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Abstract 

Texture analysis is a pivotal area in computer vision and image processing with applications 

spanning from image classification to medical imaging. In this paper, we propose a novel approach 

for adaptive texture image analysis by leveraging foreground and background clustering 

techniques. The conventional texture analysis methods often face challenges in handling complex 

scenes with varying textures and uneven illumination conditions. Our proposed method addresses 

these challenges by dynamically segmenting images into foreground and background regions, 

allowing for more effective texture analysis.The proposed approach consists of two main stages. In 

the first stage, the image is segmented into foreground and background regions using advanced 

clustering algorithms. This step effectively isolates the regions of interest from the complex 

background, enabling focused texture analysis. In the second stage, separate texture analysis 

methods are applied to the foreground and background regions. This adaptive approach recognizes 

that textures in different regions of an image may exhibit varying characteristics and require 

distinct analysis techniques.Foreground texture analysis involves extracting meaningful features 

while considering the local variations within the isolated objects. This process enhances the 

discriminative power of the analysis and improves the accuracy of tasks such as object recognition 

and scene understanding. Meanwhile, background texture analysis focuses on capturing large-scale 

patterns and context, enabling robust analysis in scenarios with intricate backgrounds. 

Introduction 

Image analysis plays a pivotal role in extracting meaningful information from visual data, enabling 

applications across diverse domains such as computer vision, medical imaging, remote sensing, 

and more. One of the fundamental challenges in image analysis is the segmentation of objects of 

interest from their surroundings, commonly referred to as foreground and background separation. 

This process is essential for accurate object recognition, tracking, and various other downstream 

tasks. 

Foreground and background clustering techniques are powerful tools employed in image analysis 

to achieve this segmentation. These techniques aim to partition the pixels or regions within an 

image into distinct clusters, each representing either the foreground or the background. The 
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fundamental premise behind these methods is that pixels belonging to the same object or 

background exhibit similar characteristics in terms of color, texture, intensity, or other visual 

attributes.Foreground and background clustering techniques encompass a spectrum of 

methodologies, ranging from traditional to modern machine learning-based approaches. 

Traditional methods often utilize techniques such as k-means clustering, Gaussian mixture models, 

and graph-based segmentation. These methods rely on predefined criteria and handcrafted 

features to differentiate between foreground and background regions.In recent years, the advent of 

deep learning has revolutionized image analysis. Convolutional Neural Networks (CNNs) and other 

deep architectures have demonstrated remarkable capabilities in automatically learning 

discriminative features from data. Techniques like U-Net, Mask R-CNN, and FCN (Fully 

Convolutional Network) have become popular choices for accurate foreground and background 

segmentation tasks.The applications of foreground and background clustering are extensive. In 

medical imaging, accurate segmentation of tumors from surrounding tissue is critical for diagnosis 

and treatment planning. In surveillance, detecting and tracking objects amidst complex 

backgrounds aids in security and tracking applications. Additionally, these techniques find utility 

in the entertainment industry for creating visual effects and enhancing images. 

Need of the Study 

The need for the study of adaptive texture image analysis using foreground and background 

clustering techniques arises from the inherent complexity of real-world images, where textures play 

a significant role in object recognition, scene understanding, and various image-based applications. 

Traditional image segmentation approaches often struggle to accurately delineate objects in 

textured scenes, leading to compromised results and limiting the effectiveness of downstream 

tasks. This study aims to address these limitations by introducing adaptive texture analysis 

techniques in conjunction with foreground and background clustering methods.Textures are 

pervasive in images, representing intricate patterns, surfaces, and materials. However, existing 

segmentation techniques might fail to distinguish between objects and their textured backgrounds, 

resulting in either over-segmentation or under-segmentation. Adaptive texture analysis seeks to 

overcome these challenges by dynamically adjusting the segmentation process based on the 

inherent textures within the image. By integrating texture-specific cues into the clustering 

algorithms, this study aims to enhance the accuracy and robustness of object 

segmentation.Foreground and background clustering techniques serve as the foundation for this 

study, providing a framework to partition the image pixels or regions effectively. By incorporating 

adaptive texture analysis, the clustering process becomes more nuanced and context-aware, 

considering not only color and intensity but also textural information. This approach promises to 
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yield more coherent object boundaries and better separation of foreground objects from their 

intricate textured backgrounds. 

Literature Review 

Protiere, A., &Sapiro, G. (2007).Interactive image segmentation via adaptive weighted 

distances is a valuable technique that combines user guidance and adaptive distance metrics to 

achieve accurate and contextually meaningful image segmentations. By incorporating user-

provided inputs and adjusting distance metrics based on local image characteristics, this approach 

addresses the challenges posed by variations in object appearance, lighting conditions, and other 

factors that influence segmentation accuracy.The key advantages of this technique lie in its ability 

to leverage both computational analysis and human expertise. Users can initiate the process by 

providing seed points or regions of interest, allowing the algorithm to understand the desired 

segmentation. The adaptive weighted distances then enable the algorithm to consider the 

significance of various image features while calculating pixel similarities. 

Jumb, V., Sohani, M., &Shrivas, A. (2014).The combination of K-means clustering and 

Otsu's adaptive thresholding offers an effective approach to color image segmentation. This 

method leverages both clustering and thresholding techniques to partition an image into distinct 

regions based on color similarity and intensity information.K-means clustering plays a crucial role 

in grouping similar pixels together by considering their color values in the feature space. By 

iteratively updating cluster centers and reassigning pixels to the nearest cluster, K-means identifies 

regions with similar color characteristics. K-means alone might not handle complex color 

distributions well and could lead to over-segmentation or under-segmentation.To address this, 

Otsu's adaptive thresholding is applied to further refine the segmentation. Otsu's method 

automatically determines an optimal threshold value by maximizing the variance between 

segmented foreground and background regions. By binarizing the image based on this threshold, 

Otsu's method enhances the accuracy of segmenting the regions identified by K-means clustering. 

Heikkila, M., &Pietikainen, M. (2006).The texture-based method for modeling the 

background and detecting moving objects presents a powerful approach in computer vision and 

video analysis. By leveraging the inherent characteristics of texture patterns, this method 

effectively addresses the challenge of distinguishing between stationary background and dynamic 

moving objects in complex scenes.The key strength of this approach lies in its ability to capture and 

exploit the intricate details of textures within an image. Through techniques like Local Binary 

Patterns (LBP), Histogram of Oriented Gradients (HOG), and Gabor filters, the method can 

represent and analyze the diverse texture patterns that make up a scene.The process of background 

modeling involves creating a representation of the stationary background using methods like 
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Gaussian Mixture Models (GMM) or pixel-wise statistical measures. By doing so, the method 

establishes a reference point against which texture differences can be measured. 

Charoenpong, T  et  al (2010) The approach of adaptive background modeling from an image 

sequence using K-Means clustering offers a sophisticated solution to the challenge of accurately 

capturing changing scenes and detecting moving objects. By combining the power of K-Means 

clustering with adaptability, this method addresses the intricacies of dynamic environments in 

computer vision and video analysis.The strength of this technique lies in its ability to create an 

evolving background model that accommodates variations in the scene. The adaptability is 

achieved through iterative application of K-Means clustering, where cluster centers learned from 

previous frames guide the segmentation process for the current frame. This adaptiveness ensures 

that the model continuously adjusts to changing background patterns, making it well-suited for 

scenarios involving fluctuating lighting conditions, slowly moving objects, and evolving textures. 

Methodology 

The SFF-IS algorithm, introduced in this research, partitions an image into distinct regions 

through the aggregation of pixels sharing similar attributes around designated seed pixels. This 

method's workflow comprises five key stages, as illustrated in Figure 1.Initially, the algorithm 

automatically pinpoints seed pixels within the given image using the affinity propagation clustering 

algorithm. Subsequently, various features encompassing color, texture, and edges are extracted for 

each individual pixel. Following this, a feature selector, guided by feedback, determines the 

pertinent features that contribute to optimal segmentation outcomes. Subsequent to this, an 

adaptive computation yields an optimal threshold, taking into account the selected features. 

Finally, leveraging the combined features of each pixel and the derived optimal threshold, a 

segmented image mask is generated using the region growing technique. 

The effectiveness of the region growing algorithm relies heavily on the strategic placement of seed 

points. A seed point serves as a representative starting point that typically exhibits strong similarity 

to the neighboring pixels, effectively delineating the area for region expansion. This characteristic 

of a seed point is reminiscent of a cluster center that effectively encapsulates its corresponding 

cluster. Capitalizing on this analogy, we introduce the automatic seeded (AS) algorithm, designed 

to automate the seed point placement process. 

Feature extraction 

Feature extraction is a fundamental concept in the fields of machine learning, signal processing, 

and data analysis. It involves transforming raw data into a set of relevant features or attributes that 

can be used to represent the data in a more informative and concise manner. Feature extraction is 

particularly important when dealing with high-dimensional data or when you want to capture the 

most important characteristics of the data while reducing its dimensionality. 
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Here's a general overview of the feature extraction process: 

Data Collection: Gather the raw data that you want to analyze. This could be images, text, audio, 

sensor readings, etc. 

Preprocessing: Clean and preprocess the raw data to remove noise, handle missing values, and 

perform any necessary normalization or scaling. 

Feature Selection vs. Feature Extraction: There are two main approaches in feature extraction: 

Feature Selection: Involves selecting a subset of the existing features while discarding others. This 

approach aims to retain the most relevant features and discard the redundant or irrelevant ones. 

Feature Extraction: Involves transforming the original features into a new set of features that 

captures important information from the data. This can be done through techniques like Principal 

Component Analysis (PCA), Linear Discriminant Analysis (LDA), t-Distributed Stochastic 

NeighborEmbedding (t-SNE), and more. 

Feature Extraction Techniques: 

Principal Component Analysis (PCA): A technique used to transform high-dimensional data into a 

lower-dimensional space while preserving as much of the original variance as possible. 

Linear Discriminant Analysis (LDA): A method used for dimensionality reduction while 

maximizing the class separability in classification tasks. 

t-Distributed Stochastic Neighbor Embedding (t-SNE): A technique for visualizing high-

dimensional data in a two- or three-dimensional space, often used for exploratory data analysis. 

Word Embeddings (in NLP): Techniques like Word2Vec, GloVe, and FastText that represent words 

as dense vectors in a continuous vector space, capturing semantic relationships between words. 

Convolutional Neural Networks (CNNs): Deep learning models that automatically learn relevant 

features from image data through convolutional layers. 

Recurrent Neural Networks (RNNs): Deep learning models used for sequences, such as time series 

or natural language, that can capture sequential dependencies. 

Applications: Feature extraction is used in various applications, including image recognition, 

natural language processing, speech recognition, recommendation systems, and more. 

Remember that the choice of feature extraction technique depends on the nature of your data and 

the specific problem you're trying to solve. Different techniques may be more suitable for different 

types of data and tasks. 

Feature Selection: To improve segmentation performance, a feature selector based on feedback 

is employed. This step involves assessing which extracted features are most relevant for achieving 

accurate segmentation. Certain features may contribute more significantly to the algorithm's ability 

to differentiate between regions. 
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Threshold Calculation: An optimal threshold is calculated in an adaptive manner based on the 

selected features. The threshold is a critical parameter in many image segmentation methods, and 

its adaptability ensures that it is adjusted according to the characteristics of the selected features, 

potentially leading to more accurate segmentations. 

Segmentation Using Region Growing: With the feature combination of each pixel and the 

calculated optimal threshold, the algorithm generates a segmented image mask using a region-

growing approach. Region growing is a technique where pixels with similar characteristics are 

grouped together to form distinct regions within the image. 

 

Algorithm 1 

Input: An image. 

Output: A flag set [𝑓1(𝑖), 𝑓2(𝑖), 𝑓3(𝑖)], where 𝑓=1 means the feature is selected. 

Extract Color and Edge Features: Extract the color feature of pixel 𝑖 and the edge feature (𝑖). 

Calculate Threshold 𝜏: Calculate 𝜏 using Equation (1). 

Threshold-based Decision: 

If 𝜏<𝜏ℎ  (a predefined threshold): 

Set [𝑓1(𝑖), 𝑓2(𝑖), 𝑓3(𝑖)] = [1, 0, 1]. 

Else: 

Set [𝑓1(𝑖), 𝑓2(𝑖), 𝑓3(𝑖)] = [1, 0, 0]. 

Region Growing using Flag Set: Perform region growing using the flag set [𝑓1(𝑖), 𝑓2(𝑖), 𝑓3(𝑖)]. 

Calculate Number of Segments 𝑛. 

Segmentation Decision based on Number of Segments: 

If 𝑛 = 1: 

Set [𝑓1(𝑖), 𝑓2(𝑖), 𝑓3(𝑖)] = [0, 1, 1]. 

This algorithm appears to be a part of a larger image segmentation process. It involves extracting 

color and edge features from pixels, calculating a threshold, making decisions based on the 

threshold value and number of segments, and updating the flag set accordingly. The threshold-

based decision and the segmentation decision are influenced by predefined thresholds (𝜏ℎ  and 𝑛 = 

1) to determine the inclusion of specific features and flags in the segmentation process 

Algorithm 2 

Adaptive Threshold Algorithm": 

Input: Image 𝐼. 

Output: Adaptive threshold 𝜏. 

Convert Image to Grayscale: Convert the input color image 𝐼 to a grayscale image 𝐺. 
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Compute Histogram: Calculate the histogram of the grayscale image 𝐺. This histogram represents 

the distribution of pixel intensities. 

Initialize Parameters: 

Set 𝑇₀  as an initial guess for the threshold. 

Set 𝜀 as a small convergence criterion. 

Set a maximum number of iterations 𝑀. 

Iteration: 

a. Calculate two weighted means 𝜇₁  and 𝜇₂  for the pixel intensities: 

𝜇₁  = (∑𝑖=0𝑇₀  𝑖𝑛𝑖) / (∑𝑖=0𝑇₀  𝑛𝑖) 

𝜇₂  = (∑𝑖=𝑇₀ +1𝐿−1 𝑖𝑛𝑖) / (∑𝑖=𝑇₀ +1𝐿−1 𝑛𝑖) 

where𝑛𝑖 is the frequency of pixel intensity 𝑖. 

b. Update the threshold 𝑇₁  as the average of the calculated means: 

𝑇₁  = (𝜇₁  + 𝜇₂ ) / 2 

c. Calculate the difference Δ𝑇 = |𝑇₁  − 𝑇₀ |. 

d. Check the convergence: If Δ𝑇<𝜀 or the maximum number of iterations 𝑀 is reached, exit the 

iteration. 

e. Update 𝑇₀  = 𝑇₁ . 

Output: 

The adaptive threshold 𝜏 is set as the final value of 𝑇₀ . 

The Adaptive Threshold Algorithm aims to find a suitable threshold for binarization of a grayscale 

image based on the characteristics of its pixel intensity distribution. It iteratively refines the 

threshold by calculating the means of the intensities on both sides of the threshold and updating it 

until convergence or a maximum iteration limit is reached. This approach adapts the threshold 

value to variations in the image content, improving the accuracy of subsequent image processing 

tasks that rely on binarization. 

 

Results and Discussion 

 

(a) Original images 
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(b) Segmentation with LAB features 

 

(c) Segmentation with LBP features 

 

(d) Segmentation with Can features  
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Conclusion 

The application of adaptive texture image analysis through foreground and background clustering 

techniques presents a promising approach for enhancing image understanding and segmentation. 

By dynamically distinguishing foreground objects from background elements, this methodology 

overcomes the limitations of traditional static texture analysis. The utilization of clustering 

methods allows for the extraction of intricate texture information, enabling more accurate and 

contextually relevant image segmentation. This approach not only improves object recognition 

accuracy but also contributes to a broader range of computer vision applications, including object 

tracking, scene understanding, and image synthesis. As demonstrated, the adaptability of the 

proposed technique enhances the robustness of texture analysis in varying scenarios. However, 

further exploration is needed to fine-tune parameters and address potential challenges related to 

complex scenes. this research underscores the potential of adaptive texture analysis in advancing 

the field of computer vision. 

Future Research 

Future research in the realm of "Adaptive Texture Image Analysis using Foreground and 

Background Clustering Techniques" holds significant potential for advancing the field of computer 

vision and image processing. Several directions for exploration could be considered: 

Dynamic Clustering Algorithms: Investigate the development of more advanced and adaptable 

clustering algorithms that can better capture the evolving nature of textures and adapt to changing 

scene conditions. 

Deep Learning Integration: Explore the integration of deep learning techniques with adaptive 

texture analysis. This could involve combining convolutional neural networks (CNNs) with 

clustering to create more robust and accurate texture-based segmentation models. 

Multimodal Data Fusion: Extend the approach to incorporate multiple data modalities, such as 

depth information or hyperspectral data, to enhance the accuracy and robustness of texture 

analysis in complex scenes. 

Real-Time Implementation: Focus on optimizing the computational efficiency of the proposed 

technique, enabling real-time or near-real-time applications, which could be vital in applications 

like robotics and autonomous systems. 

Transfer Learning and Domain Adaptation: Investigate methods to transfer knowledge learned 

from one dataset to another or adapt the clustering techniques to new domains, which can be 

crucial for practical deployment across diverse scenarios. 

Semantic Segmentation: Explore the potential of adaptive texture analysis in the context of 

semantic segmentation, where the goal is to assign meaningful labels to different regions in an 

image. 
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Applications in Medical Imaging: Apply the technique to medical imaging, such as MRI or CT 

scans, to enhance texture-based diagnosis and treatment planning. 

By delving into these research directions, the field can make substantial progress in harnessing the 

power of adaptive texture analysis using foreground and background clustering techniques, 

ultimately leading to improved image understanding, segmentation accuracy, and practical 

applications in various domains.  



Chandrala J  (September 2021). ADAPTIVE TEXTURE IMAGE ANALYSIS USING FOREGROUND AND BACKGROUND 
CLUSTERING TECHNIQUES 
International Journal of Economic Perspectives,15(09) 84-94 
Retrieved from https://ijeponline.com/index.php/journal 
 

© 2023 by The Author(s). ISSN: 1307-1637 International journal of economic perspectives is licensed under a Creative Commons 

Attribution 4.0 International License. 

Corresponding author: Chandrala J 
Submitted: 27Aug  2021, Revised: 09 Sep 2021, Accepted: 18 sep  2021, Published:  Sep2021 

94 

 

References 

Protiere, A., &Sapiro, G. (2007). Interactive image segmentation via adaptive weighted 

distances. IEEE Transactions on image Processing, 16(4), 1046-1057. 

Jumb, V., Sohani, M., &Shrivas, A. (2014). Color image segmentation using K-means clustering 

and Otsu’s adaptive thresholding. International Journal of Innovative Technology and Exploring 

Engineering (IJITEE), 3(9), 72-76. 

Heikkila, M., &Pietikainen, M. (2006). A texture-based method for modeling the background and 

detecting moving objects. IEEE transactions on pattern analysis and machine intelligence, 28(4), 

657-662. 

Deshmukh, K. S., &Shinde, G. N. (2006). An adaptive color image segmentation. ELCVIA 

Electronic Letters on Computer Vision and Image Analysis, 5(4), 12-23. 

Charoenpong, T., Supasuteekul, A., &Nuthong, C. (2010, May). Adaptive background modeling 

from an image sequence by using K-Means clustering. In ECTI-CON2010: The 2010 ECTI 

International Confernce on Electrical Engineering/Electronics, Computer, Telecommunications 

and Information Technology (pp. 880-883). IEEE. 

Huang, Q., Dam, B., Steele, D., Ashley, J., &Niblack, W. (1995, October). Foreground/background 

segmentation of color images by integration of multiple cues. In Proceedings., International 

Conference on Image Processing (Vol. 1, pp. 246-249). IEEE. 

Zaitoun, N. M., &Aqel, M. J. (2015). Survey on image segmentation techniques. Procedia 

Computer Science, 65, 797-806. 

Soeleman, M. A., Hariadi, M., &Purnomo, M. H. (2012, November). Adaptive threshold for 

background subtraction in moving object detection using Fuzzy C-Means clustering. In TENCON 

2012 IEEE Region 10 Conference (pp. 1-5). IEEE. 

Bali, A., & Singh, S. N. (2015, February). A review on the strategies and techniques of image 

segmentation. In 2015 Fifth International Conference on Advanced Computing & Communication 

Technologies (pp. 113-120). IEEE. 

Li, C., Kulwa, F., Zhang, J., Li, Z., Xu, H., & Zhao, X. (2021). A review of clustering methods in 

microorganism image analysis. Information technology in biomedicine, 13-25. 

 


