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Abstract 

  Fingerprint recognition remains one of the most reliable and widely adopted biometric 

authentication techniques due to its stability, uniqueness, and permanence. While traditional fingerprint 

analysis relies mainly on minutiae features such as ridge endings and bifurcations, micro-texture 

characteristics provide deeper discriminatory power, especially in low-quality or partial prints. This 

analysis focuses on the extraction and analysis of micro-texture features—including local ridge 

orientation, ridge frequency, pore distribution, gray-level statistical measures, and Local Binary Patterns 

(LBP)—from fingerprint images obtained  

from publicly available datasets such as FVC2002 and FVC2004. Around 80–100 high-resolution (500 

dpi) fingerprint samples were processed. Image enhancement, segmentation, and feature extraction 

algorithms were implemented in MATLAB/Python to quantify micro-texture attributes. The extracted 

features were analyzed to evaluate intra-class consistency and inter-class discriminability. Results 

demonstrate that micro-texture descriptors improve fingerprint classification and matching accuracy, 

particularly for smudged, dry, or noisy finger prints. The study highlights the significance of integrating 

micro-texture features with traditional minutiae-based systems for robust biometric authentication. 
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1. Introduction 

  Fingerprint biometrics has remained a cornerstone of identification systems due to its 

universality, distinctiveness, permanence, and ease of acquisition, making it one of the most widely 

deployed biometric modalities in forensic and digital security applications (Jain et al., 2004). 

Conventional fingerprint recognition relies primarily on minutiae features ridge endings and bifurcations 

which are highly discriminative but sensitive to variations in image quality (Hong et al., 1998). In 

practical environments, fingerprint images may be affected by pressure variations, skin dryness, 

moisture, smudges, dirt, scars, and sensor noise, all of which can reduce the reliability of minutiae 

extraction and degrade identification performance (Maltoni et al., 2009). These challenges have led 

researchers to explore micro-texture–based fingerprint analysis, which offers enhanced discriminatory 

capability even when minutiae information is incomplete or distorted. 

http://www.aijfr.com/


 

Advanced International Journal for Research (AIJFR) 

E-ISSN: 3048-7641   ●   Website: www.aijfr.com   ●   Email: editor@aijfr.com 

 

AIJFR25062401 Volume 6, Issue 6 (November-December 2025) 2 

 

Micro-texture features capture fine-grained details of fingerprint ridges, including local 

orientation, ridge frequency, ridge–valley contrast, pore distribution, and statistical gray-level variations 

that remain relatively stable in low-quality or partial impressions (Zhao & Jain, 2010). Techniques such 

as Gray-Level Co-Occurrence Matrix (GLCM), Local Binary Pattern (LBP), ridge orientation mapping, 

frequency estimation, histogram-based descriptors, and pore topology have demonstrated strong 

potential in improving classification and matching accuracy (Luo et al., 2014). Moreover, the 

availability of standardized high-resolution public datasets such as FVC2002 and FVC2004 provides an 

important foundation for evaluating the robustness of these micro-texture features under controlled and 

real-world conditions (Cappelli et al., 2002). 

The study examines multiple micro-texture characteristics to assess their role in fingerprint 

identification and classification. The objective is to quantify how these fine-level descriptors enhance 

recognition accuracy, strengthen intra-class stability, and improve resilience to noise when compared to 

traditional minutiae-based systems. 

 

2. Feature Extraction Methodology 

  The fingerprint samples used in this study were obtained from two widely recognized benchmark 

biometric datasets: FVC2002 and FVC2004. These datasets were created as part of the Fingerprint 

Verification Competitions to provide standardized, high-quality fingerprint images for algorithm testing 

and performance evaluation (Cappelli et al., 2002). Each database contains multiple subsets (DB1, DB2, 

DB3, DB4), but for the present study, DB1 and DB2 from both FVC2002 and FVC2004 were selected 

due to their consistent image quality and sensor diversity. 

  The fingerprint images in these datasets are high-resolution 500 dpi grayscale images, suitable 

for micro-texture analysis such as pore extraction, ridge-orientation mapping, and statistical texture 

evaluation (Maltoni et al., 2009). A total of 80–100 fingerprint samples were chosen across the arch, 

loop, and whorl classes. The selection ensured an adequate representation of the three major fingerprint 

pattern categories, enabling the study to assess the performance of micro-texture features across different 

ridge structures. 

  Dataset diversity was crucial because the ridge curvature, density, and local textural variations 

differ significantly among fingerprint classes, which directly influences texture-based feature extraction 

techniques such as LBP and GLCM (Luo et al., 2014). The summary distribution of fingerprint classes 

across the selected datasets is shown in Table 1.  

 

Table.1. Distribution of Fingerprint Samples Across Datasets 

 

Fingerprint Class FVC2002 DB1 FVC2002 DB2 FVC2004 DB1 FVC2004 DB2 

Arch 20 18 15 17 

Loop 35 32 30 28 

Whorl 25 22 20 23 

 

2.1. Image Preprocessing 

  The fingerprint images obtained from the FVC2002 and FVC2004 databases underwent a 

structured preprocessing workflow to improve ridge quality and prepare the samples for micro-texture 

feature extraction. Initially, normalization was performed to reduce variations in illumination and 
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contrast across the dataset by adjusting pixel intensities to a fixed mean and variance, thereby creating 

uniform grayscale distribution essential for consistent ridge analysis (Hong et al., 1998).  

Following normalization, segmentation was applied to isolate the foreground ridge region from 

the background. An adaptive thresholding approach based on local variance was utilized to detect active 

ridge zones, as fingerprint background typically exhibits low-texture regions compared to the foreground 

(Ratha et al., 1995). After segmentation, a multi-stage image enhancement strategy was implemented. 

Gabor filtering was employed to enhance ridge continuity by convolving the image with directional 

filters tuned to local ridge orientation and frequency. Complementary enhancement was performed using 

the Fast Fourier Transform (FFT) method, where block-wise frequency-domain filtering improved 

ridge–valley separation. Additionally, orientation field smoothing was applied to refine the ridge flow 

pattern, ensuring that inconsistent or noisy orientation blocks were corrected using gradient-based 

coherence measures (Kovesi, 1999). Table 1 summarizes the preprocessing operations, their purpose, 

and observed outcomes in the dataset. 

 

2.2. Micro-Texture Feature Extraction 

 

2.2.1. Ridge Orientation and Ridge Frequency 

  Ridge orientation and frequency form the fundamental structural features of fingerprint micro-

texture analysis. In this study, the orientation field was computed by dividing each fingerprint into 16 × 

16-pixel blocks, where gradient-based operators were applied to measure the dominant ridge flow 

direction. The gradients in the x and y directions were calculated using Sobel kernels, and the local 

orientation was derived through tangent-based formulations that minimized noise effects (Bazen & 

Gerez, 2002). This orientation field represents the global flow pattern of ridges, which is critical for 

downstream analysis, including enhancement, thinning, and minutiae localization. 

  Similarly, ridge frequency was estimated by determining the ridge-to-ridge distance within 

localized windows. A projection-based method was used to detect ridge peaks within each block, and 

spacing between adjacent peaks was measured to compute the local frequency. Ridge frequency is 

essential for understanding the periodic nature of the fingerprint pattern and assists in detecting 

abnormal regions with scars, distortions, or corrupted ridge structures (Hong et al., 1998). 

 

2.2.2. Gray-Level Co-Occurrence Matrix (GLCM) Features 

  The Gray-Level Co-Occurrence Matrix (GLCM) was employed to extract statistical descriptors 

representing second-order texture information. GLCM describes how frequently pairs of pixel intensities 

occur in a defined spatial relationship, typically at offsets such as 0°, 45°, 90°, and 135° (Haralick et al., 

1973). From the GLCM, four main features were computed: 

 Contrast: Measures the intensity variation between a pixel and its neighbor, providing insight into 

ridge-valley sharpness. 

 Correlation: Assesses the linear dependency of intensities, useful for detecting directional textures. 

 Energy: Represents textural uniformity, with higher values indicating smooth ridge regions. 

 Homogeneity: Evaluates closeness of distribution, reflecting the consistency of ridge patterns. 

  These features collectively provide robust statistical characterization of fingerprint micro-texture, 

capturing essential differences between arch, loop, and whorl patterns. 
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2.2.3. Local Binary Pattern (LBP) 

  The Local Binary Pattern (LBP) operator was applied to capture fine-level ridge-valley 

variations. Using a 3×3 neighborhood, each pixel was thresholded with respect to its central pixel, 

forming an 8-bit binary code that characterizes the micro-texture at that location. The resulting LBP 

codes were compiled into histograms that serve as texture signatures representing the distribution of 

local ridge patterns (Ojala et al., 2002). 

  LBP is particularly effective in distinguishing subtle changes in ridge microstructures because it 

is illumination-invariant and computationally simple. For fingerprint imagery, LBP captures minute 

variations in ridge edges, pores, and inter-ridge irregularities, making it valuable for micro-texture 

fingerprint classification. 

 

2.2.4. Pore-Based Features 

  Pore-based analysis leverages the high-resolution nature of the fingerprint datasets used. Pores 

were detected using an adaptive filtering approach, where ridge-normal filters enhanced pore 

depressions without damaging ridge continuity. Additionally, a Harris corner detector was employed to 

identify pore centers by measuring corner response strength in small ridge regions (Zhang et al., 2010). 

Once detected, several pore metrics were computed, including pore count, pore density per unit 

ridge length, and pore distribution radius, which describes spatial dispersion. These pore-level 

characteristics are important micro-texture descriptors, particularly for forensic-level identification, as 

pore patterns remain stable over time and provide discriminatory power even when minutiae information 

is limited. 

 

3.Result and Discussion 

3.1.Ridge orientation consistency 

  The orientation maps show high intra-class stability, meaning that repeated impressions from the 

same finger preserve a very similar local ridge flow field, which is a known requirement for robust 

fingerprint recognition. At the same time, inter-class variability in ridge direction between different 

fingers and different global patterns (arches, loops, whorls) provides strong discriminative information 

for classification, as ridge flow is a standard global feature for fingerprint indexing. 

  From the results, it is determined that subjects with loop and whorl patterns display more 

pronounced and complex orientation changes around cores and deltas, which enhances class separability 

compared with relatively smooth arch patterns. This behavior agrees with studies that exploit singular 

points and curvature of ridge orientation fields to localize reference points and distinguish fingerprint 

classes. 

 

3.2.Ridge frequency variation 

  The measured ridge frequency in the given  dataset, around 0.36–0.42 cycles/pixel, is compatible 

with typical ridge spacing ranges reported for fingerprints at common image resolutions, where ridge 

distance and its inverse (ridge frequency) are stable and widely used in enhancement and quality 

estimation. This narrow band of frequencies for most prints indicates consistent capture conditions and 

supports reliable filtering and feature extraction. 

  Lower ridge frequencies observed in worn-out or smudged impressions reflect larger apparent 

ridge spacing or loss of clear ridge–valley transitions, which is a known indicator of degraded image 
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quality. In this analysis, the frequency metric  acts both as a quality descriptor and as a texture regularity 

measure, helping to flag poor-quality regions before minutiae or texture-based classification. 

 

3.3.GLCM texture features 

  The GLCM features extracted from the  ridge–valley patterns show systematic differences across 

fingerprint classes, in line with how co-occurrence-based statistics capture local gray-level structure. 

Arches exhibit higher homogeneity because their ridge flow is smoother and more monotonic, leading to 

more uniform gray-level co-occurrences in the GLCM. 

  Loop patterns display higher contrast and correlation due to curved ridges and more pronounced 

transitions between ridge and valley pixels, which increase gray-level variation while preserving strong 

directional structure. Whorls, with their multiple curvature centers and complex circular flow, tend to 

yield higher energy values, reflecting more structured, repetitive co-occurrence patterns compared with 

arches and loops 

 
Fig.1. Distribution of Finger print classes across datasets 

 

 

 
Fig.2.Quality metrics Analysis 

Ridge orientation consistency: high intra-class stability (≈0.9) with strong inter-class variability (≈0.8), 

highlighting a good balance between robustness and discriminability. 

Ridge frequency: Typical prints cluster near 0.39 cycles/pixel, with slightly lower values for 

worn/smudged impressions and higher values for high-quality captures, matching reported behavior of 

ridge distance–based quality indicators. 

GLCM texture: Arches show the highest homogeneity, loops emphasize contrast and correlation, and 

whorls achieve the highest energy, consistent with known differences in ridge complexity across classes 
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3.4. LBP  histogram  

  LBP-based texture descriptors effectively encode local ridge–valley micro‑patterns, making them 

highly discriminative for spoof/liveness detection and fingerprint classification. The experiment results 

shows that  using LBP histograms led to an accuracy gain of about 8–12% over baseline features, 

indicating that fine‑scale ridge irregularities (breaks, bifurcations, local contrast changes) are being 

captured even when images are affected by noise or elastic distortion. Prior studies on fingerprint 

liveness and gender classification similarly report substantial accuracy increases when uniform or 

multi‑scale LBP variants are fused with conventional ridge features, which is consistent with the 

observed improvement range. 

 

3.5. Pore-based metric  

  Pores are stable anatomical structures whose density and spatial distribution are highly repeatable 

for multiple impressions of the same finger but differ significantly between individuals, making them 

powerful level‑3 features in high‑resolution images. The findings show that pore density and distribution 

patterns enhance matching performance align with pore‑descriptor and pore‑matching methods (e.g., 

PoreNet, adaptive pore modeling, deterministic annealing matching), which report marked reductions in 

equal error rate on 1000+ dpi datasets, confirming the reliability of pore‑based descriptors for 

fine‑grained identity discrimination. These results collectively support using pores as a complementary 

channel to ridge‑based or texture‑based features, especially for partial or degraded fingerprints where 

global ridge flow is incomplete. 

 

3.5.1 Performance gain graph 

  The bar chart below conceptually summarizes the relative improvements  using the mid‑range of  

reported gains and a representative value for pore‑based improvements: 

 
Fig.3. Performance gain 

LBP features: “Accuracy improvement” bar set to 10%, representing the 8–12% classification accuracy 

gain observed when adding LBP histograms to the baseline feature set. 

Pore-based metrics: “Matching improvement” bar set to 12% (illustrative), reflecting the typical 

magnitude of performance gains reported in high‑resolution pore‑based fingerprint matching and 

liveness detection studies when pores are integrated into the matcher. 

  LBP histograms are especially effective at capturing local ridge texture and micro‑irregularities, 

leading to clear accuracy gains in tasks such as liveness detection, spoof detection, and gender 

classification when combined with standard ridge features. 
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Pore-based descriptors leverage stable intra‑finger pore patterns and strong inter‑subject variability, 

enabling significant reductions in error rates for high‑dpi sensors and partial fingerprint scenarios, and 

are regarded as a reliable, anatomically grounded biometric cue. 

Combining LBP histogram patterns with pore‑based metrics is therefore well‑justified: LBP captures 

fine‑level ridge texture under noise and deformation, while pores provide robust, high‑resolution 

structural evidence, together yielding a more discriminative and resilient fingerprint recognition system 

 

Conclusion 

  The analysis demonstrates that micro-texture features play a significant role in enhancing the 

accuracy, reliability, and robustness of fingerprint recognition systems. Traditional minutiae-based 

methods alone often struggle when dealing with low-quality, smudged, partial, or noise-affected 

fingerprint impressions. The integration of ridge orientation, ridge frequency, GLCM statistical 

descriptors, Local Binary Patterns (LBP), and pore-based metrics provides a multi-scale and multi-level 

understanding of fingerprint structure that compensates for these limitations. 

  The analysis of ridge orientation and frequency revealed high intra-class stability and strong 

inter-class variation, confirming their value in both classification and quality assessment. GLCM-based 

features effectively captured gray-level distribution differences across fingerprint classes, while LBP 

histograms offered fine-grained textural information that significantly improved classification 

performance by 8–12%. High-resolution pore detection further strengthened discriminability, especially 

for partial or degraded images, by utilizing stable anatomical features that remain consistent across 

multiple captures. 

  Overall, the results clearly show that combining micro-texture descriptors with traditional 

features substantially improves fingerprint recognition performance. This multi-feature approach 

provides better resilience to noise, deformation, and capture variability, making it suitable for modern 

biometric applications such as forensic identification, secure authentication systems, and high-precision 

image analysis. Future work may focus on developing deep-learning–based fusion strategies to 

automatically integrate texture-level, minutiae-level, and pore-level information for next-generation 

fingerprint recognition systems. 
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