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ABSTRACT

Image denoising is a substantial section in the preprocessing stage,
especially in medical images. This study proposed a hybrid denoising
model for salt-and-pepper removal in grayscale images. The framework
uses a U-Net convolutional neural network, modified to perform
preliminary denoising, and the Alternating Direction Method (ADM) to
refine the structure iteratively. A corrupted pixel location is first

determined using an adaptive thresholding scheme. The model is trained
with a composite loss function that combines pixel-wise reconstruction
accuracy (MSE) and perceptual similarity, as measured by the Structural
Similarity Index (SSIM). Tests conducted on benchmarks (e.g., Kodak24,
Setl4, DIV2K, and TID2013) show that the proposed method surpasses
traditional filters and state-of-the-art deep learning models, e.g.,
FFDNet and DnCNN. The quantitative results are Peak Signal-to-Noise
Ratio (PSNR) 32.45 dB, SSIM 0.92 against 30 percent salt-and-pepper
noise, and the average speed of inference is 6.2 ms, showing
improvements over baseline approaches in performance and appearance.
The main innovation is combining a noise-aware adaptive detection step
with a specially designed U-Net framework and ADM-sided refinement,
achieving better edge preservation and robustness to noise at any level.
The framework displays a high potential for use in medical imaging,
document recovery, and real-time surveillance.
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1. Introduction

The process of image denoising is an important part of the preprocessing pipeline of computer vision
and medical imaging, in which images should be of top quality in a bid to ensure that correct analysis
and decision-making takes place [1]-[3]. In most practical studies, images are often noisy due to sensor
characteristics, transmission noise, or environmental interference.

In this research, a structured form of salt-besides-pepper noise is considered, in which impulses are
no longer entirely random but exhibit spatial regularities (e.g., clumped pixels, streak-like structures, or
regionally concentrated impulse clusters). These structures are usually due to sensor saturation,
transmission bursts, or acquisition bursts. The structured form (unlike classical impulse noise) is
problematic for standard median/adaptive filters because clumped impulses bias local statistics, and
simple smoothing operations tend to blur edges and delicate textures. This drives a pipeline that
explicitly (i) localizes corrupted pixels, (ii) uses semantic refining, and (iii) uses optimisation-based
refining to maintain geometry in the presence of high-density, spatially correlated perturbations.
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The salt-and-pepper noise is one of the types of noise that is hard to fight in the sense that it is
random throughout the pixels of an image, with no pattern or trend, and cannot be suppressed without
the need to disturb significant structural information of the images [4]-[6]. Median and adaptive median
filters are traditional filtering methods used to suppress noise, particularly when noise densities are low.
Nevertheless, when corruption is high, these approaches are likely to oversmooth fine textures and edges,
so that they lead to visually impaired outputs [7]. Conversely, the use of deep learning techniques has
been shown to make much progress in ensuring structural information and restoring image details.
Although they show promising results, these models usually have many requirements on the
computational resources, and they do not always work well with various amounts of noise, hence their
limited application [8]. This is one of the most significant weaknesses of current denoising methods, as
they cannot achieve a perfect trade-off between noise removal and detail retention. Either the
conventional filters provide too much smoothing of the important features or too little attenuation of
the high-density corruption [9]. In the meantime, deep learning models are very potent in feature
extraction, but are treated as black box systems, meaning that, as such, there is limited interpretability
available, and it is problematic to trace the failures [10].

To overcome such issues, recent studies concentrated on what has been termed as hybrid frameworks,
which combine the data advantages of learning with the model features of optimisation methods [7].
Such strategies, inspired by methods that exist in both paradigms, seek to reap the rewards of each:
using the expressive power of neural networks in learning complex features, and enjoying the robustness
and (in some cases) theoretical guarantees enjoyed by mathematical optimization approaches [11].
Alternating Direction Method (ADM) has captured the attention of many people in image restoration
because it helps to solve constrained minimization problems efficiently [12]. ADM can especially reduce
non-smooth cost functions that can occur in TV-based methods, which are preferable as the smoothing
removes noise and yet keeps edge properties [13]. Still, variational approaches are known to perform
poorly when applied in situations where the noise pattern is heavy or can be characterised as a non-
uniform noise distribution [14]. This drawback underscores the need to incorporate deep learning and
ADM to improve adaptability and, consequently, denoising performance.

Salt-and-pepper noise, especially its organized subtypes (salt-and-pepper), has already been widely
researched using a range of techniques, including classical spatial filters, contemporary deep learning-
based methods, and hybrid architectures. First, median-based filters, including Adaptive Median Filter
(AMF), were implemented to weaken random impulse noise through local statistics computation with
the help of a moving window[15]. Such filters worked well when there was a low-noise problem;
however, excessive smoothing led to a loss of fine image detail and poor edge preservation at higher
noise levels.

To address these weaknesses, further adaptive filtering algorithms were developed, namely local-
statistics-driven algorithms and thresholding methods based on window area resizing, which enhanced
noise localization. Nevertheless, their ability to generalize to different image contexts was weak when
there was structured noise or clustered noise [16]. In addition, these techniques were not semantically
aware and could not leverage high-resolution image content, thereby limiting their ability to remove
noise in cluttered images.

The introduction of convolutional neural networks (CNNs) marked a significant shift in research on
image denoising. An architecture like DnCNN, built on residual learning and hierarchical feature
extraction, was able to discern noise and content and achieved higher Peak Signal-to-Noise Ratio
(PSNR) and SSIM values against a background of Gaussian or impulse noise [17]. Specifically, when
applied to the field of grayscale medical images, in which structural preservation is essential, U-Net-
based models that used skip connections between the encoding and decoding paths proved highly
effective [18]. Although these models were successful in many cases, they often required large training
data sets, were difficult to interpret, and did not generalize well to novel noise behaviors, particularly
spatial correlation or non-random distributions [19]. Some of these limitations were addressed by
optimization-based methods that explicitly formulated edge-preserving constraints in the denoising
framework, in particular, Total Variation (TV) minimization and its variants [20]. The algorithms were
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mathematically rigorous and included convergence guarantees, but they were prone to artefacts, which
include staircasing in smooth areas and parameter sensitivity. An Alternating Direction Method (ADM),
which is a potent solver for constrained optimization problems, became a robust alternative, allowing
one to perform iterations to improve the solution and decouple complex cost functions [21]. However,
as a stand-alone model, ADM did not achieve feature representation power comparable to that of data-
driven approaches and showed negative responses to sensing different noisy conditions. Such a
dichotomy gave rise to hybrid frameworks that merge deep learning and mathematical optimization to
leverage both paradigms. These frameworks have shown great promise, especially in cases of impulse
noise. New hybrid CNN methods have incorporated variational priors, multiscale attention, and even
post-processing adversarial techniques to improve visual realism and structural fit. Such models have
addressed sensitivity to blurred edges or noise residuals, and over-smoothing, by injecting domain
knowledge into the learning pipeline via regularization or refinement modules [22], [23].

In contrast to generic Gaussian-oriented hybrid models, the framework presented in this paper was
highly customized to address salt-and-pepper noise in grayscale images. This topic has received less
attention but is highly practical. It was also built using the three-stage shaping that included (1) an
adaptive thresholding module that specifically calculated the detection of noise-affected pixels utilizing
the local statistical variance, (2) a modified U-Net that specifically initially denoised semantically, and
(3) an ADM-based denoising phase that specifically enforced consistency relating to structure and edge
awareness. This pipeline enabled dynamic processing of different noise densities, efficient convergence,
and low computational latency. Also, the same model was evaluated on four benchmark datasets with
varying content and complexity, achieving strong performance compared to traditional filters and more
recent deep learning baselines. Table 1 describes the comparative analysis of the main previous methods
according to the noise densities they can be applied to, their quantitative indicators, Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM), and technicalities. It also discusses how the
proposed framework serves as an excellent-performing solution across both objective and perceptual
evaluation criteria.

Table 1. The comparison of the related studies

Related works comparison

Method Noise Image PSNR Edge Real-
IM Limitati
Type Type (dB) SS. Pres. Time imitation Summary
Adagtlve Median S&P Grayscale  28-32 0.85 Low v Blurs edge.s at high
Filter [15] density.
Gaussian, . Needs a large dataset, less
DnCNN [17] S&P Color 32-38 0.96 Medium X adaptable
TV Minimisation Mixed Grayscale 30-35 0.88 Medium X Stalrcasmg in smooth
[20] regions
Transformer + Impulse Grayscale 33-40 0.97 High X High compute cost

Deep Priors [22]

This research has the following contributions:

¢ A unified denoising model that jointly executes (i) adaptive thresholding to localize noise, (ii) a
modified U-Net to execute semantic denoising, and (iii) an ADM-based refinement to enforce
total-variation regularization to preserve edges and delicate structures under structured impulse
noise.

e A hybrid loss that combines pixel fidelity (MSE) and perceptual similarity (VGG-19 features) that
has a tradeoff between quantitative accuracy and perceptual quality.

o The experiments on Kodak24, Set14, DIV2K, and TID2013 provide PEAK SIGNAL-TO-NOISE
RATIO (PSNR)/SSIM and inference time information, and document consistent improvements
over classic filters and even compete with CNN baselines, and still provide real-time inference.
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e The simulation environment and dataset splits are provided, making it easy to reproduce the
results and compare them fairly.

e The hyperparameters used in the simulation make it straightforward to reproduce the results and
make a fair comparison.

Paper organisation as follows: Section 2 describes the method that the suggested pipeline (adaptive
detection, modified U-Net, ADM refinement) and the training goal. Section 3 presents the
quantitative/qualitative findings, ablations, and a discussion of the deployment. Section 4 includes
limitations and future work.

2. Method

In this work, we introduce a new hybridisation technique of deep learning and the Alternating
Direction Method (ADM) to enhance salt-and-pepper noise removal in grayscale images. The given Fig.
1 demonstrates the entire flow of the proposed system, and the nomenclature in Table 2 was used in the
paper. Our approach combines three important components of adaptive thresholding to locate the noise,
a particular variant of the U-Net architecture for partial denoising, and ADM to refine the edges and
texture detail, unlike the typical solutions. The proposed pipeline would leverage the strengths of both
data-driven and model-based approaches to achieve better denoising performance while maintaining
computational efficiency. The framework aims to address the shortcomings of stand-alone approaches
and to deliver more consistent results across a wide range of noise levels through mathematical
optimisation and deep feature extraction. To present a visual graphic picture of the hybrid noise-
reduction process.

Noisy Image

l

Deep Convolutional
Neural Network
Deep CNN

l

Optimization Problem
min TV (u) + Fidelity(u,f)

l

Alternating Direction Method
Iteration k

-~

Update u
vl =uF—a,-v, LK)

!

Update z

Iterate until| | zk*1 = argmin A7, + (|12
Convergence

Final Denoised Image

!

Ufinas X=0W x + b

Fig. 1. Mixing Deep Learning with ADM for Grayscale Image Denoising
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The architecture is divided into three formal components: noise detection via adaptive thresholding,
an initial denoising stage using a modified U-Net based on convolutional neural networks, and final
denoising via the Alternating Direction Method (ADM). The flowchart also highlights a systematic
interplay between data-driven and model-based blocks, exemplifying the role of each block, such as
feature extraction, loss function integration, and optimisation loops. Also, the diagram includes the most
important mathematical formulations at different stages, enabling the edge-preserving, detail-aware
denoising process to be applied to grayscale salt-and-pepper-corrupted images. This block diagram can
be used to explain functional reasoning and the reshaping of the input image (the signal) following the
denoising pipeline. Although existing studies have identified hybrid denoising, CNNs, and optimisation-
based approaches, the proposed framework presents a previously unexplored three-stage combination.
In this case, targeted noise localisation was performed using adaptive thresholding, semantic denoising
with a structurally modified U-Net, and an optimised refinement module based on ADM refinement
within the augmented Lagrangian formulation. In comparison to previous models, it provided dynamic
trade-offs between perceptual and pixel-wise objectives, scaling to various levels of noise without
reconfiguration, and real-time inference efficiency. It was not a naive combination of existing modules

and was an engineering process that achieved better edge preservation within a reasonably computable
system.

Table 2. Nomenclature of Symbol and terms used in this paper

cSymbol / Unit / Type Description
Term
ol Pixel intensity matrix Input noisy grayscale image
L1 Pixel intensity matrix Denoised image (predicted or final output)
gtl Pixel intensity matrix Ground truth clean image
M Binary matrix (0/1) Binary mask for noisy pixels (adaptive thresholding)
D Pixel intensity matrix Output of the modified U-Net network
zZ Matrix Auxiliary variable in ADM
U Matrix Dual (Lagrange) variable in ADM
B Scalar Penalty parameter in augmented Lagrangian
IV Matrix I Gradient of image
t Integer Iteration index in ADM loop
€ Small positive scalar Convergence tolerance for ADM iterations
w Size (e.g., 5% 5) Window used for local statistics
wu Scalar w Local mean of intensities in window
w0 Scalar w Local standard deviation in window
T Scalar Adaptive threshold value
X Index (integer) Pixel location index
0 Vector / Tensor CNN parameters (weights & biases)
a Scalar Learning rate for optimizer
MSE £ Scalar Mean Squared Error loss
Perceptual £ Scalar Perceptual loss (VGG-19 features)
L Scalar Composite total loss function
244,41 Scalars Weights for MSE and perceptual loss
F| - Scalar Frobenius norm
TV - || Scalar Total Variation norm
PSNR dB Peak Signal-to-Noise Ratio
SSIM Unitless (0-1) Structural Similarity Index
MSE Scalar Mean Squared Error
CNN Deep learning model Convolutional Neural Network
Deep learning Encoder-decoder CNN with skip connections
U-Net .
architecture
ADM Optimization technique Alternating Direction Method
HB-MCNN Proposed model Hybrid Backpropagated Mask Convolutional Neural
Network
IoT Concept Internet of Things
.GPU Mem MB GPU memory usage during inference
Runtime ms Inference time per image
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This paper proposes a hybrid image denoising network based on adaptive thresholding, combining a
modified U-Net model and the Alternating Direction Method of Multipliers (ADMM) to improve salt-
and-pepper noise suppression in grayscale images. The workflow comprises three major parts: noise
identification, preliminary denoising using deep learning, and denoising with an ADM. The working
idea of this method is to retain small details while successfully reducing high-density impulse noise. The
initial step involves localizing corrupted pixels, which is accomplished via adaptive thresholding that
determines thresholds based on local image statistics. The images are pre-processed by sliding a small
window w through the image and creating a binary mask M according to the comparison between the
value of each of the pixels and that of the mean and the standard deviation of the neighbourhood within
the sliding window. A rule called the adaptive thresholding rule, as in (1).

1 I ) <uy—k-o,
M@, ) =41 ifI(i,j) > py + k-0, (1
0 otherwise

where I(i, j)represents the intensity value of the pixel located at coordinates (i, ), while y,, denotes
the local mean intensity within the selected window surrounding that pixel. The term g, corresponds
to the local standard deviation computed over the same window, capturing variations and contrast in the
neighbourhood. The parameter k, set to 1.5 in our experiments, functions as a sensitivity constant that
adjusts the influence of local intensity fluctuations on the final computation.

This binary mask M marks the locations of potentially noisy pixels for further processing.
Preliminary Denoising via Modified U-Net. In the second stage, a modified U-Net architecture performs
initial denoising. The network consists of an encoder-decoder structure with skip connections to
preserve spatial information. Each encoder block applies a convolution followed by a LeakyReLU
activation:

Fy=o(W,*F_; + by) 2

In this context, W denotes the convolutional kernel applied at the layer [, while b; represents the
corresponding bias term, initialised using the He method to ensure stable gradient flow during training.
The activation function o refers to the LeakyReLU nonlinearity, which allows a small, non-zero gradient
for negative inputs to mitigate the dying ReLLU problem. The symbol * signifies the convolution
operation used to extract spatial features from the input at each layer. The decoder reconstructs the
image from compressed features using up-sampling and concatenation with corresponding encoder
outputs. A composite loss function is used to train the network, combining Mean Squared Error (MSE)
and perceptual loss derived from VGG-19 features:

Ltotal = 2-1 : LMSE + 2-2 : Lperceptual i (3)

where the loss function consists of two main components. The mean squared error term Lyg =

N

1 2 . . . . .

5 E ' 1||Ipred (x;) — Igt(xi)” measures the pixel-wise difference between the predicted image I;.qand
l=

the ground truth image I,. The perceptual loss term Lyerceprual = ;z |VGG(Ipred) -
CWH L (cwp

VGG (Igt) |evaluates higher-level feature discrepancies by comparing the VGG-extracted feature maps of

both images across all channels, widths, and heights. The weighting coefficients 4; = 1.0and 4, =

0.2 balance the contributions of the MSE and perceptual losses, respectively. Here, I,;cq refers to the
reconstructed or predicted image generated by the model, while I, denotes the corresponding ground
truth image.

After empirical sensitivity analysis, the perceptual loss weight A 2 was initialised to 0.2. Experiments

were conducted preliminarily by varying A2 € (0.1, 0.2, 0.5), yielding the best trade-off was obtained
by using 0.2, which maximised the effect of perceptual similarity and minimised the Peak Signal-to-
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Noise Ratio (PSNR), whereas a smaller 0.2 decreased semantic guidance and generated oversmoothed
textures. This balance is in line with the hybrid perceptual fidelity design in the recent literature [24].

The model is trained by means of the Adam optimiser with a learning rate of 1 X 10™%, batch size
of 8, and 100 epochs. The dataset is split into 80% training, 10% validation, and 10% testing. The
final stage employs the Alternating Direction Method (ADM) to refine the output of the deep learning
module. ADM solves the following constrained optimisation problem:

min||I = DI|Z + A||VI|, (4)

where denotes the denoised image produced by the deep learning module, while I represents the final
refined image obtained after the optimisation process. The parameter A serves as a regularisation weight
that balances fidelity to the denoised image and the smoothness imposed by the regularizer. The term
Il prefers to the Frobenius norm, which measures the reconstruction error between Iand D, whereas
I VI |lycorresponds to the total variation (TV) regularisation that encourages piecewise smoothness
while preserving important edges in the refined image.

To solve this efficiently, we use the augmented Lagrangian formulation:
Ly= ||I—D||,%+A||VI—z+u||1+§||VI—Z||,2¢ (5

where z serves as an auxiliary variable introduced to decouple the objective into simpler subproblems,
while u represents the dual variable that enforces consistency between the primal and auxiliary terms.
The parameter p acts as a penalty coefficient that controls the strength of the constraint imposed during
optimisation. The solution is obtained through an iterative procedure in which each update step
alternates between solving the corresponding subproblems, progressively refining the variables until
convergence.

subproblem:

1+ = arg min (||I - D||% +§||VI —z® + u(t)”i)ﬂ (6)
z-subproblem:

z(*D = arg min ()L||Z||1 +§||Vl(t+1) -z+ u(t)”i) @)

Solved via soft-thresholding:

72D = sign(VIEHD + u®) - max (|V1(t+1) +u®| - %, 0) (8)
Dual Update:
u(t+1) — u(t) + (VI(t+1) _ Z(t+1)) (9)

These updates are repeated until convergence or until the maximum number of iterations (set to 20
in our experiments) is reached. The layout of the proposed hybrid denoising framework has been
adequately described in several tables, which are critical. The simulation environment, as well as training
parameters, which include the usage of the BSD500 grayscale subset dataset, the size of the image used,
the types and densities of the noise added, the preprocessing steps involved, deep learning framework
(PyTorch), GPU specifications (NVIDIA GeForce RTX 3060), network architecture (Modified U-Net
with skip connections), activation function (LeakyReL.U), optimizer (Adam), and learning rate (1 x107%),
are described in Table 3, batch size (8), number of epochs (100), the validation interval (5 epochs), loss
functions (MSE + Perceptual Loss), and evaluation data (Peak Signal-to-Noise Ratio (PSNR), SSIM,
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MSE). The split strategy for the dataset and its use are elaborated in Table 4, which specifies using 400
images for the training split, 50 for the hyperparameter tuning split, and 52 for the performance
evaluation split. This guarantees a structured process of model development and verification.

Table 3. Simulation Environment and Training Parameters

Parameter Value / Description
Dataset BSD500 grayscale subset
Image Size 512 x 512 pixels
Noise Types Salt-and-Pepper Noise
Noise Densities 10%, 30%, 50%, 70%
Preprocessing Normalized to [0,1] range
Deep Learning Framework PyTorch
GPU Used NVIDIA GeForce RTX 3060
Network Architecture Modified U-Net with skip connections
Activation Function LeakyReLU
Optimizer Adam
Learning Rate 1x10-4
Batch Size 3
Epochs 100
Validation Frequency Every 5 epochs
Loss Function Composite: MSE + Perceptual Loss
Loss Weights A1=1.0(MSE),»2=0.2(Perceptual)
Evaluation Metrics PSNR (dB), SSIM, MSE

Table 4. Dataset Split and Usage

Dataset Split Number of Images Purpose
Training 400 Model training
Validation 50 Hyperparameter tuning
Testing 52 Performance evaluation

Table 5 provides details of the constituent parts of the composite loss function, including the MSE
Loss (pixel-wise reconstruction error) and the Perceptual Loss (semantic content preservation using
VGG-19 ReLU-2_2 features), two essential elements for balancing quantitative accuracy and qualitative
picture quality. Table 6 shows the progress of training models on different epochs, that is, how the Peak
Signal-to-Noise Ratio (PSNR) values have improved with different epochs with training data and
validation data. In this table, the model's convergence behaviour and generalizability across various levels

of noise are highlighted.

Table 5. Loss Function Components

Loss Component Equation Description
MSE Loss Eq. 3) Pixel-wise reconstruction error
Perceptual Loss Eq. (3) Semantic content preservation using VGG-19 ReLLU-2_2 features

Table 6. Learning Curve Example (PSNR vs. Epochs)

Epoch Training PSNR Validation PSNR
10 22.3 dB 21.5dB
25 26.1 dB 25.7 dB
50 29.4 dB 28.9 dB
75 31.2dB 30.8 dB
00 32.5dB 32.1dB

The use of the Alternating Direction Method (ADM) [25] in the proposed hybrid framework of
image denoising (Fig. 2) is justified by the high level of theoretical maturity of the research related to
the solution of constrained optimization problems. The efficiency of solving the tasks of image
restoration with the help of the ADM. ADM is specifically adapted to the issues that demand non-
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smooth cost functions, something that is encapsulated in total variation (T V)-based regularization,
which is crucial in enhancing the edge structures as well as eliminating noise [19].

Algorithm 1. Hybrid Denoising Framework

Input: Noisy grayscale image Io

Output: Refined denoised image I

1: M « AdaptiveThresholding(l,) # Eq. (1), noisy pixel mask
2: D « Modified U-Net(I,) # Eq. (2-3), preliminary denoising
3: Initialize ] «— D, Z <« 0,U « 0

4: for t = 1 to max_iterations do

5: I« Update_I(D, Z, U) # Eq. (6)

6 7.« SoftThreshold(VI + U) #Eq. (8)

7. UeUs+VI-2) #Eq. (9)

8 if residual < ¢ then break

9: end for

10: return I

Fig. 2. Hybrid Denoising Framework Algorithm

Fig. 3 shows the flowchart of this study. ADM is quite robust to ill-conditioned systems, and unlike
classical gradient-based optimisers such as L-BFGS or conjugate gradient, it can decompose a complex
optimisation problem into simpler subproblems that can be solved iteratively, thereby making ADM
computationally efficient. This feature is particularly useful for salt-and-pepper noise, in which the
corrupted pixels are sparsely distributed, and reconstruction requires accurate estimation without artefact
generation and the loss of fine details.
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# Hybrid Denoising Algorithm Pseudocode
defhybrid_denoising(noisy_image):
# Step 1: Noise Detection
M = adaptive_thresholding(noisy image) # Eq. (1)
# Step 2: Deep Learning Denoising
D = modified_unet(noisy_image) # Trained on BSD500
# Step 3: ADM Refinement
I = initialize_solution(D)
z = initialize_dual variable()
u = initialize_dual_variable()
for t in range(max_iterations): # e.g., max_iterations = 20
# Solve I-subproblem
I=update I(D, z,u) #Eq. (6)
# Solve z-subproblem
z=soft_thresholding(grad(l) + u) # Eq. (8)
# Update dual variable
u=u+ (grad(l) - z) #Eq. (9)
# Check stopping condition
if residual < epsilon:
break
return I # Refined image

(b)

Fig. 3. The flowchart of the proposed algorithm (a), and the Hybrid Denosing Algorithm (b)
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The ADM variant applied in the current study implements an augmented Lagrangian formulation,
which guarantees convergence and stability with respect to refinement, even when refined in a way that
initialises it using the output of a deep learning model with residual noise or estimation errors. Moreover,
ADM makes integration of multiple constraints, e.g. sparsity of the gradient domain and similarity to
the initially denoised image, seamless, which makes the restored image more valuable [20]-[23]. It is
more interpretable and more controllable than some other prominent alternatives in deep learning
optimisation, such as stochastic gradient descent (SGD) or Adam, since it satisfies both objectives:
producing quantitatively good metrics (Peak Signal-to-Noise Ratio (PSNR), SSIM) and aesthetically
pleasing results.

On the one hand, deep learning models perform better at feature extraction and generalisation across
a range of noise levels; however, their analysis cannot explicitly account for structural constraints,
whereas ADM can fill this gap with its mathematically motivated updates. Accordingly, the selection of
ADM is not justifiable with its capacity to refine deep learning outputs efficiently, but also can fit the
physical nature of image degradation and restoration process; therefore, it is more principled as compared
to data-driven models [24], [26]—[31].

Fig. 4 shows a visual comparison of the initial grayscale image, its noisy version with structured salt-
and-pepper noise, and the results from both a baseline denoising procedure (DnCNN) and the current
hybrid system. Though DnCNN filters the intensity of noises to a considerable extent, it over-smooths
important edges. On the contrary, the suggested approach is quite successful in terms of its noise
suppression and ability to capture small-scale structural details, substantiating its high perceptual quality
and edge-awareness.
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Fig. 4. Graphical Difference on Circular Gradient Image with Structured Noise: (a) Original, (b) Noisy, (c)
DnCNN Output, and (d) Proposed Method

To provide a fair evaluation of computational efficiency and resource use, Table 7 summarises the
inference time and GPU memory consumption for all baseline and proposed models. The analysis was
performed on the same hardware (NVIDIA RTX 3090) using 256 x 256 grayscale test images. These
findings show that Transformer-based models are slightly better at reconstruction quality, but they are
disadvantaged by higher computational cost and would be impractical to implement in real time. The
developed dual-phase hybrid framework has the lowest inference time and moderate memory use,
making it feasible for edge and IoT applications.
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Table 7. Comparison of Denoising Models in terms of runtime and memory usage.
Inference Time GPU Memo
Model . Remarks
(ms) (MB)
Median Filter [24] 2.1 50 Fast but oversmooths textures
TV Minimization [20] 18.5 120 Good edge retention, not real-time
DnCNN [17] 9.4 310 High quality, moderate latency
FFDNet [17] 7.8 280 Slightly faster with good fidelity
Transformer-based [22] 28.5 1200 High cost; unsuitable for IoT deployment
Proposed Hybrid Fastest among learning-based methods; real-
6.2 340 . .
Framework time feasible

In order to further support the usefulness of the suggested framework, Fig. 5 compares (on a side-
by-side basis): (i) the noisy input, (ii) the output of Median, TV-Minimization, and DnCNN baselines,
(iii) the output of the proposed hybrid method. Observations indicate that although the baseline
methods make the impulse smaller, the methods either smooth out edges or produce residual structure
noise. Comparatively, the proposed approach is more preserving of fine structures (e.g., edges, corners,
and textures), and reduces thick salt-besides-pepper artefacts, which proves a perceptual advantage of

the proposed approach.

Noisy Input Median Filter DnCNN Baseline* Proposed Hybrid

(a) (b) (©) (d)
Fig. 5. Visual comparison of denoising results underneath structured salt-besides-pepper noise (30% density)
across dissimilar methods: (a) Noisy Input, (b) Median Filter, (c) DnCNN Baseline, and (d) Proposed
Hybrid Outline.

The visual evidence proves that the Median filter is suppressed by random impulses, although, at the
same time, it reduces edges and fine details. The DnCNN baseline removes noise, but leaves behind
structured artefacts, particularly on edges. Conversely, the hybrid framework is found to eliminate high-
density salt-besides-pepper noise in addition to maintaining structural integrity and sharpness, resulting
in images of a better perceptual quality.

3. Results and Discussion

To assess the success of the suggested hybrid denoising framework, its key challenge was to compare
it with the current state-of-the-art models, both those presented and those using deep learning. The
existence of multiscale feature extraction patterns and the utilisation of residual learning have made
DnCNN, a generic convolutional network that performs residual learning, quite successful for denoising
tasks involving Gaussian and mixed noise. It was, however, not sensitive to highly structured and
localized patterns of impulses like salt-besides-pepper noise, resulting in residual noise artifacts in region
of edges. Another deep CNN-based FFDNet showed better flexibility and speed by using noise-level
maps as inputs, thereby enabling adjustment to varying noise levels. However, it would tend to produce
worse results in grayscale images with dense or non-uniform distributions of noise because limited
modelling of spatial context was used. Furthermore, DnCNN and FFDNet were mainly based on pixel-
wise losses (e.g., MSE), which were not adequate for retaining the perceptual quality of the edge surplus
areas. Comparatively, the proposed technique employed semantic-aware denoising via an enlarged U-

Net and structural enhancements via the ADM-based optimisation loop. This dual-layer structure
e—
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allowed it to selectively suppress noises whilst maintaining edge geometry, which was a major weakness
of most CNN-only architectures. Furthermore, the offered model employed a hybrid loss that combined
perceptual similarity (via VGG features) with MSE, resulting in improved structural integrity and
appearance. Transformer-based models and attention-driven U-Nets [22], [23] are better in terms of
PSNR and SSIM on specific benchmarks. But they are far more expensive to compute and to store in
memory, and are not as suitable for real-time or embedded use. The suggested hybrid framework is not
the absolute best, but it balances accuracy, edge preservation, and inference efficiency. This tradeoft
renders the approach appealing to resource-heavy situations like IoT and medical preprocessing pipelines.
The notations adopted during the mathematical representation of the proposed model are represented
in Table 6. It makes the nature of every variable, loss functions, and optimisation parameters evoked in
adaptive thresholding, U-Net and ADM steps evident. Table 8 provides a thorough comparison between
the proposed approach and other baseline models, such as more classical filters, CNN-based denoisers,
and more modern methods of combining several different frameworks. PEAK SIGNAL-TO-NOISE
RATIO (PSNR), SSIM, edge preservation and inference time serve as metrics; a global representation
of how well a model will perform and be deployable in practice. To confirm the improvements in
performance, two-tailed t-tests under the statistical significance testing were used. Table 8 illustrates the
p-values of the hypothesis of each of the proposed methods against existing models with the significance
level at 0.05.

Table 8. Comparative Summary of Existing Denoising Methods and Their Limitations

Noise Density PSNR

Key Approach Range (dB) SSIM Limitations
Adaptive Median Filter [15] Up to 70% -28-32 0.85-0.90 Blurs edges at high noise levels
Adaptive Threshold + Local Up to 80% -30-34  0.88-0.93 Poor performance on
Filtering [16] structured/clustered noise
DnCNN [17] Up to 90% -32-38 0.90-0.96 Requires a large dataset; weak on
structured noise
Selective U-Net [18] 30%-90% (S&P) -31-36 0.89-0.95 Sensitive to unseen structured
noise
Total Variation Minimization Mixed Impulse + -30-35 0.88-0.93 Staircasing artefacts in smooth
[20] Gaussian regions
ADM (optimisation only) [21] Up to 70% -29-33 0.86-0.91 No semantic awareness; parameter
tuning needed
Transformer-based Denoiser 10-95% (Impulse) 33-40 0.92-0.97 Very high computational cost
[22]
Attention U-Net + Variational Up to 95% 34—42 0.93-0.97 Requires a powerful GPU; not
(23] edge-device friendly
Proposed Hybrid Model 10-95% (S&P- 32.45 0.92 Efficient but currently grayscale
besides) only

To complement objective measurements with human sense, Table 9 presents the result of a subjective
measure of visual quality on a MOS basis via several expert raters evaluating the image quality in a
spectrum of denoising techniques. Thus, the quantitative measures PEAK SIGNAL-TO-NOISE
RATIO (PSNR) and SSIM were not the only factors by which the comparative processing was assessed,
as much importance was also put on the aspect of architectural transparency, edge retention, and real-
time possibility. Among the chosen benchmarks (DnCNN, FFDNet, TV-Minimisation), the
methodology approaches used were also representative of important categories: deep learning, hybrid
learning, and optimisation-based approaches, providing a balanced state-of-the-art comparative scenario
in which to observe the relative superiority of the proposed model.

The proposed hybrid framework provided competitive performance, as shown in Table 10, based on
both objective metrics and edge retention. Transformer-based and attention-driven models gave a better
result than proposed by a small margin in PSNR and SSIM; however, the computational time and
memory consumption were too high to be used in real-time or even embedded applications. The
proposed model, however, achieved a good trade-oft between denoising accuracy and inference efficiency.
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Its edge preservation score was comparable to that of sophisticated architecture, indicating the
performance of the ADM-based refinement. These findings indicate that the considered framework
offers high-quality denoising and practical deployment benefits, surpassing the high-capacity models
recently developed. To avoid the possibility of a chance or data-specific eftect, statistical significance
tests were used to demonstrate the relevance of the reported gains in denoising performance. Precisely,
the two-tailed paired t-test was used to compare the PSNR and SSIM values of the proposed hybrid
model with the baseline approaches of DnCNN, FFDNet, and the Transformer-based denoiser.

Table 9. Unified Performance Comparison Across All Metrics

Method PSNR SSIM Edge Preservation Inference Time (ms)
Median Filter [15] 24.30 0.74 0.68 2.1
Adaptive Median [15] 26.42 0.79 0.71 23
TV Minimization [20] 27.88 0.82 0.76 18.5
DnCNN [17] 30.15 0.87 0.85 9.4
FFDNet [17] 30.91 0.89 0.87 7.8
Transformer-based Denoiser [22] 33.40 0.94 0.90 28.5
Attention U-Net + Variational Refinement [23] 34.20 0.95 0.91 24.7
Proposed Hybrid Framework 32.45 0.92 0.91 6.2

Table 10. Statistical Significance Analysis (Two-tailed Paired t-test Results)

Comparison Metric  p-value Statistical Significance (o = 0.05)
Proposed vs. DnCNN PSNR 0.008 Significant (V)
Proposed vs. DnCNN SSIM 0.015 Significant (V)
Proposed vs. FFDNet PSNR 0.032 Significant (V)
Proposed vs. FFDNet SSIM 0.041 Significant (V)
Proposed vs. Transformer-based Model PSNR 0.082 Not Significant (X)
Proposed vs. Transformer-based Model SSIM 0.064 Not Significant (X)

The null hypothesis was that there exists no significant difference between the proposed model and
any of the comparators, and the alternative hypothesis assumed that the proposed model yields
statistically significant denoising results. The significance level of 95 percent was employed (alpha =
0.05). Statistical analysis indicates that the gains of the network framework presented in this paper over
conventional deep learning methods, including DnCNN and FFDNet, are statistically significant (p <
0.05) in terms of PSNR and SSIM. Nevertheless, the superiority of the considered technique compared
to the Transformer-based denoiser was not significantly different at the 95 per cent level. This implies
that, though the proposed model is competitive, whether it exceeds the high-capacity Transformer
models would also be dataset or task-specific. Still, the offered approach has its benefits regarding
computational efficiency and supplemental evaluation measure of the objective metrics (PSNR and
SSIM), a subjective assessment based on the Mean Opinion Score (MOS) protocol was used to quantify
the perceived quality and visual fidelity of images. The annotations were made by 12 human raters with
experience in computer vision and image processing. A separate peer was required to score each of the
five competing methods in denoising (Median Filter, Total Variation Minimisation, DnCNN, FFDNet,
and the proposed hybrid framework) independently, with a scale of 1 (poor quality) and 5 (excellent
quality).

To avoid bias, 40 test images were randomly selected (10 images each) from each dataset (Kodak24,
Set14, DIV2K-subset and TID2013) in a randomised blind study. The raters were also advised on the
policy to emphasise clarity, sharpness of edges, naturalness, and the absence of noise artefacts during
scoring. The average rating across all participants and images was calculated for each method as the final
MOS. As can be observed in Table 11, the proposed hybrid framework registered the highest MOS score
(4.7 allied with 0.18), which indicates the high popularity by the user and convergent visual quality.

It is worth noting that the standard deviation was minimal compared to the other methods,
indicating a high level of agreement among the competitors. Transformer-based models performed a bit

Witefee and Al-kbaraz (A dual-phase hybrid framework for real-time grayscale image denoising in structured noise)



649 International Journal of Advances in Intelligent Informatics ISSN 2442-6571

Vol. 11, No. 4, November 2025, pp. 636-652
EEE———

better on average (MOS 4.5 +/- 0.26), but the presented model consistently outperformed them in edge
preservation and noise reduction. Such subjective findings are quite comparable to objective
measurements and confirm the practical appeal of the method for real-world denoising tasks. To have a
complete assessment of possible denoising eftects of the proposed framework, Fig. 6 shows a dual-metric
paired comparison, where the PSNR and the SSIM values are measured for several classical and deep
learning-based approaches. Fig. 6 shows the PSNR, an indication of the fidelity of the restored images,
and the orange line shows the SSIM, a measure of perceptual fidelity.

Table 11. Human Subjective Evaluation via Mean Opinion Score (MOS)

Method Mean Opinion Score (MOS) Standard Deviation
TV Minimization [20] 3.1 0.48
DnCNN [17] 4.2 0.32
FFDNet [17] 4.4 0.29
Transformer-based [22] 4.5 0.26
Proposed Method 4.7 0.18

As shown, the proposed algorithm achieved better results than the conventional ones, with
competitive performance compared to new deep architectures and balanced reconstruction and structural
integrity, as seen in Tables 10, 11, and 12.

PSNR and SSIM Comparison Across Denoising Methods
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Fig. 6. Comparative PSNR and SSIM Performance of Denoising Techniques on Grayscale Images Corrupted by
Structured Noise (X-axis: Denoising Methods, Y-axis: PSNR (dB)/SSIM)

To validate the contribution of each component, ablation experiments were conducted (Table 12).
Results confirm that: 1) Modified U-Net only significantly improves PSNR/SSIM but leaves structured
residuals; 2) U-Net + ADM improves edge preservation by enforcing structural constraints; and 3) Loss
design (MSE vs. MSE+Perceptual) shows that semantic guidance via perceptual loss enhances SSIM
without compromising PSNR.

Table 12. Ablation Study on Proposed Framework

Configuration PSNR (dB) SSIM

U-Net only (MSE loss) 30.8 0.88
U-Net + ADM (MSE loss) 31.6 0.90
U-Net (MSE + perceptual) 31.9 0.91
U-Net + ADM (MSE + perc.) 32.45 0.92

These results indicate that both ADM refinement and perceptual loss play complementary roles in
achieving high-quality denoising under structured salt-besides-pepper noise. The hybrid framework
E—
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that has been proposed was built keeping computational efficiency as well as scalability in consideration,
which guarantees that the hybrid can be practically deployed on both real-time and embedded platforms.
Its comparatively low inference latency (about 6.2 ms per 256x256 image), besides a medium-size
footprint on the GPU memory (about 340 MB), makes it suitable for deployment at the edge on devices
like NVIDIA Jetson Nano, Raspberry Pi 4 with TPU support or mobile AI accelerators. The proposed
design is able to perform with low power and memory requirements and achieve high perceptual and
quality scores (PSNR > 32 dB, SSIM 0.92), unlike Transformer-based models that need over 1 GB of
VRAM and have high latency. Besides, the dual-phase architecture would enable denoising and
optimisation to be decoupled, and therefore, the ADM refinement step can be performed asynchronously
or offloaded to cloud or fog servers to save additional on-device processing time. The following properties
prove the applicability of the proposed framework to Internet-of-Things (IoT) setups, remote sensing
nodes, and low-power medical imaging systems, where the accuracy and real-time responsiveness are
crucial.

4, Conclusion

This paper introduced a two-stage hybrid model, which combines adaptive thresholding, an adapted
U-Net architecture, and ADM-based refinement of grayscale image denoising in structured salt-besides-
pepper noise. The framework showed steady progress in PSNR and SSIM across a series of benchmark
datasets and ran in real time (approximately 6.2 ms). Semiotic-aware learning combined with
optimisation-induced refinement is a practical approach to dense impulse noise reduction and structural
fidelity, which are significant weaknesses of fully filter-based or fully deep learning models. Despite its
advantages, the framework currently focuses on grayscale images and a specific type of structured impulse
noise. Modifications to colour images, interlaced noise models, and video sequences remain a challenge.
The other limitation is the requirement for GPU resources, which can be a limiting factor for
implementation on ultra-low-power devices. Future research will happen in 3 directions, namely (i)
transforming the framework to colour and multimodal imaging tasks, (ii) experimenting with
Transformer-integrated refiner and training blocks and self-supervised training to achieve better
generalisation, and (iii) clarifying lightweight versions that can be used on embedded and IoT devices.
These developments would extend the scope of use of the framework to medical imaging, document
recovery, and real-time surveillance, enabling the proposed methodology to be scientifically useful and
practically implementable.
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