 0.925 PSNR lower;
SSIM  nearly
equal

Noise2Variance[25] 34.91 0.915 Lower

CAMSD-Net V2 (this | 36.5564* 0.925337* -

work)

The highest PSNR (36.5564 dB) and a comparable SSIM (0.925337) in the adopted
experimental protocol give good evidence that CAMSD-Net V2 is superior at de-
noising. It achieves smaller reconstruction errors than published SIDD methods, while
maintaining the structural details, suggesting that its lightweight multi-scale convolu-
tional architecture has the ability to restore images from smartphone phones in the real
world more effectively.

H. Discussion

The experimental results show that the proposed CAMSD-Net can restore the real
world smartphone images corrupted by complex noises. The proposed network outper-
formed state-of-the-art denoising techniques in terms of PSNR and significantly re-
duced reconstruction errors, demonstrating its superior performance in restoring the
image at the pixel level. The multi-scale feature-learning strategy used in CAMSD-Net
V2 helped to achieve better noise suppression with high structural similarity. These are
the experimental findings which fulfilled the research objectives. First, they developed
a real-world image denoising system for the smartphone using the deep-learning frame-
work, which was called CAMSD-Net. The second goal (model evaluation on SIDD-
Small) was done by applying a standard experimental protocol with fixed training and
testing partitions. Last, the comparison with the conventional denoising method and the
comparison between CAMSD-Net V1 and V2 showed that the improved architecture
achieved a better denoising effect on the smartphone image dataset, while the denoising
effect was consistent during most of the test samples.

V. Conclusion

By using SIDD-Small sRGB dataset, this study successfully designed and tested
CAMSD-Net, which is a lightweight multi-scale convolutional neural network for real-
world image denoising on a smartphone camera. The proposed framework was system-

atically designed comprising of dataset validation, splitting of images at image level,
15
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extraction of patches from images, quality control, supervised learning and standard-
ized evaluation to guarantee reliable and repeatable experimentation. In contrast to tra-
ditional filter-based methods, CAMSD-Net directly maps noisy and clean images, and
can successfully remove the camera noise in complex real-world images while main-
taining important image structures and fine textures.

The experimental results showed that the best performance of the proposed CAMSD-
Net V2 (0.925337 PSNR, 0.016248 RMSE, 0.012848 MAE, 0.00032221 MSE) was
achieved. The model also gave superior PSNR result on 356 out of 384 test patches,
showing consistent performance over a variety of smartphone images. The comparative
analysis also demonstrated that the proposed architecture outperforms the conventional
denoising techniques when using the experiment conditions mentioned in the paper,
and also achieved significant improvements compared with CAMSD-Net V1 by im-
proving multi-scale features. In summary, the research goals were met, which show that
the CAMSD-Net is a reliable, efficient and effective approach to restoring a real-world
smartphone image at a high visual quality and with high structural fidelity.
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