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Abstract 
Denoising medical images is a key step in preprocessing for accurate 

interpretation. Previously, several solutions with varying degrees of noise 

reduction efficacy were offered. Deep learning algorithms have demonstrated 

significant promise in recent years, outperforming traditional convolutional 

approaches on many instances. However, these complex algorithms usually 

require large training datasets and incur significant processing costs. In this 

study, we look at the usage of convolutional layers in medical image 

denoising, even with tiny sample sizes. Combining several photos allowed us 

to easily expand the amount of the dataset while also improving denoising 

speed. Our findings indicate that even tiny networks may successfully repair 

severely damaged images, achieving a degree of clarity where noise is 

scarcely detectable. 

 Keywords: medical, picture denoising, convolutional neural networks. 

Introduction 
The removal of noise from medical images is a critical first step toward 

accurate diagnosis and clinical interpretation.  As the popularity of imaging 

procedures such as magnetic resonance imaging (MRI), computing 

tomography (CT), X-ray, and ultrasound has grown, so has the need to 

address basic noise artifacts introduced during acquisition, which are 

frequently triggered by equipment sensitivity limitations or the need to 

reduce radiation exposure [1].  These noise patterns can conceal vital 

anatomical and functional information, jeopardizing individuals and 

computer-assisted research. Several image processing techniques have 

emerged throughout time to address this challenge, ranging from classic 

spatial filtering methods to complex mathematical representations such as 

wavelet transformations, incomplete differential equations, and limited 

representation frameworks [2, 3] However, efficiency and adaptability 

difficulties are common with these traditional methods, even when used to 

medical data sets that shift frequently or in noisy environments.  

Convolutional Neural Networks (CNNs), a deep learning technique, have 

dramatically altered medical image processing.  
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CNNs have done well in a variety of programs, including denoising, 

segmentation, and classification, owing to their hierarch feature learning and 

robust pattern identification capabilities [4,5]. Interestingly, CNN-based 

denoising models may acquire comprehensive linkages between noisy and 

clean image representations, leading to more effective reconstruction even in 

challenging imaging settings. 

This study, named "denoise of Medical Image Using Convolutional Neural 

Network," aims to investigate and demonstrate how successful CNN 

architectures are for denoising medical images. 

The paper studies CNNs' capacity to extract high-fidelity visual information 

from distorted inputs, with a specific emphasis on cases requiring short 

training datasets, which are typical in specialized medical fields. The 

literature will be reviewed, the suggested CNN framework will be defined, 

the experimental procedure will be discussed, and empirical results will be 

reported, along with comments on potential future developments, in the parts 

that follow. 

Related Work: 

The adoption of different machine learning and deep learning algorithms in 

recent years has enabled substantial advances in the field of medical picture 

denoising. To cope with noise patterns like multiplicative speckle noise and 

additive Gaussian noise, early techniques relied on geometric and statistical 

models [1]. A well-known study proved that multilayer perceptrons (MLPs) 

may learn sophisticated non-linear mappings between noisy and clean images 

to achieve competitive denoising performance using metrics such as Mean 

Squared Error (MSE) and Structural Similarity Index (SSIM) [2]. 

Vincent et al. developed denoising autoencoders (DAEs) as an extension of 

regular autoencoders that can successfully reconstruct clean signals from 

damaged inputs [3], which is a noteworthy advancement in this field. These 

models are notably beneficial for decreasing Gaussian and salt-and-pepper 

noise in benchmark image datasets since they have been shown to increase 

hierarchical feature extraction when paired with deeper structures. Studies 

that have consistently shown performance increases by using SSIM and 

PSNR (Peak Signal-to-Noise Ratio) as assessment criteria have shown higher 

visual fidelity in reconstructed outputs [4].   

Convolutional neural networks (CNNs) are the most advanced framework for 

medical image denoising because of its ability to discern local patterns in 

noisy data and capture spatial correlations [5]. Particularly, researchers have 

demonstrated that CNNs may outperform other models when trained on 

small-sample datasets, especially when combined with wavelet domain 
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transformations or randomized domain augmentations [6]. These CNN-based 

techniques have been thoroughly validated using SSIM and MSE 

measurements, demonstrating their robustness over a wide range of noise 

levels.  

Limited representations, namely K-SVD (K-means Singular Value 

Decomposition), are another prominent technique that has showed promise in 

image inpainting and denoising. Xie et al. displayed extraordinary flexibility 

in dealing with structured distortion and partial occlusions using sparse 

autoencoders, reaching denoising performance equivalent to K-SVD [7]. 

Agostinelli et al. introduced multi-column adaptive neural networks with 

stacked autoencoder ensembles [8].  

With quantitative benefits confirmed by MSE and SSIM assessments, these 

networks showed good denoising performance across a range of noise types, 

including Gaussian, Poisson, and mixed noise.   

These techniques collectively reflect a paradigm shift away from manually 

constructed denoising filters and toward data-driven models that have the 

potential to learn trustworthy, widely applicable representations. These works 

offer a solid foundation for the current study, which builds upon CNN 

architectures to examine denoising effectiveness in situations with sparse data 

by contrasting performance across established metrics and noise models. 

methodology  

 Auto-encoders 

One kind of neural network called an auto-encoder uses backpropagation to 

approximate the identity function. It uses obligatory mapping, usually written 

as y = s(Wx + b), where s is a non-linear activation function, to map (encode) 

an input X ∈ [0,1]^d to a hidden representation Y ∈ [0,1]^d. The input is then 

reconstructed as z = s(W'y + b') once the latent representation y has been 

decoded back. A variety of loss functions, including squared error loss, can 

be used to assess the optimization's goal of minimizing the reconstruction 

error [14,15]. 
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Figure 1 [14] depicts a basic autoencoder design. 

 
The input layer is represented by Layer L1, which is rebuilt at Layer L3 after 

being encoded into the hidden representation at Layer L2. Similar to 

Principal Component Analysis (PCA), the auto-encoder is forced to learn a 

compressed approximation when fewer hidden units than input are used. In 

order to extract meaningful representations, more restrictions are applied 

when the hidden layer size surpasses the input [16]. 

1 Noise Removal Auto-encoders 

Denoising auto-encoders (DAEs) are an extension of classical auto-encoders, 

designed to reconstruct clean inputs from corrupted versions. A random 

corruption process masks parts of the input, forcing the model to predict 

missing values. This structure is illustrated in Figure 2 [77]. 

Figure 2: Denoising auto-encoder architecture[7=]. 

 

 

 

 

 

 

 

 

 

Denoising auto-encoders can be stacked to form deep architectures, where the 

output from one layer is fed as input to the next. This stacked design 

enhances the model's capacity to learn hierarchical features, as shown in 

Figure 3 [77]. 
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Figure 3: Stacked denoising auto-encoder architecture [7=]. 

 
 Convolutional Auto-encoders 

Convolutional auto-encoders (CAEs) build upon standard auto-encoder 

designs by incorporating convolutional encoding and decoding layers. Unlike 

classical auto-encoders, CAEs are particularly suited for image data as they 

leverage the spatial structure inherent in images. CAEs share weights across 

input regions, preserving spatial locality and enhancing feature extraction. 

Mathematically, the encoding process is defined as H^I = s(x ∗ W^I + b^I), 

where ∗ denotes 2D convolution and s is the activation function [5]. 

Reconstruction is achieved by applying transposed operations on the feature 

maps. 

For this paper, the researchers employed a convolutional auto-encoder to 

remove additional Gaussian distortion from medical imaging datasets, 

especially MRI and CT pictures. Hyperparameters like as learning rate, batch 

size, filter size, and the amount of layers were meticulously adjusted to 

achieve peak performance. The models were assessed using quantitative 

metrics such as the SSIM (Structural Similarity Index Measure), MSE (Mean 

Squared Error), and the PSNR (Peak Signal-to-Noise Ratio), and they 

achieved competitive results when compared to state-of-the-art techniques 

[18, 19]. 
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A: Evaluation 

A: Data 

The present investigation evaluated the denoising performance of the 

recommended convolutional neural network architecture on two different 

medical imaging datasets. A MIAS (Mammographic Image Analysis Society) 

mammogram dataset (MMM) includes 322 high-resolution images measuring 

512 × 512 pixels. The second dataset is known as the DX dental radiography 

collection.  

The collection contains 400 cephalometric X-ray pictures, each having a 

dimension of 1935 × 2400 pixels. Because these datasets include a wide 

range of anatomical properties and noise traits they provide as a good 

platform for assessing denoising approaches [20].  

The initial & second rows of Figure 4 are cephalometric. 

The third section includes X-ray pictures from DX, which are routinely used 

in orthodontic and craniofacial inspections, and also mammography images 

from MMM, which are utilized in identifying tumors and breast cancer 

screening [21]. By integrating these two datasets, the study addresses a 

variety of medical imaging difficulties, such as minor bones and soft-tissue 

patterns, which improves the denoising assessment's generalizability. 

 
These sets of data were chosen because of their shown value in benchmark 

denoising studies, and they also have anatomical variety. 

This allows for relevant comparisons with previous work and guarantees that 

the experimental design complies with accepted research standards. [23] 
B: Experimental setup 
Before modeling, all images underwent preprocessing that involved resizing 

them to 64 × 64 pixels for computational efficiency. It is important to note 

that the original images from the MIAS mammogram dataset and DX dental 

radiography dataset were much larger (512 × 512 for MIAS and 1935 × 2400 

for DX). Reducing these large images to such a small size can introduce 
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spatial blurring, potentially removing noise but also weakening fine structural 

details, effectively acting as a form of averaging rather than true denoising 

[24]. 

The datasets were sourced from public academic repositories: the MIAS 

database curated by the Mammographic Image Analysis Society, and the DX 

craniofacial X-ray set, widely used in dental imaging research. These datasets 

are commonly used benchmarks in the medical imaging field [25, 26]. 

Various noise parameters were applied during preprocessing, as detailed in 

Table I. 

Table I. Dataset perturbations including Gaussian and Poisson noise 

parameters 

 

 
The datasets were uniformly corrupted instead of perturbing individual 

images, ensuring consistent noise conditions across the entire dataset. The 

corrupted datasets were then modeled using a convolutional denoising 

autoencoder (CNN DAE), implemented with the Keras framework. Figure 5 

illustrates the architecture employed; however, it is 

recommended to present a clearer schematic in future versions for enhanced 

readability [27]. 
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Figure  5.  Architecture of the CNN DAE used in this study. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (;); Architecture of CNN DAE used 

Performance evaluation relied on the Structural Similarity Index Measure 

(SSIM), which surpasses the Peak Signal-to-Noise Ratio (PSNR) by 

accounting for perceptual characteristics such as luminance, contrast, and 

structural consistency between images [28]. Equation (7) below expresses 

SSIM as a combination of three terms: luminance (l), contrast (c), and 

structure (s), each weighted by exponents α, β, and γ respectively. These 

components are defined mathematically in Equations (8), (9), and (10) [29]. 

Equation (7). General formulation of SSIM. 

 
Equations (8), (9), (10). Definitions of luminance, contrast, and structural 

similarity components. 
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Here, μ_x and μ_y represent the means of the original and processed images, 

σ_x and σ_y are their standard deviations, and σ_xy is the covariance 

between them. Constants C_1, C_2, and C_3 are stabilization factors that 

prevent division by zero in cases of weak denominators. The experimental 

setup maintained fixed hyperparameters (100 epochs, batch size of 10) and 

intentionally avoided fine-tuning, allowing for baseline reproducibility even 

by novice users [30]. The average SSIM across all test samples was 

calculated to provide a comparative performance assessment. 

C: Empirical evaluation 
The empirical evaluation in this study is designed to systematically assess the 

performance of the Convolutional Denoising Autoencoder (CNN DAE) 

model under varying noise conditions and datasets. The experimental setup 

employed a baseline where images were artificially corrupted with low-level 

Gaussian noise (mean µ = 0, standard deviation σ = 1, corruption proportion 

p = 0.1). To ensure balanced training, 300 images were drawn from each 

dataset (DX and MMM), leaving subsets of 22 DX images and 100 MMM 

images specifically for testing and performance comparison [24]. 

Figure 6 presents a visual comparison of denoising outcomes across the 

datasets. The first row shows original, clean images, the second row depicts 

the same images corrupted with Gaussian noise, the third row shows the 

results after applying the CNN DAE model, and the fourth row shows the 

outputs of a conventional median filter [25]. 
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Table II quantitatively compares the mean Structural Similarity Index (SSIM) 

scores for the test images from both MMM and DX datasets. It reveals that 

CNN DAE consistently outperforms both median filtering and noisy 

baselines, achieving higher SSIM scores, which indicate superior structural 

fidelity and visual similarity to the original images [26]. 

 

 

 

 

 

Figure 7 plots the model loss over 100 epochs for both training and testing 

sets. The graph shows that while training loss steadily decreases, test loss 

plateaus, reflecting model generalization limitations when trained on small 

datasets [27]. 

 

 

 

 

 

 

 

                    

 Figure 8  illustrates the architectural flowchart of the CNN DAE model, 

showing the layered progression through convolutional, pooling, and 

upsampling operations. This detailed schematic offers insight into the 

network’s structural design, essential for understanding the data 

transformation at each stage [29]. 
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Figure 9 and Table III compare CNN DAE’s denoising performance with 

Non-Local Means (NL means) and median filtering methods on a combined 

dataset. Results consistently demonstrate CNN DAE’s superior performance, 

especially in handling fine structural details, as reflected in the higher SSIM 

values [30]. 

. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9 presents performance on images corrupted with various Gaussian 

noise levels. It reveals that while CNN DAE effectively mitigates low-to-

moderate noise, its performance diminishes at higher noise intensities, 

leading to partial reconstructions. This indicates that while the network has 

robust denoising capacity, its ability to reconstruct fine details under severe 

degradation is limited without deeper architectures or longer training [31]. 

 

 



 الصرفةكلية التربية الأساسية في مجال العلوم لالمؤتمر العلني وقائع    

 وتحت شعار                                                   

 )العلوم الصرفة والتطبيقية بوابة لخدمة المجتنع(                

 ;828/;/?8-<8  ني الخ و الاربعاءيومي                              

                                                                  

 May  );828(   ارـآي                                                 الاساسية التربية كلية مجلة

 8;; 
                                                                                                                            

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For Poisson noise, Figure 77 shows CNN DAE’s denoising outcomes across 

two λ values, again demonstrating superior noise removal but also raising a 

methodological concern. Traditionally, Poisson noise is modeled as 

multiplicative, yet the current study’s treatment aligns more with an additive 

model, which could affect the validity of the results [32]. 
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Table IV consolidates the comparative performance across varying noise 

types and intensities, confirming that CNN DAE consistently surpasses 

baseline filters. However, Figure XIII shows that at extreme Gaussian noise 

levels (µ = 0, p = 0.2, σ = 10), the model struggles to converge, even over 

100 epochs. This underscores the necessity for either deeper network designs 

or augmented training samples to handle such challenging scenarios 

effectively [34]. 

v:: Conclusion 
The proposed denoising autoencoder, built using convolutional layers, 

demonstrated effective noise removal capabilities for medical images, 

outperforming traditional methods such as median filters and non-local 

means. 

Even with a relatively small training dataset (approximately 300 samples), 

the model achieved strong performance, demonstrating adaptability to 

limited-data conditions a key advantage in the medical field, where annotated 

data is often scarce. 

Quantitative testing showed that the model can preserve specific 

characteristics and its structural strength in the absence of Gaussian and 

Poisson noise, with SSIM values over 0.85 on both the MIAS and DX data 

sets.  

By mixing diverse image data, the system was able to increase the amount of 

its training set, immediately enhancing its resistance to concealed noise 

sequences and generalization performance.  

The study's findings show that more complicated designs, preprocessing 

procedures including wave filters or solitary value decomposition (SVD), and 

dataset augmentation with additional data sources such as ImageNet may 

result in even better denoising outcomes. 

When contrasting with noisier standards, the CNN DAE model increased 

image quality by 30-40%.It maintained structural characteristics better than 

traditional procedures, resulting in greater diagnostic clarity.  

Despite little data, it displayed scalability and flexibility, making it a feasible 

candidate for clinical use. 
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