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Abstract: In digital image restoration, one of the key tasks is the removal of Salt & Pepper noise. While
traditional filters are commonly used, they often fail to preserve image sharpness under high-density noise
conditions. This research presents a comparative analysis of an Adaptive Nonlinear Hybrid Filter and
conventional filters, such as Median, Adaptive Median, and Mean filters. To evaluate performance, multiple
experiments were conducted on color images with varying levels of Salt & Pepper noise. Quantitative
assessment using PSNR, MSE, and SSIM metrics demonstrates that the proposed hybrid filter achieves
improved accuracy in noise elimination while effectively preserving edges. These observations indicate that
the Adaptive Nonlinear Hybrid Filter is more efficient and robust compared to traditional filtering approaches
for restoring digital color images.

Index Terms - Salt and Pepper Noise, Image Restoration, Median and Adaptive Median Filters, Nonlinear
Hybrid Filter, Edge Preservation, Image Quality Metrics (PSNR, MSE, SSIM).

|.INTRODUCTION

Digital images are extensively utilized in diverse domains, including medical diagnostics, remote sensing,
and industrial automation[2]. However, during image acquisition or transmission, they are often degraded by
impulse noise particularly salt-and-pepper noise—which significantly reduces visual quality and hampers
subsequent analytical tasks [1][2]. Traditional noise removal techniques, such as the median and adaptive
median filters, have been widely used because of their simplicity and low computational overhead [6][14].
These methods are generally effective at low noise densities; however, as the noise level increases, their ability
to preserve edges and fine image details substantially diminishes [22]. To overcome these drawbacks,
researchers have developed adaptive nonlinear hybrid filters that integrate multiple denoising principles
statistical, decision-based, and fuzzy logic components to adjust dynamically according to local noise
properties [4][5][7]. Such adaptability enables these filters to enhance noise suppression while maintaining
important structural details [4][5]. Experimental evidence indicates that hybrid methods outperform
conventional filters in terms of Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM),
particularly in scenarios involving high-density noise [1][22]. Despite extensive research, systematic
comparative evaluations between hybrid and traditional approaches remain limited [1]. Therefore, the present
study aims to address this gap by assessing the performance of adaptive nonlinear hybrid filters relative to
classical techniques, emphasizing their efficiency, adaptability, and suitability under varying noise conditions
[1]1[17][22]. Recent developments in image processing underscore the growing importance of adaptability and
nonlinearity in noise reduction models [3][6]. Conventional filters rely on fixed window operations and
predefined decision criteria, which limit their flexibility in handling variable noise distributions [2][8]. In
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contrast, adaptive nonlinear hybrid filters dynamically alter their behaviour based on localized image
statistics, allowing superior edge retention and detail reconstruction even in highly corrupted images
[3][6][19]. Unlike conventional filters that uniformly process all regions, hybrid frameworks incorporate
statistical inference and fuzzy logic control to distinguish between corrupted and uncorrupted pixels, thereby
minimizing unnecessary modifications [4][5][20]. Furthermore, combining decision based algorithms with
adaptive median mechanisms significantly improves overall image fidelity across diverse datasets [6][13][15].
Studies show that hybrid fuzzy— median filters can effectively eliminate impulse noise while preserving the
natural textures of complex images, outperforming classical mean and median filters [7][16] [18].
Additionally, the integration of machine-learning-based optimization techniques, such as genetic
programming and adaptive thresholding, further enhances a filter’s capability to manage mixed or variable-
density noise [9][10][12]. These advanced hybrid models not only yield higher PSNR values but also maintain
improved SSIM performance, confirming their robustness for practical implementations in medical imaging,
remote sensing, and real-time visual surveillance systems [11][18].

Literature Review

I1. TRADITIONAL FILTERING APPROACHES

Traditional filtering approaches have long served as the foundation of digital image denoising, particularly
for eliminating impulse noise such as salt-and-pepper noise [1] [2]. These classical methods rely on spatial
domain operations that process local pixel neighbourhoods to restore corrupted intensity values [1][2]. Among
them, the median filter remains one of the most widely recognized due to its non-linear nature and
computational simplicity [6][8][14]. By replacing each pixel with the median of the surrounding
neighbourhood, this filter effectively removes isolated noise spikes while maintaining basic edge information
[6][8][14]. Its robustness against outliers and low implementation cost made it a default choice for early image
restoration systems [6][8][14]. However, the conventional median filter performs optimally only at low noise
densities, where the number of corrupted pixels is limited [22]. As the noise density increases, the median
value tends to be influenced by noisy pixels, causing edge blurring and the loss of fine structural details [22].
To overcome this limitation, the Adaptive Median Filter (AMF) was introduced, which dynamically adjusts
the window size depending on the local statistical characteristics of the image [6][8][14]. The adaptive
mechanism helps the filter handle varying levels of noise within different image regions, improving overall
noise removal and edge retention [22]. Despite these improvements, AMF suffers from increased
computational complexity and can still blur intricate features in heavily corrupted images [22]. Other
enhancements, such as Weighted Median Filters (WMF) and Center-Weighted Median Filters (CWMF), have
been proposed to preserve high-frequency components by assigning different weights to pixels within the
filtering window[6][8][14]. These modifications improve performance on edges and textured regions by
emphasizing the central pixel, which is less likely to be noise-free in homogeneous areas [22]. Although these
variants enhance visual quality, they still fail to achieve satisfactory results at higher noise levels, especially
beyond 50% salt-and-pepper corruption [22]. Traditional filters also include mean-based and averaging filters,
which calculate the mean of surrounding pixels to smooth variations [2][8]. While these methods are effective
for Gaussian or random noise, they perform poorly for impulse noise because the mean operation is heavily
affected by extreme pixel values [2]. As a result, these filters tend to blur the image excessively, causing
significant detail loss [1][3]. The lack of adaptability in these linear filters restricts their use in applications
where edge sharpness and texture preservation are critical [1][3][6]. Another category, the Standard Deviation
Filter and Wiener Filter, attempts to adapt the filtering strength according to local variance [2][8]. While the
Wiener filter performs well for additive Gaussian noise, it is less suitable for salt-and-pepper noise, which
follows a non-Gaussian impulsive distribution [2][8]. Consequently, its ability to reconstruct corrupted pixels
in highly degraded images remains limited [22]. Moreover, traditional filters employ static decision rules and
fixed window operations, which limit their adaptability in handling complex noise environments [2][8]. They
treat all regions of the image uniformly, without distinguishing between noisy and noise-free pixels, resulting
in unnecessary pixel modifications that degrade texture and contrast [1][3] [6]. This uniformity often leads to
poor performance in applications such as medical imaging, where the preservation of minute structural details
is crucial, and in remote sensing, where edge precision directly affects object recognition accuracy [1][3][6].
The computational efficiency of traditional filters remains a significant advantage in real-time applications
[6][8][14]. Their straightforward design enables easy hardware and software implementation, making them
suitable for embedded image-processing systems[8][14]. Nevertheless, as image resolution and complexity
have increased, their limitations have become more apparent, especially when dealing with high-density
impulse noise or mixed noise environments [22]. In response to these shortcomings, modern research has
focused on developing adaptive nonlinear hybrid filtering frameworks that can overcome the rigidity of
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conventional filters [5] [7] [21]. These hybrid methods combine multiple decision mechanisms and statistical
models to achieve dynamic adaptability and improved performance under diverse conditions [20] [21]. While
traditional filters laid the groundwork for image denoising, they have now evolved into benchmark models for
comparing the efficiency and accuracy of newer hybrid approaches [1] [17] [22]. Traditional filters have long
served as the foundation for salt-and-pepper noise removal in digital images [6][8][22]. Median filters, being
simple and computationally efficient, were among the earliest and most widely adopted methods [6][8]. These
filters operate by replacing each pixel with the median of its neighbouring pixels, effectively suppressing
isolated noisy points while maintaining the general image structure [6] [8][14]. However, their performance
degrades as the noise density increases, often resulting in edge blurring and the loss of fine details [22]. To
overcome these limitations, adaptive median filters were developed to dynamically adjust the filtering window
size according to local noise characteristics, thereby improving denoising performance in regions with high
noise concentration [6] [14] [22]. Similarly, selective mean filters and other edge-preserving variants were later
introduced to reduce the over-smoothing effects on critical image structures [14] [22]. To overcome the
inherent limitations of traditional filters, adaptive and nonlinear hybrid filters have been developed. These
methods integrate multiple strategies, combining statistical, fuzzy, and decision-based techniques to enhance
noise removal while preserving structural details [4] [7] [20] [21]. The Adaptive Type-2 Fuzzy Filter (AT-2FF)
proposed by Singh [4] uses fuzzy logic to model uncertainty in noisy pixels, enabling adaptive processing that
improves performance under high-density noise conditions. Similarly, decision-based hybrid filters adjust their
behavior according to local image features, maintaining high-frequency details while suppressing noise [7]
[20]. The Regeneration Filter and Riesz Mean-based hybrid approaches [5] [21] further illustrate how
combining different denoising strategies can significantly enhance edge preservation and visual quality.
Comparative studies indicate that hybrid filters consistently outperform traditional methods in terms of
quantitative metrics such as peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM)
[1][17][22]. Moreover, these filters demonstrate robustness across a range of noise densities, providing reliable
restoration even in highly corrupted images. The adaptability of nonlinear hybrid filters makes them
particularly valuable for applications where image fidelity is critical, such as medical imaging, remote sensing,
and industrial inspection [1] [7].

111. OPTIMIZATION-BASED AND FuzzY APPROACHES

Optimization-based methods have also been incorporated into hybrid filtering frameworks to further
enhance denoising performance. L1 Weighted Nuclear Norm Minimization [1] and tensor low-rank prior
models [17] apply mathematical regularization to reconstruct corrupted images with minimal distortion.
Edge-adaptive total variation filters [13] complement these methods by preserving high-frequency details
during the noise suppression process. Fuzzy-based models, such as the AT2FF [4], handle uncertainty in
pixel classification, allowing for selective filtering that adapts to the local image structure. These approaches
address critical limitations of traditional filters by providing both flexibility and enhanced noise
discrimination. Hybrid filters that integrate optimization and fuzzy logic demonstrate superior performance
for high density impulse noise, maintaining both visual quality and computational efficiency [5][17].

1V. COMPARATIVE OBSERVATIONS AND RESEARCH GAPS

Multiple studies emphasize that adaptive nonlinear hybrid filters outperform traditional filtering techniques,
particularly in challenging high-density noise scenarios [5][7][21]. While traditional filters are simple and fast,
their inability to adapt to local noise variations limits their practical applicability in real-world situations.
Conversely, hybrid filters dynamically adjust to noise characteristics and preserve structural details, resulting
in higher PSNR and SSIM scores [1][17][22]. Nevertheless, several gaps remain in the literature. Many hybrid
models require high computational resources, which can constrain their use in real-time applications [11][19].
Comprehensive comparative evaluations across different image types, noise densities, and performance metrics
are still limited, highlighting the need for systematic analysis. Furthermore, few studies provide standardized
benchmarks for comparing hybrid and traditional approaches under identical conditions [21]. This review
addresses these gaps by evaluating the performance of adaptive nonlinear hybrid filters relative to traditional
filtering techniques, providing insights into their strengths, limitations, and suitability for various applications.
By systematically analyzing prior research, this paper aims to guide the selection of effective denoising
methods based on application requirements and noise conditions.
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V. Emerging Trends and Future Directions

The field of image denoising has witnessed rapid transformation in recent years, driven by the integration
of advanced computational intelligence, deep learning, and hybrid optimization strategies [1][3][6]. These
emerging trends emphasize adaptivity, data-driven learning, and context awareness, marking a significant
shift from traditional static filtering toward dynamic, intelligent restoration frameworks [1][3][6]. The
ongoing research reflects a paradigm shift from rule-based algorithms to models that learn complex noise
patterns directly from data, enabling superior performance in real-world imaging scenarios [11] [12]. A key
trend is the fusion of machine learning with traditional and fuzzy logic-based filters, resulting in hybrid
systems that automatically adjust filtering parameters through data-driven optimization [9][10][12]. These
methods utilize supervised or unsupervised learning models to extract statistical features from corrupted
images, which are then used to predict optimal filtering behaviours [9][10][12]. For example, integrating
genetic algorithms and particle swarm optimization with neural networks allows dynamic tuning of noise
thresholds, improving denoising accuracy across different image modalities [9][10][12]. Such learning guided
frameworks not only enhance peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) but
also minimize computational cost by intelligently prioritizing high-noise regions [11][12]. Another emerging
research direction involves the use of deep learning architectures, particularly Convolutional Neural Networks
(CNNs) and autoencoders, for end-to-end denoising [9] [10]. Unlike classical filters, which depend on
predefined mathematical models, CNN-based denoisers learn to map noisy inputs to clean outputs through
hierarchical feature extraction [9], [10]. These models are capable of capturing both local and global
contextual information, thereby reconstructing images with high fidelity even under complex noise conditions
[9][10]. Furthermore, transformer based architectures have recently shown potential in denoising tasks by
leveraging long-range dependencies within images [11][12]. Their ability to model contextual relationships
between distant pixels enables more coherent texture reconstruction and improved visual realism [11][12].
Recent research also focuses on unsupervised and semi supervised learning frameworks, which are
particularly useful when clean ground-truth images are unavailable [11][12]. These models employ self-
learning mechanisms to infer noise characteristics from the data itself, reducing dependence on extensive
labelled datasets [9][10]. The combination of adversarial learning and variational inference has further
improved robustness against unseen noise types and domain variations [9][10][12]. In particular, Generative
Adversarial Networks (GANSs) have demonstrated strong capability in restoring structural and textural details
without excessive smoothing, outperforming traditional and hybrid models in perceptual - quality The
concept of real-time adaptive denoising is another promising direction that aims to deploy noise removal
models in hardware-constrained environments, such as embedded vision systems and mobile imaging devices
[6][8][14]. Optimization of computational complexity remains a critical focus, with researchers exploring
lightweight neural architectures and quantization-based inference to achieve faster processing speeds without
significant loss in accuracy [9][10]. These developments have made it possible to apply denoising algorithms
in time sensitive applications such as autonomous driving, surveillance, and medical diagnostics [11][12][18].
Moreover, the trend toward explainable artificial intelligence (XAI) in image processing seeks to make
denoising models more transparent and interpretable [11] [12]. Traditional filtering approaches offer clear
mathematical reasoning but lack flexibility, whereas deep models provide superior performance but often
operate as “black boxes” [11] [12]. The integration of explainable Al with fuzzy logic and decision-based
frameworks can help bridge this gap by providing human-understandable reasoning behind denoising
decisions [4][5][20]. Such approaches not only improve model trustworthiness but also support regulatory
compliance in safety-critical fields like medical imaging [11][12]. Emerging research is also emphasizing
multi-modal and multi-sensor data fusion for denoising tasks [1][3][6]. For example, integrating data from
visible, infrared, and hyperspectral sensors allows the denoising system to exploit complementary information
across modalities [1][3][6]. This fusion-based strategy enhances the system’s ability to differentiate between
signal and noise, leading to higher fidelity reconstructions and improved generalization [9][10]. These multi-
modal frameworks are particularly beneficial in remote sensing and defense imaging, where reliability and
accuracy are of paramount importance [11][12][18]. The future directions in image denoising research point
toward highly adaptive, interpretable, and efficient systems that combine the strengths of statistical, fuzzy,
and deep learning methodologies [4] [21]. Hybrid intelligence models that unite rule-based reasoning with
data-driven learning are expected to dominate the next generation of denoising algorithms [4][5][7][21].
Furthermore, the incorporation of context-aware processing, domain adaptation, and unsupervised
optimization will enable noise removal systems to operate effectively across diverse environments without
retraining [9] [10] [12]. In conclusion, emerging trends in optimization-based and fuzzy-enhanced learning
frameworks demonstrate that the future of image denoising lies in adaptive hybridization [4], [20][21]. With
continual advancements in computational intelligence and hardware efficiency, future denoising models are
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expected to achieve human-level perceptual quality, delivering cleaner, more accurate, and context-sensitive
visual outputs suitable for real-world deployment [11] [12] [18].

1. Integration with Deep Learning

Recent studies have combined hybrid filters with deep convolutional neural networks (CNNs) and
transformer based models to improve adaptive noise removal [15] [17]. These methods leverage learned
features to identify and suppress noise more effectively than conventional rule-based approaches, particularly
in high-density and complex noise scenarios.

2. Multi-Scale and Adaptive Thresholding Approaches

Multi-scale hybrid filters apply noise reduction at different resolution levels, enabling better edge
preservation and texture retention [5] [21]. Adaptive thresholding strategies allow the filter to dynamically
adjust its parameters based on local noise characteristics, improving both visual quality and quantitative
metrics such as PSNR and SSIM.

3. Application-Specific Enhancements
Hybrid filters are increasingly being tailored for specific applications:
e Medical Imaging: Preserving subtle tissue details while removing noise in MRI and CT scans [12].

o Satellite and Remote Sensing: Maintaining terrain and structural details in high-resolution images [1] [17].
e Industrial Inspection: Detecting defects in materials or machinery components while filtering out spurious
noise [7] [21].

e In real-time surveillance footage, hybrid filters enhance object visibility under low-light or noisy
transmission conditions, ensuring clearer feature extraction for motion tracking and face recognition [11] [17].

4. Real-Time and Efficient Implementations:

One of the major challenges with hybrid filters is computational complexity. Recent approaches have
explored algorithmic optimizations and hardware acceleration to make hybrid filtering feasible for real-time
applications [11] [19]. These developments are critical for deployment in practical systems including
autonomous vehicles and industrial automation.

5. Comparison Graph
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6. Future Research Opportunities

While hybrid filters show superior performance, gaps remain:
- Standardized benchmark datasets and evaluation protocols are limited [21].

Color and multi-channel images present additional challenges in noise suppression [8] [20].
+ Integration of Al-driven parameter tuning with hybrid filtering could further improve adaptability and
efficiency [15] [17].
«  Exploring cross-domain applications, e.g., combining hybrid filters with video denoising or hyperspectral
imaging, represents a promising avenue.
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7. Gap Analysis
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8. Summary and ldentified Research Gaps:

The reviewed literature establishes that salt-and-pepper noise remains a persistent challenge in digital
image processing, particularly in applications demanding high precision such as medical diagnostics,
surveillance, and remote sensing. Over the years, traditional filtering methods like median, mean, and adaptive
median filters have formed the foundation for noise removal due to their simplicity and ease of implementation
[6][8][14]. However, these conventional approaches exhibit limitations under high noise densities, where the
filters tend to blur image details and distort edges [17][20]. Recent advancements have introduced adaptive
nonlinear hybrid filters, which effectively combine multiple denoising strategies such as decision-based
mechanisms, fuzzy logic, and optimization algorithms to overcome the drawbacks of conventional filters
[4]1[7][16]. These hybrid models dynamically adjust their filtering behavior based on local noise
characteristics, resulting in improved edge preservation, higher PSNR, and structural similarity indices
(SSIM) when compared to their traditional counterparts [5][11]. Despite their superior performance, hybrid
techniques often demand higher computational resources, making them less suitable for real time or low-
power applications [19][21]. While some studies have integrated genetic algorithms, deep neural networks,
and adaptive thresholding to enhance noise suppression [15] [17]. standardization remains a key issue. The
absence of a unified evaluation protocol and common datasets for benchmarking makes-it difficult to compare
different hybrid models on a consistent basis. Furthermore, most comparative analyses focus either on
grayscale or synthetic images, neglecting color and textured image datasets, which behave differently under
noise influence [8] [20]. Another identified gap lies in the trade-off between complexity and performance.
Although adaptive nonlinear hybrid filters provide superior denoising capabilities, they often compromise on
processing speed and energy efficiency. Addressing this issue requires lightweight hybrid architectures that
can achieve high accuracy with reduced computational demand. Moreover, current research still lacks
exploration of real-time implementations on embedded hardware platforms for practical applications like
autonomous driving, satellite imaging, or telemedicine [12][17]. In summary, existing research demonstrates
the potential of hybrid filters to outperform traditional methods in terms of accuracy and adaptability.
However, significant challenges remain in achieving scalability, realtime efficiency, and standardized
benchmarking. Therefore, this comparative study aims to analyze the performance trade-offs between
adaptive nonlinear hybrid filters and traditional filtering techniques, contributing to the ongoing effort of
developing efficient, application-specific denoising frameworks.
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