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Abstract 

Texture analysis is a fundamental problem 

in image processing and computer vision, 

providing a means of characterizing surfaces 

and spatial patterns through the statistical, 

structural, and spectral behavior of pixel 

intensities [1][2][5]. It plays a vital role in 

applications such as medical diagnosis, 

industrial inspection, remote sensing, 

document processing, and content-based 

image retrieval [2][3][4]. Over the past three 

decades, diverse techniques have been 

proposed and are commonly grouped into 

statistical, structural, model-based, and 

transform-domain categories [1][2]. This 

paper reviews these approaches, 

emphasizing their theoretical foundations, 

computational properties, and practical 

limitations. A comparative analysis 

summarizes their strengths and weaknesses, 

followed by a discussion of emerging hybrid 

and deep-learning-based strategies that 

suggest promising future directions [4]. 

1. Introduction 

Texture conveys visual information about 

the spatial arrangement of pixel intensities 

that reflect surface properties such as 

roughness, smoothness, and regularity 

[2][5]. Because color or shape descriptors 

alone cannot capture these spatial 

dependencies, texture features have become 

essential in pattern-recognition and image-

understanding tasks [1]. 

The importance of texture analysis spans 

many domains. In medical imaging, texture 

descriptors support tissue characterization 

and tumor detection [3]. In industrial  

inspection, they help locate surface defects 

in textiles, metals, or ceramics [2]. Remote-

sensing systems employ texture features for 

land-cover classification and environmental 

monitoring [4], while document analysis 

uses them for script identification and paper-

quality assessment [1]. 

Following classical literature [1][2][5], 

texture-analysis methods are divided into 

four principal families: statistical, structural, 

model-based, and transform approaches. The 

subsequent sections examine each in detail 

and compare their relative merits. 

2. Fundamentals of Feature Extraction 

Feature extraction aims to transform raw 

image data into compact, discriminative 

representations [5]. Because raw pixels are 

high-dimensional and redundant, features 

are designed to retain relevant information 

for classification or segmentation while 

suppressing noise. 

Typical feature categories include: 

Spatial Features: Spatial features based on 

local intensity and neighborhood statistics. 

Transform Features: Transform features 

derived from frequency analyses such as 

Fourier, Gabor, or wavelet transforms [2]. 

Edge and Boundary Features: Edge and 

boundary features that capture intensity 

discontinuities useful in segmentation. 

Shape Features: Shape features that 

represent geometric attributes such as area 

or orientation. 
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Texture Features: Texture features 

quantifying coarseness, smoothness, and 

regularity [3]. 

3. Review of Texture Analysis Methods 

3.1 Statistical Methods 

Statistical approaches describe texture 

through the spatial distribution of gray-level 

intensities rather than explicit structural 

primitives [1][2]. 

First-order statistics summarize intensity 

histograms (mean, variance, skewness). 

Second-order statistics model pairwise 

relationships via the Gray-Level Co-

occurrence Matrix (GLCM), introduced by 

Haralick [1]. 

Higher-order statistics extend these 

relationships to multiple pixels [3]. 

Other descriptors include the autocorrelation 

function and the Gray-Level Run-Length 

Matrix (GLRLM) [2]. Although 

computationally efficient, statistical features 

may be sensitive to rotation or scale changes 

[4]. 

3.2 Structural Methods 

Structural or syntactic techniques represent 

texture as arrangements of fundamental 

primitives (edges, lines, or blobs) governed 

by placement rules [1][5]. Graph-based and 

hierarchical representations belong to this 

class [2]. These methods perform well on 

artificial or highly regular textures, such as 

woven fabrics, but often fail on natural 

textures lacking repetitive structure [4]. 

Their interpretability makes them suitable 

for symbolic representation and texture 

synthesis [5]. 

3.3 Model-Based Methods 

Model-based methods assume that a texture 

can be described by an underlying 

probabilistic or fractal process [1][2][4]. 

Typical examples are Markov Random 

Fields (MRFs), Gibbs Random Fields, and 

fractal models. MRFs, for instance, express 

the intensity of a pixel as dependent on its 

neighbors, enabling effective texture 

segmentation [3]. Although theoretically 

powerful, these methods require 

computationally intensive parameter 

estimation and careful model selection to 

prevent over-fitting [4]. 

3.4 Transform Methods 

Transform-domain approaches analyze 

texture in the frequency or multi-resolution 

space [2]. 

• The Fourier transform captures 

global periodicity but lacks spatial 

localization [5]. 

• Gabor filters provide joint spatial-

frequency resolution and are widely 

adopted for classification [4]. 

• The wavelet transform offers a 

multi-resolution representation that 

decomposes images into sub-bands 

of varying scales [2]. 

These methods can capture both coarse and 

fine textural information, although their 

performance depends on appropriate 

parameter tuning [3]. 
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4. Comparative Analysis 

Method Complexity Robustness 

(Rotation/Scale/Noise) 

Typical 

Applications 

Statistical Low–Moderate Sensitive to rotation 

and scale; robust for 

simple textures 

Medical imaging 

(GLCM), 

document analysis, 

defect detection 

[1][3] 

Structural Moderate–High Good for regular 

textures; limited for 

natural textures 

Textile inspection, 

symbolic 

representation 

[2][5] 

Model-Based High Robust contextual 

modeling; 

computationally costly 

Texture synthesis 

and segmentation 

(MRF) [1][4] 

Transform Moderate–High Relatively robust to 

scale and rotation 

depending on filter 

design 

Remote sensing, 

CBIR, industrial 

inspection [2][4] 

Table 1 comparative overview of the methods with respect to complexity, robustness, and 

applications. 

5. Research Challenges and Future 

Directions 

Classical methods, though effective, still 

face major challenges [3][4]: 

• High intra-class variability caused 

by illumination, scale, and rotation 

changes; 

• Difficulty modeling irregular or 

stochastic natural textures; 

• Computational limitations for large-

scale or real-time tasks. 

Recent work prior began integrating 

machine-learning and deep-learning 

concepts into texture analysis [4]. 

Convolutional Neural Networks (CNNs) 

automatically learn hierarchical texture 

representations, often surpassing 

handcrafted features. Hybrid frameworks 

that combine traditional descriptors (e.g., 

GLCM, wavelets) with learned embeddings 

show improved generalization. Future 

directions include multi-modal texture 

analysis, explainable AI, and efficient large-

scale implementations [4][5]. 

6. Conclusion  

This review presented a consolidated 

overview of texture-analysis techniques 

categorized as statistical, structural, model-

based, and transform approaches [1][2][5]. 

Each exhibits specific advantages and 

drawbacks depending on image 

characteristics and application context. 

While statistical and transform methods 

dominate traditional implementations, 

hybrid and learning-based approaches are 

redefining modern texture representation. 

Continued research is expected to focus on 

adaptive, interpretable, and computationally 

efficient frameworks [4]. 
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