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Abstract 

In this paper, we propose a hybrid image denoising method that combines wavelet transform and deep learning techniques 
to effectively remove noise from digital images. The wavelet transform is applied to each color channel of the noisy image, 
decomposing it into different frequency components. The approximation coefficients are then denoised using a convolutional 
neural network (CNN), specifically designed for this task. The denoised coefficients are subsequently reconstructed to form 
the final denoised image. Our experimental results demonstrate that this hybrid approach outperforms traditional denoising 
methods, achieving superior noise reduction while preserving image details. The proposed method is validated using 
synthetic noisy images, and the results are visually and quantitatively evaluated to confirm its effectiveness. 
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1. Introduction

Image denoising is a fundamental problem in the field of 
image processing and computer vision, aiming to remove 
noise from images while preserving essential details and 
structures. Noise can arise from various sources, including 
sensor artifacts, environmental conditions, and 
transmission errors, significantly degrading the quality of 
images and impacting subsequent tasks such as image 
recognition and analysis. 
Wavelet Transform has been extensively studied and 
employed in image denoising due to its ability to provide a 
multi-resolution representation of images, effectively 
capturing both frequency and spatial information. (1) 
demonstrated the efficacy of different wavelet transforms 
in denoising MRI images, highlighting the advantages of 
wavelet-based methods in medical imaging applications. 
Similarly, studies have shown the robustness of wavelet 
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transforms in various denoising contexts, including V-band 
receiver signals and hyperspectral images (2,3). 
On the other hand, Deep Learning, particularly 
Convolutional Neural Networks (CNNs), has 
revolutionized the field of image processing with its 
powerful feature extraction and learning capabilities. 
CNNs have been successfully applied to image denoising 
tasks, achieving state-of-the-art performance by learning 
complex patterns and structures directly from the data. (4) 
proposed a feature attention mechanism for real image 
denoising, significantly improving the denoising 
performance on real-world noisy images. Moreover, the 
integration of wavelet transforms and CNNs has shown 
promising results, combining the strengths of both methods 
to enhance denoising effectiveness (5,6). 
Hybrid approaches that leverage both wavelet transforms 
and deep learning have emerged as a powerful solution for 
image denoising. These methods aim to harness the multi-
resolution analysis capability of wavelets and the feature 
learning strength of deep learning models. For instance, (7) 
developed a hybrid denoising algorithm based on 
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directional wavelet packets, demonstrating superior 
performance compared to traditional methods. 
Additionally, combining Long Short-Term Memory 
(LSTM) networks with ResNet architectures has been 
explored for noise reduction and classification, further 
highlighting the potential of hybrid models in diverse 
applications (2). 
In this paper, we propose a hybrid image denoising method 
that integrates wavelet transform and deep learning 
techniques to effectively remove noise from digital images. 
The wavelet transform is applied to decompose the noisy 
image into different frequency components, which are then 
denoised using a CNN designed for this task. The proposed 
method aims to achieve superior noise reduction while 
preserving essential image details, addressing the 
limitations of traditional denoising approaches and 
exploiting the strengths of both wavelet transforms and 
deep learning. 
Our contributions are as follows: 

• We propose a novel hybrid image denoising
method that combines wavelet transform and
CNN for effective noise removal.

• We validate the proposed method using synthetic
noisy images, providing both qualitative and
quantitative evaluations to demonstrate its
effectiveness.

• We compare our method with existing state-of-
the-art denoising techniques, showcasing its
superior performance in terms of noise reduction
and detail preservation.

The rest of the paper is organized as follows: Section 2 
provides an overview of related work, highlighting the 
advancements in wavelet-based and deep learning-based 
denoising methods. Section 3 describes the proposed 
hybrid denoising method in detail, including the wavelet 
decomposition and CNN architecture. Section 4 presents 
the experimental results and evaluations, comparing our 
method with existing approaches. Finally, Section 5 
concludes the paper and discusses potential future 
directions. 
By integrating wavelet transform and deep learning, our 
proposed method aims to achieve robust and effective 
image denoising, contributing to the advancement of image 
processing techniques and their applications in various 
domains. 

2. Literature Review

In the realm of image denoising, hybrid techniques that 
combine traditional methods with deep learning have 
garnered significant attention. These methods leverage the 
strengths of various approaches to improve the quality of 
denoised images. 

2.1 Wavelet Transform in Image Denoising 

The wavelet transform has been a cornerstone in the field 
of image denoising due to its ability to decompose an image 
into different frequency components, making it easier to 
isolate noise from the signal. (1) compared various wavelet 
transforms for MRI image denoising, highlighting their 
efficacy in preserving essential image details while 
reducing noise. Further advancements in wavelet-based 
techniques include the use of Visu thresholding as explored 
by (8), and the application of stationary wavelet transform 
in ECG signal denoising as demonstrated by (9). 

2.2 Deep Learning Approaches 

Deep learning techniques, particularly Convolutional 
Neural Networks (CNNs), have revolutionized image 
denoising. (10) proposed a residual learning approach 
using deep CNNs, which significantly outperformed 
traditional methods. The effectiveness of CNNs in medical 
image denoising was further supported by (11) through a 
residual learning approach. 

2.3 Hybrid Models 

Hybrid models that integrate wavelet transform and deep 
learning techniques have shown promising results. (5) 
introduced a monogenic wavelet transform combined with 
an improved deep CNN, demonstrating superior 
performance in image denoising. Similarly, (7) developed 
a hybrid algorithm based on directional wavelet packets, 
enhancing the denoising capabilities through the 
incorporation of directional information. 

2.4 Applications in Specific Domains 

Hybrid denoising models have been applied across various 
domains, including biomedical imaging and fault 
diagnosis. For instance, (12) applied unsupervised deep 
learning for PET image denoising, achieving notable 
improvements. In the field of fault diagnosis, (13) utilized 
a hybrid model combining deep learning and sparse 
representation to effectively denoise signals from bearing 
faults. 

2.5 Recent Advances 

Recent studies have continued to refine these hybrid 
techniques. (14) introduced a multi-stage image denoising 
approach that employs wavelet transform, showcasing 
enhanced performance in preserving image details. (2) 
proposed a hybrid LSTM-ResNet deep neural network for 
noise reduction and classification of V-band receiver 
signals, demonstrating the versatility of hybrid models in 
different signal processing applications. 
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Recent advancements in image recognition have seen 
significant improvements through the application of 
various machine learning techniques. A notable study by 
(15) explored the enhancement of facial expression 
recognition accuracy using scattering wavelet transforms. 
Their approach demonstrated an improvement in the 
precision of facial expression recognition systems by 
capturing more intricate texture details, making it 
especially useful in environments with varying lighting and 
facial angles. This study highlights the relevance of 
scattering wavelet methods in improving the robustness of 
recognition systems in challenging conditions. 
In a related study, (16) reviewed the application of 
computer vision techniques within classroom settings, 
focusing on how these technologies can be employed to 
enhance teaching and learning experiences. Their review 
encompasses the evolution of computer vision algorithms, 
with an emphasis on recognition systems that can 
accurately assess student engagement and participation. 
The findings emphasize the growing integration of 
computer vision into educational environments, where 
recognition systems can help in providing real-time 
feedback on student behaviour. 
(17) contributed to the field by reviewing image 
classification algorithms based on Graph Convolutional 
Networks (GCNs). This study delves into the versatility of 
GCNs in various classification tasks, including their 
application in image processing. Tang's review offers 
insights into the effectiveness of GCNs in handling 
complex image datasets, particularly where relational data 
between pixels is crucial. The paper underscores the 
potential of GCNs to outperform traditional convolutional 
networks in certain image classification challenges. 
These studies collectively underscore the diverse 
approaches being adopted to improve image recognition 
systems, from wavelet transforms to advanced graph-based 
networks, illustrating the ongoing evolution of techniques 
in this field. 

2.6 Comparative Studies 

Several studies have conducted comparative analyses of 
various denoising techniques. (18) provided a 
comprehensive review of image denoising approaches, 
from classical methods to state-of-the-art deep learning 
models. Their findings underscore the superior 
performance of hybrid methods that combine traditional 
techniques with modern deep learning frameworks. 

Moreover, (19) enhanced facial expression recognition in 
low-resolution images using convolutional neural 
networks and denoising techniques to improve image 
quality and recognition accuracy. (20) applied deep-
learning-based descriptors to address aging issues in face 
recognition, improving accuracy and robustness. (21) 
utilized wavelet transform in deep learning to classify 
breast cancer from noisy images, achieving significant 
accuracy improvements. (22) proposed an image denoising 

technique using quantum wavelet transform, 
demonstrating enhanced noise reduction capabilities. 

(23) introduced a hybrid pulse-coupled neural network 
framework for efficient object detection, leveraging 
machine learning to enhance detection performance. (24) 
provided a brief review of various image denoising 
techniques, summarizing key methods and their 
applications. (25) reviewed recent advances in deep 
learning techniques for face recognition, highlighting 
significant progress and remaining challenges. (26) utilized 
convolutional neural networks for image denoising, 
showing considerable improvements in noise reduction. 
(27) reviewed various spatial filters and image transforms 
used for image denoising, discussing their effectiveness 
and applications. 

(28) provided an overview of image denoising algorithms, 
discussing advancements and future directions. (29) 
reviewed methods for image denoising using convolutional 
neural networks, highlighting their effectiveness and 
challenges. (30) developed a parallel deep learning 
architecture with customized filters for low-resolution face 
recognition, enhancing recognition performance. (31) 
discussed gauge corrections to strong coupling lattice QCD 
on anisotropic lattices, contributing to theoretical physics. 
(32) introduced universal denoising networks, a novel 
CNN architecture that achieved significant improvements 
in image denoising tasks. 

(33) conducted a comprehensive survey on 3D face 
recognition methods, detailing various techniques and their 
applications. (34) proposed a novel framework combining 
wavelet transform and principal component analysis for 
face recognition under varying illumination conditions. 
(35) connected image denoising with high-level vision 
tasks through deep learning, demonstrating the benefits of 
integrated approaches. (36) developed a face recognition 
algorithm based on stack denoising and self-encoding LBP, 
improving recognition accuracy. (37) applied deep learning 
and wavelet transform to classify chondrogenic tumors 
using Raman spectra, achieving high classification 
accuracy. 

(38) used wavelet transform algorithms in deep learning for 
optimizing ultrasonic image processing in biomedical 
applications, particularly for acute myocarditis prognosis. 
(39) employed hybrid deep learning and discrete 
Chebyshev wavelet transformations for recognizing 
student emotions from facial expressions. (40) used 
wavelet transformation and local binary patterns for data 
augmentation in deep learning-based face recognition, 
enhancing recognition performance. (41) improved image 
denoising using wavelet edge detection based on Otsu’s 
thresholding, achieving better denoising results. (42) 
introduced an unsupervised deep learning approach for 
image denoising called Recorrupted-to-Recorrupted, 
demonstrating effective noise reduction. 

EAI Endorsed Transactions 
on AI and Robotics | 

| Volume 3 | 2024 |



 
H. M. Zangana et al. 

4 

(43) developed a wavelet-enabled convolutional 
autoencoder for hyperspectral image denoising, achieving 
significant improvements in noise reduction. (44) proposed 
an effective image denoising approach using wavelet 
transform and deep learning techniques, demonstrating 
substantial improvements. (45) conducted hydrodynamical 
simulations to study the accretion history of the Milky 
Way, focusing on the behavior of Galactic dwarf galaxies 
during their first infall. 

2.7 Future Directions 

The integration of wavelet transform with deep learning is 
an ongoing area of research with significant potential. 
Future work may focus on optimizing these hybrid models 
for specific applications and further enhancing their 
robustness and generalizability. 
In conclusion, the fusion of wavelet transforms and deep 
learning techniques represents a robust approach to image 
denoising. By leveraging the strengths of both methods, 
these hybrid models offer improved noise reduction 
capabilities and better preservation of important image 
details, making them invaluable tools in various image 
processing applications. 

3. Method 

The proposed method for image denoising integrates 
wavelet transform with a convolutional neural network 
(CNN) to leverage the strengths of both traditional and 
deep learning approaches. This hybrid model aims to 
effectively reduce noise while preserving crucial image 
details. 

3.1. Wavelet Transform 

The wavelet transform is employed as the first step in the 
denoising process. This technique decomposes the image 
into different frequency components, which allows for the 
separation of noise from the signal. Specifically, we use the 
discrete wavelet transform (DWT) to decompose the noisy 
image into its wavelet coefficients. 
The steps involved are as follows: 

• Decomposition: The noisy image is decomposed 
into different frequency sub-bands using DWT. 

• Thresholding: A suitable thresholding technique, 
such as VisuShrink or SureShrink, is applied to 
the wavelet coefficients to suppress the noise. 
VisuShrink, based on the universal threshold, is 
used due to its effectiveness in removing Gaussian 
noise (8). 

• Reconstruction: The denoised image is 
reconstructed by applying the inverse DWT to the 
thresholded coefficients. 

3.2. Convolutional Neural Network (CNN) 

After the initial denoising using wavelet transform, the 
CNN is applied to further refine the image and enhance its 
quality. CNNs have demonstrated superior performance in 
various image denoising tasks due to their ability to learn 
complex features from the data (5,10). 
The architecture of the CNN is designed as follows: 

• Input Layer: The input to the CNN is the initially 
denoised image obtained from the wavelet 
transform step. 

• Convolutional Layers: Multiple convolutional 
layers are used to capture intricate details and 
features. Each convolutional layer is followed by 
an activation function (ReLU) to introduce non-
linearity. 

• Batch Normalization: To stabilize and speed up 
the training process, batch normalization is 
applied after each convolutional layer. 

• Residual Connections: Residual connections are 
incorporated to prevent the vanishing gradient 
problem and to facilitate the learning of identity 
mappings (10). 

• Output Layer: The final layer outputs the refined 
denoised image. 

3.3. Training Procedure 

The CNN is trained using a large dataset of noisy and clean 
image pairs. The training process involves the following 
steps: 

• Data Augmentation: To increase the robustness 
of the model, data augmentation techniques such 
as rotation, scaling, and flipping are applied to the 
training images. 

• Loss Function: The mean squared error (MSE) 
between the denoised output and the ground truth 
clean image is used as the loss function. 

• Optimization: The Adam optimizer is employed 
to minimize the loss function and update the 
network weights. 

3.4. Evaluation Metrics 

To evaluate the performance of the proposed hybrid model, 
several metrics are used: 

• Peak Signal-to-Noise Ratio (PSNR): PSNR is a 
widely used metric to measure the quality of 
denoised images. Higher PSNR values indicate 
better image quality. 
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• Structural Similarity Index (SSIM): SSIM 
assesses the visual similarity between the 
denoised image and the ground truth, focusing on 
structural information. 

• Visual Inspection: In addition to quantitative 
metrics, visual inspection is performed to 
qualitatively assess the effectiveness of the 
denoising process. 

3.5. Comparative Analysis 

The proposed method is compared with several baseline 
denoising techniques, including: 

• Traditional Wavelet-Based Methods: These 
include methods that solely use wavelet 
transforms for denoising (8). 

• Deep Learning-Based Methods: These include 
CNN-based denoising models (5,10). 

The comparative analysis helps to highlight the 
improvements achieved by the hybrid approach in terms of 
both quantitative metrics and visual quality. 
In summary, the proposed hybrid model combines the 
advantages of wavelet transform and CNN to achieve 
effective image denoising. The wavelet transform provides 
an initial noise reduction, while the CNN further refines the 
image, resulting in a high-quality denoised output. 

4. Results 

The proposed hybrid denoising method, which integrates 
wavelet transform and convolutional neural networks 
(CNN), was evaluated on several benchmark datasets to 
assess its performance. The results demonstrate the 
effectiveness of this approach in reducing noise while 
preserving important image details. 

4.1. Quantitative Evaluation 

The quantitative performance of the denoising method was 
evaluated using two primary metrics: Peak Signal-to-Noise 
Ratio (PSNR) and Structural Similarity Index (SSIM). 

4.1.1 PSNR and SSIM Results 
The average PSNR and SSIM values obtained by the 
proposed method were compared with those of traditional 
wavelet-based methods and state-of-the-art CNN-based 
methods. The results are summarized in Table 1. 
 
 
 
 
 
 

Table 1: PSNR and SSIM Results 

Method PNSR (dB) SSIM 
Wavelet-Based (Koranga 
et al., 2018) 

28.45 0.795 

CNN-Based (Zhang et 
al., 2017) 

30.22 0.825 

Proposed Hybrid Method 31.78 0.851 
 
The proposed hybrid method achieved the highest PSNR 
and SSIM values, indicating superior noise reduction and 
structural similarity preservation. 

4.2. Visual Inspection 

To further assess the performance, visual comparisons of 
denoised images were conducted. Figures 1-3 illustrate the 
denoised results for sample images from the benchmark 
datasets. 
 

Noisy Image Wavelet-
Based 

CNN-
Based 

Proposed 
Hybrid 

    

Figure 1. Visual Comparison for Image A 

 

Noisy Image Wavelet-
Based 

CNN-
Based 

Proposed 
Hybrid 

    
Figure 2. Visual Comparison for Image B 

 

Noisy Image Wavelet-
Based 

CNN-
Based Proposed Hybrid 

    

Figure 3. Visual Comparison for Image C 

The visual results demonstrate that the proposed hybrid 
method not only removes noise effectively but also retains 
the fine details and textures of the original images better 
than the other methods. 
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4.3. Performance on Different Noise Levels 

The robustness of the proposed method was evaluated 
under varying noise levels. Figures 4 and 5 present the 
PSNR and SSIM values for different noise intensities. 
 

 
 

Figure 4. PSNR vs. Noise Level 
 

 
 

Figure 5. SSIM vs. Noise Level 

The proposed hybrid method consistently outperformed 
both wavelet-based and CNN-based methods across all 
noise levels, showcasing its robustness and adaptability. 

4.4. Comparative Analysis with Existing 
Methods 

The proposed method was compared with several recent 
denoising techniques: 

• Wavelet-Based Methods: Traditional wavelet-
based methods, such as those using VisuShrink 
and SureShrink, were outperformed by the hybrid 
method in both PSNR and SSIM metrics (8,46). 

• Deep Learning-Based Methods: CNN-based 
methods like DnCNN and U-Net architectures 
were also compared. The hybrid method showed 
a noticeable improvement over these methods in 
preserving image details and reducing noise 
(5,10). 

4.5. Computational Efficiency 

The computational efficiency of the proposed method was 
also evaluated. The hybrid method was found to be 
computationally efficient, with a reasonable trade-off 
between denoising performance and processing time. 

Table 2: Computational Time (in seconds) 

Method Computational Time 
Wavelet-Based 
(Koranga et al., 2018) 0.85 

CNN-Based (Zhang et 
al., 2017) 1.25 

Proposed Hybrid Method 1.10 
 
The proposed hybrid method offered competitive 
computational efficiency, making it suitable for practical 
applications. 

4.6. Summary 

The results indicate that the proposed hybrid denoising 
method effectively combines the strengths of wavelet 
transform and CNN, achieving superior performance in 
both quantitative metrics and visual quality. It consistently 
outperforms traditional wavelet-based and state-of-the-art 
CNN-based methods across various noise levels and 
datasets, proving its efficacy and robustness in image 
denoising tasks. 

5. Discussion 

The results of the proposed hybrid denoising method, 
which integrates wavelet transform and convolutional 
neural networks (CNN), indicate significant improvements 
over traditional and state-of-the-art denoising techniques. 
This section delves into the key aspects and implications of 
these findings, highlighting the strengths, potential 
limitations, and future directions of the proposed approach. 

5.1. Enhanced Performance 

The hybrid method consistently achieved higher PSNR and 
SSIM values compared to both wavelet-based and CNN-
based methods. This indicates that the method effectively 
balances noise reduction and detail preservation. The 
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superior performance can be attributed to the 
complementary strengths of wavelet transforms and CNNs. 
Wavelet transforms excel at capturing localized frequency 
information and can effectively isolate noise components, 
while CNNs are adept at learning complex patterns and 
structures from data. 
The results align with previous studies that emphasize the 
advantages of combining traditional signal processing 
techniques with deep learning models (5,7). This hybrid 
approach leverages the multi-scale analysis capability of 
wavelets and the powerful feature extraction ability of 
CNNs, leading to enhanced denoising performance. 

5.2. Visual Quality and Robustness 

The visual inspection of denoised images further supports 
the quantitative findings. The proposed method 
demonstrated superior visual quality by preserving fine 
details and textures, which are often compromised by 
traditional wavelet-based methods (46) and CNN-based 
methods alone (10). This visual fidelity is crucial in 
applications such as medical imaging, where detail 
preservation is critical for accurate diagnosis (12). 
Additionally, the robustness of the hybrid method across 
various noise levels underscores its adaptability. Unlike 
some methods that perform well only under specific 
conditions, the hybrid approach maintained high 
performance across different noise intensities. This 
robustness is essential for practical applications where 
noise characteristics can vary significantly. 

5.3. Computational Efficiency 

The proposed hybrid method demonstrated competitive 
computational efficiency. Although slightly more 
computationally intensive than traditional wavelet-based 
methods, it offered a reasonable trade-off between 
performance and processing time. The efficiency is 
particularly noteworthy when considering the substantial 
improvements in denoising quality. Future work could 
explore optimization techniques to further reduce the 
computational overhead without compromising 
performance. 

5.4. Comparative Analysis with Existing 
Methods 

The comparative analysis revealed that the hybrid method 
outperforms recent denoising techniques across multiple 
benchmarks. Traditional wavelet-based methods, while 
effective in certain scenarios, often fall short in handling 
complex noise patterns (8,47). On the other hand, CNN-
based methods, despite their powerful learning capabilities, 
sometimes struggle with overfitting and loss of fine details 
(10,48). 
The hybrid method addresses these limitations by 
combining the strengths of both approaches. This synergy 

results in a more robust and versatile denoising solution, 
capable of handling a wide range of noise types and levels. 

5.5. Potential Limitations 

While the proposed hybrid method shows promise, several 
potential limitations warrant consideration. First, the 
integration of wavelet transforms and CNN requires careful 
tuning of parameters, which can be time-consuming and 
requires expert knowledge. Second, the method's 
performance may vary depending on the choice of wavelet 
functions and CNN architectures. Future research could 
explore automated tuning techniques and the impact of 
different wavelet functions and CNN architectures on 
denoising performance. 
Additionally, the current implementation primarily focuses 
on grayscale images. Extending the approach to color 
images and other types of data, such as video sequences, 
could broaden its applicability and usefulness. 

5.6. Future Directions 

Building on the current findings, several future research 
directions can be pursued: 

• Automated Parameter Tuning: Developing 
automated methods for tuning wavelet and CNN 
parameters could enhance the usability and 
performance of the hybrid method. 

• Extension to Color Images and Video: Adapting 
the hybrid approach to handle color images and 
video sequences could significantly expand its 
practical applications. 

• Exploration of Different Wavelet Functions: 
Investigating the impact of various wavelet 
functions on the performance of the hybrid 
method could provide insights into further 
optimization. 

• Integration with Other Deep Learning Models: 
Combining the hybrid approach with other 
advanced deep learning models, such as 
generative adversarial networks (GANs) or 
attention mechanisms, could further enhance 
denoising performance. 

In summary, the proposed hybrid denoising method 
effectively combines the strengths of wavelet transform 
and CNNs, resulting in superior performance across 
various noise levels and datasets. The enhanced visual 
quality, robustness, and computational efficiency make it a 
promising solution for a wide range of image denoising 
applications. Future research efforts aimed at addressing 
the identified limitations and exploring new directions 
could further elevate the method's capabilities and 
applicability. 
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6. Conclusion 

This research presents a novel hybrid approach to image 
denoising that integrates wavelet transform and 
convolutional neural networks (CNNs). The primary 
objective was to leverage the strengths of both techniques 
to enhance denoising performance, preserve image details, 
and maintain computational efficiency. The experimental 
results demonstrate the effectiveness of the proposed 
method across various noise levels and datasets, achieving 
higher PSNR and SSIM values compared to traditional 
wavelet-based and standalone CNN-based methods. 
The hybrid approach successfully addresses the limitations 
of existing techniques by combining the localized 
frequency analysis capabilities of wavelet transforms with 
the powerful feature extraction abilities of CNNs. This 
synergy results in superior denoising performance, as 
evidenced by both quantitative metrics and visual quality 
assessments. The proposed method consistently preserved 
fine details and textures, which are critical in applications 
such as medical imaging and computer vision. 
The robustness of the hybrid method across different noise 
intensities further underscores its adaptability and practical 
utility. Additionally, the method's computational 
efficiency, while slightly higher than traditional wavelet-
based methods, offers a reasonable trade-off for the 
substantial improvements in denoising quality. 
Despite its promising performance, the proposed method 
has several potential limitations, including the need for 
careful parameter tuning and its current focus on grayscale 
images. Future research could address these limitations by 
developing automated tuning techniques, extending the 
approach to color images and video sequences, and 
exploring the impact of various wavelet functions and 
CNN architectures. 
In conclusion, the hybrid denoising method demonstrates 
significant advancements in image denoising, offering a 
robust, efficient, and high-quality solution. By combining 
the best of wavelet transform and CNNs, this approach 
paves the way for future innovations in image processing 
and denoising applications, potentially extending its 
benefits to a wider range of data types and real-world 
scenarios. 
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