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Abstract   

  Fingerprint recognition stands out as one of the 

most reliable biometric identification methods, 

primarily due to the unique, universal, and permanent 

nature of fingerprint patterns. Among the various 

techniques employed to improve recognition accuracy, 

texture analysis has emerged as a critical component, 

especially when dealing with noisy or low-quality 

fingerprint images. This study conducts a 

comprehensive comparative analysis of several 

prominent fingerprint texture feature extraction 

methods to determine their effectiveness in enhancing 

recognition performance. The methods explored include 

ridge frequency and orientation analysis, minutiae 

density estimation, Local Binary Patterns (LBP), Gabor 

filters, and Gray-Level Co-occurrence Matrix (GLCM) 

features. Each of these techniques offers distinct 

advantages in capturing the inherent texture and 

structural patterns of fingerprint images. Ridge 

frequency and orientation features help in modeling the 

global flow of ridges, while minutiae  

 

density focuses on the distribution of key fingerprint 

points.  

 LBP and Gabor filters provide powerful descriptors for 

local texture variations, and GLCM features quantify 

spatial relationships between pixel intensities. To 

evaluate the performance of these methods, extensive 

experiments were conducted using benchmark 

fingerprint datasets, including FVC2002 and NIST 

SD27. The evaluation criteria included recognition 

accuracy, robustness to noise and image degradation, 

and computational efficiency. The experimental results 

reveal that while some methods excel in accuracy, 

others are more resilient to noisy conditions or offer 

faster computation, indicating a trade-off between these 

performance metrics. The findings of this study provide 

valuable insights into the suitability of different texture 

feature extraction techniques for practical fingerprint 

recognition applications, guiding future developments 

in biometric systems. 
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1. Introduction 

  Fingerprint recognition is one of the most 

widely used biometric authentication techniques due to 

its uniqueness, permanence, and ease of acquisition. 

Biometric systems based on fingerprint analysis have 

found extensive applications in various domains, 

including law enforcement, border security, access 

control, and digital identity verification systems [1]. 

Traditionally, fingerprint recognition methods primarily 

rely on the extraction and matching of minutiae points, 

such as ridge endings and bifurcations, which are 

regarded as the most discriminative features for 

individual identification [2]. 

  Despite the success of minutiae-based systems, 

they face significant challenges in low-quality or partial 

fingerprint images, where ridge clarity is compromised 

due to smudging, cuts, dirt, or sensor limitations [3]. In 

such situations, the reliability of minutiae extraction 

diminishes, which in turn affects the overall recognition 

performance. To overcome these limitations, 
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researchers have explored texture-based fingerprint 

features that do not rely on precise minutiae localization 

and are more resilient to image degradation. 

  Texture features capture the global and local 

ridge patterns, including orientation, frequency, and 

energy distribution. Techniques such as Gabor filters, 

Local Binary Patterns (LBP), Wavelet Transforms, and 

Histogram of Oriented Gradients (HOG) have shown 

promise in extracting discriminative information from 

fingerprint images [4][5]. These methods analyze 

spatial variations and statistical patterns within the 

fingerprint image, offering complementary or 

alternative features to minutiae-based approaches. 

The motivation behind incorporating texture features 

lies in their robustness to noise, partial prints, and 

distortions, making them suitable for enhancing 

recognition accuracy in difficult acquisition scenarios. 

Moreover, with the advancement of machine learning 

and deep learning, texture-based representations have 

been integrated into hybrid systems to improve the 

performance of fingerprint recognition under 

unconstrained environments [6]. 

2.Fingerprint Texture Features Overview 

  Fingerprint texture features are crucial for the 

processing, enhancement, and matching of fingerprint 

images. Among these, ridge frequency and ridge 

orientation are two of the most fundamental global 

features. These characteristics are extracted from the 

periodic and directional patterns formed by the ridges 

and valleys in a fingerprint. 

2.1 Ridge Frequency and Orientation 

      Ridge Frequency 

  Ridge frequency refers to the spatial frequency 

of the fingerprint ridges, that is, the number of ridges 

per unit distance (typically measured in ridges per 

millimeter). It reflects the density of ridges in a 

particular region of the fingerprint image. Ridge 

frequency can vary depending on the location within the 

fingerprint (e.g., core, delta, or periphery), the pressure 

during acquisition, and the age or physical 

characteristics of the person. 

  Accurate estimation of ridge frequency is 

essential for enhancing the fingerprint image using 

frequency-selective filtering techniques. For example, 

Gabor filters are often used to enhance the image by 

tuning them to the local ridge frequency and 

orientation, thus improving the ridge-valley contrast. 

Ridge Orientation 

  Ridge orientation defines the local direction in 

which the fingerprint ridges flow. This orientation is 

typically measured as an angle relative to a fixed axis 

(e.g., the horizontal axis). Ridge orientation can vary 

smoothly in normal fingerprint areas but may have 

singularities near points like cores and deltas. 

  The orientation field is a map that represents 

ridge flow direction at each point (usually at block-level 

resolution) in the fingerprint image. This orientation 

map is crucial for several tasks: 

• Image enhancement using anisotropic filters 

(like Gabor or oriented diffusion filters) 

• Segmentation (separating foreground from 

background) 

• Minutiae extraction (detecting ridge endings 

and bifurcations) 

• Fingerprint classification and matching 

Techniques for Estimating Ridge Frequency and 

Orientation 

  A widely used technique for ridge orientation 

estimation was introduced by Lin Hong et al. in their 

study, the following approach  

• The image is divided into blocks (typically 

16×16 pixels). 

• The gradients in the x and y directions are 

calculated using Sobel or similar operators. 

• The dominant ridge orientation is computed by 

averaging the local gradient directions within each 

block. 

http://www.ijsrem.com/
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• Ridge frequency is estimated by analyzing the 

distance between successive ridges in the direction 

orthogonal to the ridge orientation. 

  This technique forms the basis of many modern 

fingerprint image enhancement algorithms and has been 

widely adopted in systems for pre processing and 

feature extraction. 

2.2 Minutiae Density 

  Minutiae features refer to the distinct, localized 

ridge patterns found in fingerprint images—most 

commonly ridge endings and bifurcations. These 

minutiae are fundamental components in fingerprint 

recognition systems due to their high discriminative 

power. The concept of minutiae density involves 

measuring the number of minutiae points (endings and 

bifurcations) per unit area within a fingerprint image. It 

is an important quantitative measure that can be used 

for classification, quality assessment, and texture 

analysis of fingerprints. 

Calculation 

  Minutiae density is typically defined as: 

 

  To compute this, the fingerprint image is first 

divided into small non-overlapping blocks (e.g., 16×16 

or 32×32 pixels). The number of minutiae points 

detected within each block is counted, and the density is 

calculated. 

2.3 Local Binary Patterns (LBP) 

  Local Binary Patterns (LBP) is a texture 

descriptor that captures the local spatial structure of an 

image by comparing each pixel with its surrounding 

neighbors. Initially introduced by Ojala et al. in 1994, 

LBP has since become a widely used method in various 

pattern recognition and computer vision tasks, including 

facial recognition, fingerprint recognition, and texture 

classification due to its simplicity, efficiency, and 

invariance to monotonic illumination changes. 

  The basic idea behind LBP is to label each 

pixel in an image by thresholding the 3×3 neighborhood 

of each pixel with the value of the central pixel. Each 

neighbor pixel is assigned a binary value: 

• 1 if its value is greater than or equal to 

the center pixel, 

• 0 otherwise. 

  These binary values are then combined into a 

binary number (usually in a clockwise or counter-

clockwise manner), which is then converted into a 

decimal number to form the LBP code for the center 

pixel. Mathematically, the LBP operator is expressed 

as: 

 

  The resulting LBP image can then be 

represented as a histogram of the LBP codes across the 

entire image or a region of interest. This histogram 

effectively summarizes the texture features of the 

image. 

LBP has several advantages 

• Computational Efficiency: It requires only 

simple arithmetic and logical operations. 

• Illumination Invariance: Since it considers 

relative differences rather than absolute pixel 

values, LBP is robust to changes in lighting. 

• Texture Description: It effectively captures 

fine-grained texture patterns. 

  Due to these benefits, Nanni et al. (2010) 

successfully applied LBP to fingerprint recognition, 

demonstrating improved performance when compared 

to traditional methods. In their work, they found that 

LBP features, when combined with classifiers such as 

Support Vector Machines (SVMs), can achieve high 

recognition accuracy while maintaining low 

computational cost [2]. 
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2.4 Gabor Filters 

  Gabor filters are linear filters used in image 

processing for texture analysis, feature extraction, and 

edge detection. They are particularly effective in 

analyzing the local orientation and frequency 

information of images, which is crucial for fingerprint 

analysis. 

Mathematical Background 

  A Gabor filter is a sinusoidal plane wave 

modulated by a Gaussian envelope. It is defined as: 

 

Applications in Fingerprint Processing 

Gabor filters are used to: 

• Enhance ridge and valley structures in 

fingerprints. 

• Extract orientation fields and local frequency 

maps. 

• Suppress noise and preserve relevant pattern 

information. 

  Because of their orientation-selective and 

frequency-tuned properties, Gabor filters are ideal for 

dealing with the repetitive ridge patterns in fingerprints. 

Gray-Level Co-occurrence Matrix (GLCM) 

  The Gray-Level Co-occurrence Matrix 

(GLCM) is a statistical method used to analyze texture 

in images by examining the spatial relationships 

between pairs of pixels. It captures second-order texture 

information, focusing on how specific combinations of 

pixel intensities (gray levels) occur together in a given 

spatial configuration. To construct a GLCM, a 

direction—such as 0°, 45°, 90°, or 135°—and a pixel 

distance (typically 1 pixel) are chosen. The matrix 

P(i,j)P(i,j)P(i,j) is then populated by counting how often 

a pixel with gray level iii appears adjacent to a pixel 

with gray level jjj in the specified direction and 

distance. From this matrix, several statistical features 

are derived to describe the texture characteristics of the 

image. These include contrast, which measures the 

intensity variation between a pixel and its neighbor; 

correlation, which evaluates how correlated a pixel is 

with its adjacent pixels; energy, which reflects the 

uniformity of the texture; and homogeneity, which 

assesses how close the distribution is to the diagonal of 

the matrix. GLCM-based features are widely applied in 

biometrics, including fingerprint classification and 

segmentation, texture-based liveness detection in 

fingerprint sensors, and improving region-of-interest 

(ROI) identification in noisy or low-quality images. 

3. Methodology 

3.1 Datasets 

We employed two benchmark fingerprint datasets to 

evaluate the performance of the proposed fingerprint 

recognition techniques: 

• FVC2002 DB1: The Fingerprint Verification 

Competition 2002 database (DB1) comprises 800 

grayscale images from 100 different fingers, with 8 

impressions per finger. These images are captured 

under controlled conditions with 500 dpi resolution 

and 388×374 pixels on average. It is widely used in 

biometric research for testing fingerprint matching 

algorithms. 

• NIST SD27: A standard latent fingerprint 

database provided by the National Institute of 

Standards and Technology (NIST). It contains 258 

latent fingerprints and corresponding rolled/slap 

fingerprints. These images are typically of lower 

quality, simulating real forensic cases. 

3.2 Pre-processing 

  Fingerprint image pre-processing ensures better 

feature extraction and pattern clarity by reducing noise 

and standardizing input images. We applied the 

following preprocessing steps: 

• Normalization: Adjusts the image intensity 

values to a fixed mean and variance to reduce 

variations due to pressure, ink, or scanner 

inconsistencies. 

http://www.ijsrem.com/
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• Segmentation: Separates foreground 

(fingerprint area) from background using variance 

or coherence-based block-wise analysis. 

• Enhancement: Orientation-based Gabor 

filtering enhances ridge and valley structures using 

the estimated local orientation and frequency of the 

ridges. 

• Block Size: Local features were extracted from 

non-overlapping blocks of 16×16 pixels, a standard 

size for analyzing local ridge properties in 

fingerprint images. 

3.3 Feature Extraction 

    We extracted various texture and structural features 

from each fingerprint image. Each method is widely 

cited in the literature: 

• Ridge Frequency and Orientation: Calculated 

using gradient-based operators (like Sobel or 

Prewitt) to determine the local orientation and 

frequency of ridges. These features help in 

understanding the global ridge pattern. 

• Minutiae Density: Number of minutiae points 

(ridge endings and bifurcations) per unit area, 

detected using the Crossing Number (CN) 

algorithm. This topological approach identifies 

minutiae from the binary ridge map. 

• Local Binary Patterns (LBP): Captures local 

texture patterns. We used uniform LBP with a 

radius of 1 and 8 neighbors (LBP8,1^u). It is 

rotation-invariant and robust to illumination 

changes. 

• Gabor Filters: Used to extract directional ridge 

features. We applied filters in 8 orientations (e.g., 

0°, 22.5°, ..., 157.5°) and 5 frequency bands, 

capturing both spatial and frequency domain 

features. 

• Gray-Level Co-occurrence Matrix (GLCM): 

A statistical method for texture analysis that 

considers the spatial relationship of pixels. GLCM 

features (contrast, correlation, energy, and 

homogeneity) were computed at 0°, 45°, 90°, and 

135°. 

3.4 Classification 

  We evaluated the discriminative power of 

extracted features using two machine learning 

classifiers: 

• Support Vector Machine (SVM): A 

supervised learning model that finds the optimal 

hyperplane for separating feature vectors. We used 

radial basis function (RBF) kernel for nonlinear 

classification. 

• k-Nearest Neighbors (k-NN): A distance-

based classifier that assigns a class label based on 

the majority label among the k closest training 

samples. Euclidean distance was used. 

Data Split: The dataset was split into 70% training 

and 30% testing subsets to evaluate model 

generalizability. This split is commonly used in 

biometric system testing to avoid overfitting. 

4.Experimental Results 

 

         

 

 

 

 

 

The bar graph visually compares the recognition 

accuracy of five different feature extraction techniques 

used in image analysis or biometric systems. Among 

the methods, Gabor Filter Features achieved the 

highest accuracy at 92.8%, demonstrating superior 

performance in capturing detailed texture and spatial 

information. Local Binary Pattern (LBP) followed 

closely with an accuracy of 90.3%, indicating its 

effectiveness in recognizing patterns even in noisy 

environments. Gray Level Co-occurrence Matrix 

(GLCM) recorded a moderate accuracy of 88.7%, 

reflecting a balance between computational complexity 
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and performance. Minutiae Density showed slightly 

lower accuracy at 87.0%, and was particularly less 

robust to noise. Ridge Frequency/Orientation had the 

lowest accuracy at 85.2%, though it is still acceptable in 

scenarios where computational speed is a higher 

priority than precision. Overall, the graph highlights the 

trade-offs between accuracy and feature type 

complexity, emphasizing the superior performance of 

Gabor filters for high-accuracy applications. 

Conclusion 

  This comparative study comprehensively 

evaluates texture-based fingerprint recognition 

techniques as viable alternatives to traditional minutiae-

based methods. The findings highlight the potential of 

texture features, particularly in scenarios involving low-

quality or degraded fingerprint images, where minutiae 

extraction becomes unreliable or impractical. 

  Among the texture-based techniques examined, 

Gabor filters and Local Binary Patterns (LBP) 

consistently demonstrated superior performance. Gabor 

filters excel due to their ability to capture spatial 

frequency, orientation, and texture information, making 

them highly effective in modeling the intricate patterns 

of fingerprint ridges and valleys. On the other hand, 

LBP is praised for its computational efficiency, 

simplicity, and resilience to lighting variations and 

noise, which are common challenges in real-world 

fingerprint acquisition environments. 

  The study further reveals that while each 

texture-based method offers unique advantages, their 

individual performance may vary depending on image 

quality, noise level, and acquisition conditions. 

Consequently, integrating multiple feature extraction 

techniques or employing feature fusion strategies can 

significantly enhance recognition accuracy and 

robustness. Hybrid approaches combining texture and 

minutiae features also show promise in leveraging the 

strengths of both paradigms. 

Moreover, the robustness of texture-based techniques in 

dealing with partial, blurred, or noisy fingerprints opens 

up new possibilities for their application in low-cost, 

real-time biometric systems, mobile devices, and 

scenarios where conventional minutiae-based systems 

underperform. 

  In conclusion, texture-based fingerprint 

recognition represents a compelling research direction, 

with Gabor filters and LBP leading the way. Future 

work should focus on optimizing these methods for 

real-time implementation, exploring deep learning-

based texture descriptors, and further investigating 

fusion models to maximize recognition performance 

across diverse operational scenarios. 
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