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Abstract: Wireless Image Transmission Systems (WITS) are highly susceptible to noise distortions, leading to degraded image 

quality and increased transmission errors. This study evaluates the effectiveness of Digital Signal Processing (DSP) algorithms, 

Kalman filtering, wavelet-based denoising, Wiener filtering, and median filtering for noise reduction in WITS under varying Signal-

to-Noise Ratio (SNR) levels (5 dB to 20 dB). Performance is assessed using Peak Signal-to-Noise Ratio (PSNR), Structural 

Similarity Index (SSIM), and Bit Error Rate (BER). The results indicate that Kalman filtering achieves the highest PSNR (33.2 dB) 
and SSIM (0.96), along with the lowest BER (0.005) at SNR = 20 dB, making it the most effective method for noise suppression. 

Wavelet-based denoising emerges as a computationally efficient alternative, offering a balance between image quality and processing 

speed. Statistical analyses, including ANOVA and paired t-tests, confirm significant differences (p < 0.001) in performance among 
the algorithms. The findings suggest that while Kalman filtering provides superior noise reduction, wavelet-based denoising is more 

suitable for real-time applications. Future research should explore hybrid DSP techniques and deep learning-based models for 

enhanced noise suppression in wireless imaging. 

Keywords: Wireless Image Transmission, Digital Signal Processing, Noise Reduction, Kalman Filtering, Wavelet Denoising, 

PSNR, SSIM, Bit Error Rate. 

 

INTRODUCTION 
Wireless Image Transmission Systems are 

Revolutionizing Modern Communication 

Wireless image transmission systems have become 

an integral part of modern communication 

technologies, enabling the seamless transfer of 

visual data across various platforms. From medical 

imaging and satellite communications to consumer 

electronics and surveillance systems, the demand 

for high-quality image transmission is growing 

exponentially (Vaseghi, 2008). However, the 

inherent challenges of wireless communication, 

such as noise, interference, and bandwidth 

limitations, often degrade the quality of 

transmitted images. These challenges necessitate 

the development of robust digital signal processing 

(DSP) algorithms to mitigate noise and enhance 

image fidelity (Patel, 2013). 
 

Noise in Wireless Image Transmission is a 

Critical Issue 

Noise in wireless image transmission systems 

arises from multiple sources, including channel 

interference, thermal noise, and quantization errors 

(Gregorio, et al., 2020). These noise sources can 

significantly distort the transmitted image, leading 

to loss of critical information and reduced visual 

quality. For instance, in medical imaging, noise 

can obscure important diagnostic details, while in 

surveillance systems, it can hinder the 

identification of objects or individuals. Therefore, 

effective noise reduction techniques are essential 

to ensure the reliability and accuracy of wireless 

image transmission systems (Kasban & El-

Bendary, 2017). 
 

Digital Signal Processing Plays a Pivotal Role in 

Noise Reduction 

Digital signal processing (DSP) has emerged as a 

powerful tool for addressing noise-related 

challenges in wireless image transmission (Song, 

et al., 2020). DSP algorithms can be designed to 

analyze, filter, and reconstruct images, thereby 

reducing noise while preserving essential details. 

These algorithms operate on the digital 

representation of images, leveraging mathematical 

and statistical techniques to distinguish between 

noise and meaningful signal components. Over the 

years, a wide range of DSP algorithms, such as 

wavelet transforms, adaptive filters, and machine 

learning-based approaches, have been developed 

to tackle noise reduction in various applications 

(Al-Hayani & Ilhan, 2020). 
 

Wavelet Transforms Offer Multi-Resolution 

Analysis for Noise Reduction 

One of the most widely used DSP techniques for 

noise reduction is the wavelet transform. Unlike 

traditional Fourier transforms, wavelet transforms 

provide multi-resolution analysis, enabling the 

decomposition of an image into different 

frequency components (Mohsin, et al., 2020). This 

property allows for the selective removal of noise 

while retaining important image features. For 

example, wavelet-based denoising algorithms can 

effectively suppress high-frequency noise without 
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blurring edges or textures, making them 

particularly suitable for wireless image 

transmission systems (Hao, 2015). 
 

Adaptive Filters Dynamically Adjust to Varying 

Noise Conditions 

Adaptive filters are another class of DSP 

algorithms that have gained prominence in noise 

reduction applications. These filters dynamically 

adjust their parameters based on the characteristics 

of the input signal, making them highly effective 

in environments with varying noise conditions 

(Shelke, et al., 2021). In wireless image 

transmission, adaptive filters can be used to 

estimate and cancel out noise components, thereby 

improving the quality of the received image. Their 

ability to adapt to changing channel conditions 

makes them a valuable tool for real-time noise 

reduction. 
 

Machine Learning-Based Approaches are 

Transforming Noise Reduction 

Recent advancements in machine learning have 

opened new avenues for noise reduction in 

wireless image transmission systems (Valkama, et 

al., 2006). Machine learning algorithms, such as 

convolutional neural networks (CNNs) and 

generative adversarial networks (GANs), can learn 

complex patterns and relationships from large 

datasets, enabling them to effectively separate 

noise from signal components. These data-driven 

approaches have demonstrated remarkable 

performance in various image processing tasks, 

including denoising, super-resolution, and 

compression. By leveraging the power of machine 

learning, researchers are developing innovative 

solutions to address the challenges of noise in 

wireless image transmission. 
 

The Need for Efficient and Scalable Algorithms 

is Growing 

As the demand for high-quality image 

transmission continues to rise, there is a growing 

need for efficient and scalable noise reduction 

algorithms (Magsi, et al., 2018). Wireless 

communication systems often operate under strict 

constraints, such as limited computational 

resources and power consumption. Therefore, it is 

essential to develop algorithms that not only 

deliver superior performance but also meet these 

practical constraints. This has led to the 

exploration of lightweight and hardware-friendly 

DSP techniques that can be implemented in 

resource-constrained environments (Al-Fahaidy, et 

al., 2024). 
 

This Research Focuses on Advancing DSP 

Algorithms for Noise Reduction 

This research article aims to explore and advance 

digital signal processing algorithms for noise 

reduction in wireless image transmission systems. 

We will review the state-of-the-art techniques, 

analyze their strengths and limitations, and 

propose novel approaches to address existing 

challenges. By combining theoretical insights with 

practical considerations, this study seeks to 

contribute to the development of robust and 

efficient noise reduction solutions for modern 

wireless communication systems. 

 

 
Figure 1: Conceptual Diagram Of Noise Reduction In Wireless Image Transmission 

 

METHODOLOGY 
This study adopts a systematic approach to analyze 

and optimize Digital Signal Processing (DSP) 

algorithms for noise reduction in Wireless Image 

Transmission Systems (WITS). The methodology 

integrates signal processing techniques, statistical 

analysis, and experimental validation to evaluate 

noise reduction efficacy. The study employs a 

hybrid approach, combining simulation-based 

analysis and real-time experimental validation to 

ensure the practical feasibility of the proposed 

noise reduction algorithms. 
 

Data Acquisition and Simulation Environment 
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To evaluate the performance of DSP algorithms, 

image transmission data is acquired through a 

wireless channel model with various noise 

conditions, including Gaussian noise, Rayleigh 

fading, and impulse noise. The study utilizes 

MATLAB and Python-based DSP toolboxes to 

simulate transmission scenarios under different 

Signal-to-Noise Ratio (SNR) levels (5 dB, 10 dB, 

15 dB, and 20 dB). The dataset includes standard 

test images such as Lena, Baboon, and 

Cameraman, widely used in image processing 

benchmarks. 
 

DSP Algorithms for Noise Reduction 

The study examines and compares multiple DSP-

based noise reduction algorithms, including: 

 Wiener Filtering: Adaptive filtering approach 

based on the minimum mean square error 

(MMSE) criterion. 

 Wavelet-Based Denoising: Multi-resolution 

signal decomposition for reducing high-

frequency noise. 

 Median Filtering: Non-linear filtering 

technique to eliminate impulse noise. 

 Kalman Filtering: State-space estimation 

approach for dynamic noise suppression. 
 

Each algorithm is fine-tuned using hyperparameter 

optimization techniques such as grid search and 

Bayesian optimization to maximize noise 

reduction performance while preserving image 

quality. 
 

Performance Evaluation Metrics 

To statistically analyze the efficiency of each DSP 

algorithm in noise reduction, the following 

performance metrics are used: 

 Peak Signal-to-Noise Ratio (PSNR): Evaluates 

the reconstructed image quality, calculated as 
 

 
 

where MSE (Mean Squared Error) measures the 

difference between original and processed images. 

 Structural Similarity Index (SSIM): Measures 

perceptual similarity between images, ranging 

from 0 (low similarity) to 1 (high similarity). 

 Bit Error Rate (BER): Determines the error 

rate in image transmission over wireless 

channels. 

 Computational Complexity: Measures the 

algorithm’s processing time and feasibility for 

real-time implementation. 
 

Statistical Analysis and Hypothesis Testing 

A one-way ANOVA (Analysis of Variance) test is 

conducted to compare the mean PSNR and SSIM 

values across different noise reduction algorithms. 

The null hypothesis (H₀) states that "there is no 

significant difference in noise reduction 

performance among the DSP algorithms," while 

the alternative hypothesis (H₁) states that "at least 

one algorithm significantly outperforms others." 
 

Additionally, a paired t-test is performed to 

compare the pre- and post-processing PSNR 

values for each algorithm to assess noise 

suppression effectiveness. A p-value < 0.05 is 

considered statistically significant. 
 

Implementation in Wireless Image 

Transmission Systems 

The optimized DSP algorithms are integrated into 

a wireless image transmission framework using 

OFDM (Orthogonal Frequency Division 

Multiplexing) modulation for real-time testing. 

The wireless system operates at 2.4 GHz and 5 

GHz frequencies, mimicking practical Wi-Fi and 

LTE networks. Performance is tested under 

varying transmission distances (5m, 10m, 20m) 

and noise levels, and results are compared with the 

simulated outcomes. 
 

By employing DSP algorithms, statistical analysis, 

and real-time evaluation, this methodology ensures 

a robust noise reduction framework for wireless 

image transmission. The study provides data-

driven insights to optimize noise suppression while 

maintaining transmission efficiency. 
 

RESULTS AND STATISTICAL 
ANALYSIS 
The performance of Digital Signal Processing 

(DSP) algorithms in reducing noise during 

wireless image transmission was evaluated under 

varying Signal-to-Noise Ratio (SNR) levels (5 dB, 

10 dB, 15 dB, and 20 dB). The results are 

summarized in Table 1, which presents the Peak 

Signal-to-Noise Ratio (PSNR), Structural 

Similarity Index (SSIM), and Bit Error Rate (BER) 

for each algorithm. To provide a more insightful 

visualization, Figures 1, 2, and 3 display heatmaps 

illustrating the PSNR, SSIM, and BER values for 

different algorithms. 
 

Peak Signal-to-Noise Ratio (PSNR) Analysis 
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Figure 2: PSNR values for different DSP algorithms under various SNR Levels 

 

PSNR values, which measure image quality after 

noise reduction, indicate that the Kalman filter 

consistently outperforms other algorithms across 

all SNR levels. Table 1 shows that at SNR = 5 dB, 

the PSNR for Kalman filtering is 23.1 dB, whereas 

Wiener filtering, wavelet-based denoising, and 

median filtering achieve 21.5 dB, 22.3 dB, and 

20.8 dB, respectively. As the SNR increases to 20 

dB, the PSNR for Kalman filtering improves to 

33.2 dB, significantly higher than the other 

methods. Figure 1 visualizes these PSNR trends, 

where Kalman filtering demonstrates the best 

noise suppression performance. 
 

Statistical analysis using a one-way ANOVA test 

across all PSNR values revealed a p-value of 

<0.001, confirming that the differences among the 

algorithms are statistically significant. A post-hoc 

Tukey’s test showed that Kalman filtering 

significantly outperforms the other algorithms (p < 

0.05). 
 

Structural Similarity Index (SSIM) Analysis 
 

 
Figure 3: SSIM values for different DSP algorithms under various SNR levels 

 

SSIM values reflect the perceived image quality by 

measuring the structural similarity between the 

original and noise-filtered images. As presented in 

Table 1, at SNR = 5 dB, the SSIM for Kalman 
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filtering is 0.75, while Wiener filtering, wavelet 

denoising, and median filtering achieve 0.68, 0.72, 

and 0.65, respectively. At SNR = 20 dB, the 

Kalman filter improves SSIM to 0.96, the highest 

among all algorithms. Figure 2 provides a heatmap 

of SSIM values, further confirming Kalman 

filtering’s superior performance in retaining image 

structure. 

 

A paired t-test comparing the pre- and post-

filtering SSIM values showed a statistically 

significant improvement for all algorithms (p < 

0.01), with Kalman filtering achieving the highest 

enhancement. 
 

Bit Error Rate (BER) Performance 

 

 
Figure 4: BER values for different DSP algorithms under various SNR levels 

 

BER is a crucial metric for wireless transmission, 

indicating the proportion of erroneous bits 

received due to noise. As shown in Table 1, at 

SNR = 5 dB, Kalman filtering achieves the lowest 

BER (0.10), while Wiener filtering, wavelet 

denoising, and median filtering record BER values 

of 0.14, 0.12, and 0.16, respectively. At SNR = 20 

dB, Kalman filtering reduces BER to 0.005, 

significantly lower than other methods. Figure 3 

provides a heatmap visualization of BER trends. 
 

A chi-square test comparing BER values among 

different algorithms yielded a p-value < 0.01, 

indicating significant differences in noise 

reduction effectiveness. Kalman filtering 

consistently exhibits the lowest BER, making it the 

most effective for noise reduction in wireless 

image transmission. 
 

Computational Complexity Consideration 

In addition to quality metrics, the computational 

efficiency of each algorithm was assessed. Kalman 

filtering, despite offering the best noise reduction 

performance, has the highest computational cost, 

making it less suitable for real-time applications 

with limited processing power. Median filtering, 

while computationally efficient, has the lowest 

PSNR and SSIM scores, making it less effective 

for high-quality image reconstruction. 
 

DISCUSSION 
The study aimed to evaluate the efficiency of 

Digital Signal Processing (DSP) algorithms for 

noise reduction in Wireless Image Transmission 

Systems (WITS) under varying Signal-to-Noise 

Ratio (SNR) levels. The results demonstrated that 

different DSP techniques exhibit varying degrees 

of effectiveness, with Kalman filtering emerging 

as the most robust noise suppression method, 

followed by wavelet-based denoising, Wiener 

filtering, and median filtering. This discussion 

elaborates on the implications of these findings, 

compares the algorithms, and highlights potential 

trade-offs in their application. 
 

Effectiveness of DSP Algorithms in Noise 

Reduction 

Peak Signal-to-Noise Ratio (PSNR) Analysis 

PSNR is a crucial measure of image quality, where 

higher values indicate better noise suppression and 
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image reconstruction. The results from Table 1 

indicate that Kalman filtering achieves the highest 

PSNR across all SNR levels, with a peak value of 

33.2 dB at SNR = 20 dB. This suggests that 

Kalman filtering is highly effective in maintaining 

image fidelity even under severe noise conditions. 

Wavelet-based denoising follows closely, reaching 

32.0 dB at SNR = 20 dB, demonstrating its 

suitability for multi-resolution noise removal 

(Wang, et al., 2008). 
 

Conversely, median filtering consistently records 

the lowest PSNR values, ranging from 20.8 dB at 

SNR = 5 dB to 30.1 dB at SNR = 20 dB. This 

indicates that, while it can mitigate certain noise 

types like impulse noise, it struggles with high-

frequency distortions and blurring. Wiener 

filtering performs moderately, suggesting its 

effectiveness in handling additive Gaussian noise 

but not more complex distortions (Lecuire, et al., 

2007). The statistical ANOVA test (p < 0.001) 

confirms the significant differences in PSNR 

values across algorithms, reinforcing Kalman 

filtering’s superior performance. 
 

Structural Similarity Index (SSIM) 

Performance 

SSIM is a perceptual quality metric that evaluates 

structural similarities between the original and 

filtered images. As seen in Table 1, Kalman 

filtering achieves the highest SSIM of 0.96 at SNR 

= 20 dB, demonstrating its ability to preserve fine 

image details. Wavelet-based denoising follows 

closely at 0.94, indicating that multi-resolution 

decomposition effectively reduces noise without 

excessive blurring (Himeur & Boukabou, 2017). 
 

Wiener filtering achieves SSIM values of 0.92 at 

SNR = 20 dB, making it a reliable but slightly less 

effective technique. Meanwhile, median filtering 

scores the lowest (0.90 at SNR = 20 dB), 

suggesting that it removes noise at the cost of 

structural distortions. The paired t-test (p < 0.01) 

confirms the statistical significance of these 

findings, highlighting that Kalman and wavelet-

based denoising are optimal choices for SSIM 

preservation (Madisetti & Young, 2018). 
 

Impact on Bit Error Rate (BER) in Wireless 

Transmission 

BER is a critical metric in wireless 

communication, representing the proportion of 

corrupted bits during image transmission. The 

results in Table 1 reveal that Kalman filtering 

achieves the lowest BER across all SNR levels, 

with a value of just 0.005 at SNR = 20 dB. This 

indicates that Kalman filtering significantly 

enhances transmission accuracy, making it a 

highly effective method for real-time wireless 

applications (Tung & Gündüz, 2018). 
 

Wavelet-based denoising and Wiener filtering also 

perform well, with BER values of 0.009 and 0.01 

at SNR = 20 dB, respectively. However, median 

filtering records the highest BER values, 

suggesting that its noise removal approach does 

not effectively correct transmission errors. The 

chi-square test (p < 0.01) confirms the significant 

differences in BER across all methods, reinforcing 

Kalman filtering’s superiority in minimizing errors 

during wireless transmission (Bourtsoulatze, et al., 

2019). 
 

Computational Complexity and Real-Time 

Implementation 

Despite its superior noise reduction performance, 

Kalman filtering has the highest computational 

cost. Since it relies on recursive state-space 

estimation, real-time implementation in resource-

constrained wireless systems may be challenging, 

especially for high-resolution images. Wavelet-

based denoising emerges as a practical alternative, 

offering a balance between performance and 

computational feasibility (Sadoudi, et al., 2013). 
 

Wiener filtering, being a linear filter, is 

computationally less demanding, making it a 

viable choice for scenarios requiring moderate 

noise suppression without excessive processing 

power (Jarrahi, et al., 2024). Conversely, median 

filtering, though computationally efficient, delivers 

the weakest noise reduction performance, making 

it unsuitable for high-quality image reconstruction 

in wireless environments (Lokumarambage, et al., 

2023). 
 

Practical Implications for Wireless Image 

Transmission Systems (WITS) 

The findings hold significant implications for 

wireless image transmission applications such as 

telemedicine, remote sensing, and surveillance 

systems (Atallah, et al., 2016). Kalman filtering’s 

ability to deliver superior PSNR, SSIM, and BER 

performance makes it the ideal choice for high-

accuracy applications where computational 

constraints are not an issue (Zamkotsian, et al., 

2013). 
 

For applications requiring real-time processing 

with limited hardware resources, wavelet-based 

denoising offers a strong alternative, as it 

maintains image quality while being 

computationally efficient. Wiener filtering may be 
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suited for moderate noise conditions, while median 

filtering should be avoided in scenarios requiring 

high fidelity (Alhayani, B. S. & Llhan, 2021). 
 

Furthermore, the study highlights the importance 

of choosing the right DSP algorithm depending on 

the wireless network conditions. For example, in a 

highly noisy channel (low SNR), Kalman filtering 

is the most reliable approach, whereas in moderate 

SNR environments, wavelet-based denoising may 

be sufficient (Bourtsoulatze, et al., 2019). 
 

LIMITATIONS AND FUTURE WORK 
While the study provides comprehensive insights 

into DSP-based noise reduction in WITS, some 

limitations remain. The experiments were 

conducted under simulated noise conditions, and 

real-world variations, such as interference, packet 

loss, and hardware imperfections, were not fully 

accounted for. Future work should involve: 

 Testing the algorithms in real-time wireless 

transmission scenarios using different 

hardware platforms. 

 Exploring deep learning-based noise reduction 

models, such as convolutional neural networks 

(CNNs) and transformer-based denoisers, 

which may outperform traditional DSP 

approaches. 

 Developing hybrid approaches that combine 

Kalman filtering with wavelet-based denoising 

to enhance both performance and 

computational efficiency. 
 

CONCLUSION 
This study provides an in-depth comparative 

analysis of four DSP algorithms for noise 

reduction in Wireless Image Transmission 

Systems. The results demonstrate that Kalman 

filtering consistently outperforms other techniques 

in terms of PSNR, SSIM, and BER, making it the 

most effective choice for high-quality image 

transmission. However, its high computational cost 

poses challenges for real-time applications. 

Wavelet-based denoising offers a strong 

alternative, achieving comparable performance 

with lower computational demands. Wiener 

filtering provides moderate noise suppression, 

while median filtering is the least effective method 

for high-fidelity applications. 
 

The statistical analyses confirm the significance of 

these findings, guiding future research toward 

optimizing DSP techniques for real-time wireless 

transmission. The study underscores the need for 

balancing noise reduction efficiency with 

computational feasibility, ensuring that DSP 

algorithms are tailored to specific application 

needs in modern wireless imaging systems. 
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