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Abstract: - Region extraction is a fundamental task in image analysis, serving as a prerequisite for higher-level processes such as
object recognition, tracking, and scene understanding. However, the presence of noise, illumination variations, and complex
backgrounds significantly degrades the performance of traditional segmentation techniques. Static pixel classification methods often
rely on fixed thresholds or global criteria, making them highly sensitive to noise and intensity fluctuations. To address these
challenges, this paper proposes a noise-resilient region extraction framework based on dynamic pixel classification. The proposed
approach adaptively classifies pixels by incorporating local intensity statistics, spatial context, and neighborhood consistency,
enabling robust region extraction even in noisy environments. Noise suppression is integrated into the classification process rather
than treated as a separate preprocessing step. The dynamic nature of pixel classification allows the method to adjust decision
boundaries in response to local image characteristics. Experimental evaluations on benchmark image datasets demonstrate that the
proposed method achieves superior robustness to noise and improved region extraction accuracy compared to conventional
thresholding and clustering-based segmentation techniques. The results confirm the effectiveness of dynamic pixel classification
for reliable image region extraction under challenging conditions..
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1. Introduction Dynamic pixel classification provides a promising alternative
by adapting classification decisions based on local image
characteristics. Instead of assigning pixel labels solely based
on global criteria, dynamic methods consider neighborhood
statistics, spatial relationships, and contextual information.

Image region extraction aims to partition an image into
homogeneous and meaningful regions that correspond to
objects or areas of interest. It plays a critical role in various
computer vision applications, including medical image

] - ’ - ¢ This adaptive behavior enhances robustness to noise and
analysis, remote sensing, surveillance systems, and industrial

. ) ’ T ) ) preserves meaningful image structures.

inspection. Accurate region extraction is essential for reliable

interpretation and decision-making in these applications. This paper proposes a noise-resilient region extraction
approach based on dynamic pixel classification. The method
integrates noise suppression and classification into a unified
framework, enabling adaptive decision-making at the pixel

level. The main contributions of this work include:

One of the major challenges in region extraction is noise,
which may arise from sensor limitations, transmission errors,
environmental conditions, or acquisition processes. Noise
introduces intensity variations that distort object boundaries
and reduce the effectiveness of segmentation algorithms. In 1. A dynamic pixel classification strategy that adapts
addition, non-uniform illumination and background clutter to local intensity variations.

further complicate the extraction of coherent regions. . . . . .
2. An integrated noise-resilient region extraction

Traditional segmentation techniques often rely on static pixel framework.
classification strategies, where decision boundaries are
determined using fixed thresholds or global image statistics.
While these approaches are computationally efficient, they
lack adaptability and tend to perform poorly in noisy or

3. A comprehensive evaluation demonstrating
improved robustness and accuracy compared to
conventional methods.

heterogeneous images. Preprocessing techniques such as The remainder of the paper is organized as follows. Section 2
filtering are commonly applied to reduce noise; however, reviews related work in noise-robust segmentation and pixel
excessive smoothing may lead to loss of important structural classification. Section 3 describes the proposed methodology.
details.

Section 4 presents the experimental setup and evaluation
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metrics. Section 5 discusses the results and comparative
analysis. Section 6 concludes the paper and outlines future
research directions.

2. Related Work

Noise-robust image segmentation has been an active area of
research for several decades. Early segmentation techniques,
such as global thresholding and edge detection, are highly
sensitive to noise and intensity variations. To address these
issues, researchers have developed filtering techniques to
suppress noise prior to segmentation. However, separating
noise reduction from segmentation often leads to suboptimal
results.

Clustering-based methods, such as k-means and fuzzy c-
means (FCM), have been widely used for region extraction.
FCM introduces soft membership functions that provide
some robustness to noise. However, traditional FCM does not
explicitly incorporate spatial information, making it
susceptible to noisy pixels.

Region-based methods, including region growing and split-
and-merge techniques, exploit spatial continuity but depend
heavily on seed selection and similarity criteria. These
methods may fail in noisy environments where region
homogeneity is disrupted.

Graph-based segmentation techniques, such as normalized
cuts and graph cuts, model images as graphs and partition
them based on similarity measures. While effective, these
methods are computationally expensive and sensitive to
parameter selection.

Dynamic pixel classification approaches adapt classification
decisions based on local context and statistical properties.
These methods have shown promise in handling noise and
illumination variations. By integrating spatial and intensity
information, dynamic approaches achieve more consistent
region extraction results.

Recent advances in machine learning and deep learning have
introduced learning-based segmentation models. While these
models achieve high accuracy, they require large labeled
datasets and significant computational resources. In contrast,
dynamic pixel classification offers an efficient and
interpretable alternative for noise-resilient region extraction.

3. Proposed Methodology
3.1 Overview

The proposed noise-resilient region extraction framework
consists of four main stages: image preprocessing, dynamic
pixel classification, region consistency enforcement, and final
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region extraction. The overall workflow is illustrated in
Figure 1.

3.2 Image Preprocessing

Preprocessing aims to standardize input images and reduce
extreme noise while preserving important structures. Images
are converted to grayscale if necessary and normalized to a
common intensity range. A mild smoothing filter, such as a
median filter, is applied to suppress impulsive noise without
blurring edges excessively.

3.3 Dynamic Pixel Classification

Dynamic pixel classification is the core component of the
proposed approach. For each pixel, a local neighborhood
window is defined, and statistical measures such as local
mean and variance are computed. These measures are used to
adaptively determine classification criteria.

Instead of using a fixed threshold, the classification decision
is dynamically adjusted based on local statistics. Pixels are
assigned to regions by comparing their intensities with locally
derived decision boundaries. This adaptive strategy allows
the method to accommodate variations in illumination and
noise levels.

3.4 Incorporation of Spatial Context

To enhance noise resilience, spatial context is incorporated
into the classification process. The labels of neighboring
pixels are considered to enforce local consistency. A majority
voting or weighted neighborhood scheme is used to reduce
the influence of isolated noisy pixels.

3.5 Region Consistency Enforcement

After initial pixel -classification, region consistency
enforcement is applied to refine extracted regions. Small
isolated regions are removed, and fragmented regions are
merged based on similarity and spatial proximity.
Morphological operations may be used to smooth region
boundaries and fill small gaps.

3.6 Final Region Extraction

The refined pixel labels are used to generate the final region
extraction output. Connected component analysis is applied
to identify distinct regions for further analysis or higher-level
processing.

4. Experimental Setup and Evaluation Metrics
4.1 Dataset Description

The proposed method is evaluated using publicly available
benchmark image datasets that include natural scenes,
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medical images, and synthetic images with varying noise
levels. Noise types such as Gaussian noise, salt-and-pepper
noise, and speckle noise are considered.

4.2 Comparative Methods

The proposed approach is compared with several
conventional region extraction techniques, including:

e Global thresholding

e Adaptive thresholding

e  k-means clustering

e  Fuzzy c-means clustering
4.3 Evaluation Metrics

Performance is evaluated using segmentation accuracy, Dice
coefficient, Jaccard index, precision, recall, and robustness to
noise. Computational efficiency is also assessed.

5. Results and Discussion

Experimental results demonstrate that the proposed dynamic
pixel classification approach significantly outperforms
conventional methods in noisy conditions. The method
maintains high segmentation accuracy even at elevated noise
levels. Visual inspection confirms that extracted regions are
more coherent and less affected by noise.

The integration of noise handling into the classification
process eliminates the need for aggressive preprocessing,
preserving important image details. Comparative analysis
shows improved Dice and Jaccard scores, indicating better
region overlap with ground truth.

The proposed approach also achieves favorable
computational performance, making it suitable for real-time
and resource-constrained applications.

6. Conclusion and Future Work

This paper presented a noise-resilient region extraction
framework based on dynamic pixel classification. By
adaptively classifying pixels using local statistics and spatial
context, the proposed method effectively handles noise and
illumination variations. Experimental results confirm its
superiority over traditional segmentation techniques.

Future work will explore adaptive neighborhood selection,
integration with machine learning models, and extension to
color and multi-dimensional images.
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