
J. Electrical Systems 20-3s (2024): 1046-1062 

1046 

1Chandrakant P. 

Divate 

2Sayed Abulhasan 

Quadri 

3Saket Mishra 

4Rahul Kumar 

5Arun Pratap 

Srivastava 

6Dr. Akhilesh Kumar 

Khan 

7Saloni Bansal 

8Dr. Anurag 

Shrivastava  

Design of Fingerprint-Based Gender 

Clustering Using Fuzzy C-Means 

Algorithm 

 
 

Abstract: - Biometric systems, with fingerprint recognition as a cornerstone, play a crucial role in identity verification and access control. 

This paper introduces an innovative approach to gender clustering based on fingerprint data, leveraging the Fuzzy C-Means (FCM) algorithm. 

The proposed design aims to enhance the precision of gender classification by incorporating the inherent uncertainty in fingerprint features. 

Through the integration of FCM, which allows soft assignment of fingerprints to gender clusters, the system achieves a nuanced and adaptable 

classification. The study meticulously explores the design considerations, including the selection of features, data preprocessing, and the 

configuration of FCM parameters. Additionally, the paper discusses the experimental results, demonstrating the effectiveness of the proposed 

method in accurately clustering fingerprint data according to gender. The research contributes to the evolving field of biometrics, offering a 

novel perspective on gender classification that embraces the complexity of fingerprint patterns. The outcomes provide valuable insights for 

the development of reliable and versatile biometric systems, with potential applications in security, forensics, and personalized identification. 
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I. INTRODUCTION: 

Biometric technologies, especially fingerprint recognition, have become fundamental in ensuring secure and 

accurate identity verification. This paper delves into an innovative approach, focusing on the design of a system for 

clustering fingerprints based on gender using the Fuzzy C-Means (FCM) algorithm. Unlike traditional methods, 

FCM introduces a level of flexibility in assigning fingerprints to gender clusters, acknowledging the inherent 

uncertainty in biometric data. Our goal is to enhance the precision of gender classification by leveraging the 

adaptability of FCM. 

In this research, we explore the intricate process of designing a system that not only captures the uniqueness of 

fingerprint patterns but also considers the nuanced variations in gender-related features. We carefully select and 

preprocess features, ensuring the robustness of our gender clustering model. The FCM algorithm, known for its 

ability to handle uncertainty, becomes a pivotal component in our design, allowing for a more realistic and refined 

classification. 

As we progress, we will delve into the details of our experimental setup, presenting insights derived from the 

application of the FCM algorithm to fingerprint data. The outcomes of this study aim to contribute not only to the 

field of biometrics but also to the broader discussions on reliable and adaptable gender classification systems. By 

embracing the complexity of fingerprint patterns and incorporating the flexibility of FCM, our design holds promise 

for various applications, from security to personalized identification. 

II. LITERATURE REVIEW: 

Gou, X., & Liu, Z. (2011). Gender classification from palmprint images using 2D-DWT and fuzzy C-means 

clustering. Pattern Recognition Letters, 32(4), 506-514. This study demonstrates the effectiveness of FCM for 

gender classification using palmprint features. By combining 2D Discrete Wavelet Transform (DWT) with FCM, 

they achieved an accuracy of 89.2%.[5] 

Miao, M., & Liu, W. (2020). A combined model using texture features and Fuzzy C-Means algorithm for iris gender 

classification. Journal of the Optical Society of America A, 37(6), 1102-1112. This research applies FCM on iris 

texture features for gender classification. The proposed methodology achieved an accuracy of 93.1%, highlighting 

the suitability of FCM for iris-based gender recognition.[9] 

Wang, Y., & Liu, X. (2012). A new method for fingerprint gender classification based on minutiae features. Expert 

Systems with Applications, 39(17), 8557-8562. This work explores the use of minutiae features (e.g., ridge endings, 

bifurcations) for fingerprint-based gender classification. Their proposed method achieved an accuracy of 86.5%, 

showcasing the potential of minutiae features for this task.[11] 

Luo, W., et al. (2017). Deep learning model for fingerprint gender classification. Sensors, 17(10), 2305. This paper 

investigates the application of deep learning for fingerprint-based gender classification. Their deep learning model 

achieved an accuracy of 95.7%, representing a significant improvement over traditional methods.[12] 

Huang, Y., et al. (2019). Uncertainty-aware metric learning for fingerprint recognition. Pattern Recognition, 94, 

106812. This research emphasizes the importance of accounting for uncertainty in fingerprint recognition. Their 

uncertainty-aware metric learning approach improved the recognition accuracy and robustness of the system.[13] 

Yang, W., et al. (2020). A novel ensemble fuzzy C-means clustering algorithm for iris pattern recognition. Applied 

Soft Computing, 89, 106064. This study proposes a novel ensemble FCM algorithm for iris pattern recognition, 

acknowledging the inherent ambiguity in iris features. The proposed method achieved superior clustering 

performance compared to conventional FCM.[14] 

Abdullah, N. A., et al. (2019). A new algorithm for calculating the fingerprint global features to detect gender. 

Sensors, 19(4), 851. This research proposes a novel feature extraction method for fingerprint gender classification, 

achieving an accuracy of 78% for males and 82% for females. This highlights the importance of choosing 

appropriate features for FCM to achieve optimal results.[1] 

Iloanusi, O. A., & Ejiogu, E. O. (2020). Convolutional neural network model for fingerprint-based gender 

classification. Computers & Security, 96, 101802. This study utilizes a deep convolutional neural network (CNN) 
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architecture for feature extraction and gender classification from fingerprints. Their model achieved an accuracy of 

94.2%, suggesting the potential of deep learning for feature extraction in this domain.[6] 

Kaur, J., & Saini, D. (2019). Parameter optimization of Fuzzy C-means algorithm for iris image segmentation. 

Multimedia Tools and Applications, 78(28), 39063-39084. This research investigates the effect of FCM parameter 

optimization on iris image segmentation. Their findings highlight the importance of tuning parameters like fuzzifier 

value and stopping criterion to achieve optimal clustering performance.[8] 

Ghanem, E., & Sayed, A. H. (2020). Enhanced fingerprint recognition using adaptive K-means and Fuzzy C-means 

clustering. Journal of King Saud University - Computer and Information Sciences, 32(8), 2963-2972. This study 

explores the use of adaptive clustering algorithms for fingerprint recognition. Their work demonstrates the efficacy 

of parameter tuning in FCM for improving clustering accuracy and robustness.[4] 

Abdullah, A. N., et al. (2022). Comparative study of fingerprint-based gender identification. Sensors, 22(16), 5909. 

This paper compares the performance of various clustering algorithms for fingerprint-based gender classification, 

including K-means, Support Vector Machines (SVM), and FCM. Their results show that FCM outperforms other 

methods in terms of accuracy and robustness, providing further evidence for its suitability in this task.[2] 

Al-Ani, R. A., & Khader, D. M. (2020). A hybrid approach for iris recognition using K-means clustering and SVM 

classification. Multimedia Tools and Applications, 79(25), 19207-19224. This research investigates a hybrid 

approach combining K-means clustering with SVM for iris recognition. Their findings suggest that using K-means 

initially can improve the performance of SVM for classification tasks, potentially applicable to fingerprint-based 

gender classification as well.[3] 

O'Hare, N., & Dewhurst, D. (2018). Biometric identification and surveillance: The dark side of convenience. Taylor 

& Francis Group. This book explores the ethical and privacy concerns associated with biometric technology, 

including potential biases and discrimination based on gender classification.[10] 

Jain, A. K., & Uludag, S. (2005). Gender classification challenges from fingerprint images. Proceedings of the 

International Conference on Biometrics, 3591, 387-394. This paper discusses the inherent challenges in fingerprint-

based gender classification, such as data variability, limited training data, and potential biases in algorithms.[7] 

In conclusion, fingerprint-based gender classification using FCM holds significant potential for advancing biometric 

systems. By refining feature selection, optimizing FCM parameters, and exploring hybrid approaches, researchers 

can push the boundaries of accuracy and robustness. However, it is crucial to remain mindful of ethical 

considerations and develop this technology responsibly to ensure its benefits outweigh the potential risks. 

III. METHODOLOGY: 

Fingerprint recognition, a pivotal facet of biometric systems, continues to evolve with advancements in clustering 

algorithms for enhanced gender classification. This paper introduces a novel approach in the realm of fingerprint-

based gender clustering, employing the Fuzzy C-Means (FCM) algorithm. The inherent complexity of fingerprint 

patterns, unique to each individual, poses challenges in accurate gender classification. By integrating FCM, which 

accommodates the uncertainty inherent in biometric data, our methodology strives to overcome these challenges. 

This paper delves into the rationale behind the design choice, emphasizing the need for nuanced clustering to capture 

the intricacies of gender-related features in fingerprints. The introduction outlines the significance of gender 

classification in biometric applications, highlights existing research gaps, and sets the stage for the detailed 

exploration of our proposed methodology, aiming to contribute to the refinement of biometric gender classification 

systems. 

1. Data Collection of Fingerprint Dataset: Collect a diverse dataset of fingerprint images, ensuring 

representation across different demographics and capturing the variability in ridge patterns, to form the ground truth 

for clustering. 

The process of collecting a diverse and representative fingerprint dataset is a critical aspect of developing robust 

gender-based clustering models. In this study, we aim to curate a dataset comprising fingerprints from 100 

participants, evenly distributed between males and females. The meticulous selection of participants and the careful 

acquisition of fingerprint images play pivotal roles in ensuring the dataset's relevance and accuracy for subsequent 
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clustering using the Fuzzy C-Means algorithm. This section outlines the key steps involved in the fingerprint dataset 

collection process and emphasizes the importance of diversity and representativeness. To establish a balanced 

dataset, 100 participants are recruited, consisting of 50 males and 50 females. Efforts are made to ensure diversity 

in age, ethnicity, and occupational backgrounds to capture a broad spectrum of fingerprint characteristics. 

High-resolution fingerprint images are acquired using state-of-the-art fingerprint scanners. The scanning process is 

conducted under controlled environmental conditions to minimize variations due to lighting and external factors. 

The scanners are chosen based on their capacity to capture detailed ridge patterns and minutiae points. 

In addition to fingerprint images, demographic information is collected, including age, gender, and any relevant 

background details. This information forms the ground truth for gender labelling and contributes to the dataset's 

richness. 

a visual representation of the fingerprint dataset collection process, refer to Figure 1. This diagram illustrates the 

workflow from participant recruitment to fingerprint image acquisition and demographic data collection.  

 

Additionally, Figure 2 provides a conceptual overview of the ethical considerations involved in the informed consent 

process. These diagrams enhance the clarity of the dataset collection methodology and serve as reference points 

throughout the study. 

 

Figure 2 Process of Fingerprint Data collection 

This systematic approach to fingerprint dataset collection lays the foundation for reliable and inclusive gender-based 

clustering using the Fuzzy C-Means algorithm. The subsequent sections will delve into the preprocessing steps and 

the application of the clustering algorithm for meaningful insights into gender classification patterns. 
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2. Pre-processing: Fingerprint image pre-processing is a crucial phase in biometric analysis, essential for 

extracting meaningful features that contribute to robust fingerprint-based applications. This process involves a 

sequence of mathematical steps to enhance the quality and distinctiveness of fingerprint images, ensuring accurate 

representation of ridge patterns and minutiae points. In this overview, we focus on key preprocessing steps, 

including Binarization, Orientation Field Estimation, Minutiae Extraction, Segmentation, and Thinning, as shown 

in Fig.3  

 

Figure-3: Pre-processing stages for Image enhancement 

a) Binarization: Convert the grayscale fingerprint image into a binary format. 

Mathematical Steps: 

i.Thresholding: 

o Determine an optimal threshold value based on the image histogram to separate ridges from valleys. 

1. Mathematically, B ( x , y ) = { 

      1,     if I(x, y) > Threshold 

      0,      otherwise 

  } 

Where I(x,y) is the pixel intensity at coordinates (x, y), and T is the threshold. 

b) Orientation Field Estimation: Determine the directional flow of ridge patterns in the fingerprint image. 

Mathematical Steps: 

i. Gabor Filtering: 

o Apply Gabor filters to capture ridge orientations at different scales and directions. 

o Mathematically, the Gabor filter response is given by  

Energy ( x, y, θ ) = | F (x , y ) * G ( x , y, θ ) | 2 

Where: 

• F(x, y) is the fingerprint image 

• G(x, y, θ) is the Gabor filter at a specific orientation θ 

• Energy ( x, y, θ ) is the filter response at pixel (x, y) for orientation θ 

ii. Ridge Orientation Map: 
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o Combine responses from multiple Gabor filters to generate a ridge orientation map. 

c) Minutiae Extraction: Identify minutiae points, including ridge endings and bifurcations. 

Mathematical Steps: 

1. Local Ridge Binarization: 

o Binarize the local ridge structures using adaptive thresholding. 

o Mathematically,  

B ( x , y ) = { 

      1,     if I(x, y) > Threshold 

      0,      otherwise 

     } 

o Where I(x,y) is the pixel intensity at coordinates (x, y), and T is the threshold. 

2. Thinning: 

o Perform thinning to reduce ridge structures to single-pixel width. 

o Mathematically, use algorithms like Zhang-Suen thinning. 

3. Minutiae Detection: 

o Identify minutiae points by locating ridge endings and bifurcations in the thinned image. 

d) Segmentation: Segment the fingerprint image into distinct ridge structures. 

Mathematical Steps: 

1. Ridge Frequency Estimation: 

o Apply Fourier Transform to estimate the ridge frequency across the image. 

2. Local Ridge Binarization: 

o Binarize the image using adaptive thresholding based on local ridge frequencies. 

o Mathematically,  

Binarylocal(x,y)={ 

      1,     if local ridge frequency 

      0,      otherwise if local ridge frequency 

  } 

3. Connected Component Analysis: 

o Identify connected components in the binary image to isolate individual ridge structures. 

e) Thinning: Refine ridge structures to a single-pixel width. 

Mathematical Steps: 

1. Skeletonization/Thinning: 

o Implement thinning algorithms (e.g., Zhang-Suen) to reduce ridge structures while preserving connectivity. 

2. Minutiae Extraction (Optional): 
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o Re-extract minutiae points from the thinned image for further feature representation. 

Following Fig. 4 shows all above steps those are applied on fingerprint image 

 

Fig. 4. Preprocessing steps on Fingerprint images. 

These mathematical steps collectively contribute to the comprehensive fingerprint image preprocessing, providing 

a foundation for subsequent gender clustering using algorithms like Fuzzy C-Means. 

IV. FEATURE EXTRACTION: 

let's delve into the detailed explanation of features extraction from enhanced fingerprint images for all ten fingers 

of 100 individuals (50 males and 50 females). The features include ridge information such as minimum, maximum, 

and average ridge length, total ridge count, ridge bifurcation count, ridge end count, as well as minutia information 

including minimum and maximum minutia angle, and minutia count. Figure 5 shows the process of feature 

extraction. 

 

a) Ridge Information: 

• Minimum Ridge Length: 

o This feature represents the shortest ridge segment observed in the fingerprint. It is calculated by measuring the 

length of the smallest ridge in the enhanced fingerprint image. 

• Maximum Ridge Length: 

o Conversely, the maximum ridge length represents the longest ridge segment in the fingerprint. It provides 

insights into the diversity of ridge lengths present. 
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• Average Ridge Length: 

o The average ridge length is computed by taking the mean of all ridge lengths in the fingerprint. It provides an 

overall measure of the typical length of ridges. 

• Total Ridge Count: 

o This feature represents the cumulative count of all ridges in the fingerprint image. It quantifies the density and 

complexity of ridge patterns. 

• Ridge Bifurcation Count: 

o Bifurcations occur where a ridge splits into two branches. Counting these points provides information about the 

branching complexity of the ridge patterns. 

• Ridge End Count: 

o Ridge ends represent points where a ridge terminates. Counting these points gives insights into the termination 

patterns of the ridges. 

Following Table-1 shows the result of Ridge information feature extraction from ten fingerprint images for a male 

person. 

Sr. No. Finger Name 
Total 

Ridge 

Max Ridge 

length 

Min Ridge 

length 

Average Ridge 

length 

1. Left Thumb 195 15.26 2.09 0.17 

2. Left Index Finger 166 17.01 2.67 0.19 

3. Left Middle Finger 139 16.57 2.52 0.25 

4. Left Ring Finger 138 15.00 2.00 0.23 

5. Left Little Finger 50 13.82 1.61 0.65 

6. Right Thumb 199 15.22 2.07 0.17 

7. Right Index Finger 168 17.01 2.67 0.19 

8. Right Middle Finger 155 13.73 1.58 0.22 

9. Right Ring Finger 143 13.25 1.42 0.23 

10. Right Little Finger 132 12.30 1.10 0.26 

Table 1 Ridge information for Male Participant 

Following Table-2 shows the result of Ridge information feature extraction from ten fingerprint images for a female 

person. 

Sr. No. Finger Name 
Total 

Ridge 

Min Ridge 

length 

Max Ridge 

length 

Average 

Ridge length 

1. Left Thumb 162 14.83 2.96 0.20 

2. Left Index Finger 123 12.15 1.58 0.26 

3. Left Middle Finger 77 14.11 1.49 0.42 

4. Left Ring Finger 111 15.19 2.33 0.28 

5. Left Little Finger 116 13.78 1.92 0.28 

6. Right Thumb 191 12.31 1.55 0.17 

7. Right Index Finger 144 13.43 2.87 0.22 

8. Right Middle Finger 146 12.49 1.71 0.21 

9. Right Ring Finger 165 13.02 1.89 0.20 

10. Right Little Finger 141 14.45 2.49 0.23 

Table 2 Ridge information for Female Participant 
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In summary, the comparative analysis of fingerprint characteristics between the male and female participants reveals 

a nuanced landscape of diversity. The observed distinctions in total ridge counts and variations in minimum and 

maximum ridge lengths across specific fingers underscore the individuality embedded in fingerprint patterns. Such 

variations contribute to the unique identity of each person, reflecting the intricate interplay of genetic and 

environmental factors that shape these biometric features. These findings not only deepen our understanding of the 

inherent diversity within the population but also underscore the complexity of fingerprint patterns, which are crucial 

in forensic investigations and biometric applications. 

Moreover, the significance of these distinct features extends to the realms of forensic science and biometrics. The 

gender-specific variations in ridge information highlight the potential utility of fingerprints in distinguishing 

between male and female individuals. Forensic experts and biometric analysts can leverage these gender-specific 

nuances to enhance the accuracy of identification processes. As fingerprint recognition technologies continue to 

evolve, the recognition of such variations becomes increasingly valuable, offering novel insights for both scientific 

research and practical applications in fields where precise identification is paramount. 

b) Minutia Information: 

• Minimum Minutia Angle: 

o This feature represents the smallest angle formed between minutiae points in the fingerprint. It indicates the 

sharpness or curvature of the minutiae arrangement. 

• Maximum Minutia Angle: 

o Conversely, the maximum minutia angle represents the largest angle formed between minutiae points. It provides 

insights into the angular variations in minutiae configurations. 

• Minutia Count: 

o The total number of minutiae in the fingerprint, including both bifurcations and ridge endings. It quantifies the 

overall density of minutiae. 

Table - 3 presents the minutia information for a male participant, detailing various aspects of fingerprint features. 

The table includes counts for total minutiae, bifurcations, and ridge endings, providing a comprehensive overview 

of the distinctive characteristics inherent in the male participant's fingerprints. 

Sr. 

No. 
Finger Name 

Minutia 

Count 

Bifurcation 

count 

Ridge 

end 

count 

Min 

Minutia 

Angle 

Max 

Minutia 

Angle 

Avg. 

Minutia 

Angle 

1. Left Thumb 28 3 25 0.00 6.18 0.22 

2. Left Index Finger 37 5 32 0.29 6.18 0.17 

3. Left Middle Finger 41 5 36 0.00 6.09 0.15 

4. Left Ring Finger 43 8 35 0.90 5.90 0.16 

5. Left Little Finger 20 3 17 1.20 5.45 0.33 

6. Right Thumb 31 2 29 0.64 6.18 0.22 

7. Right Index Finger 40 5 35 0.10 5.90 0.15 

8. 
Right Middle 

Finger 
46 2 44 0.60 5.82 0.14 

9. Right Ring Finger 39 6 33 0.54 6.18 0.17 

10. Right Little Finger 52 8 44 0.10 6.09 0.12 

Table- 3 Minutia information for Male Participant. 

Table - 4 displays minutia information specific to a female participant, outlining essential details regarding her 

fingerprint features. The table enumerates the counts for total minutiae, bifurcations, and ridge endings, offering a 

comprehensive insight into the unique characteristics present in the female participant's fingerprints. 
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Sr. 

No. 
Finger Name 

Minutia 

Count 

Bifurcation 

count 

Ridge 

end 

count 

Min 

Minutia 

Angle 

Max 

Minutia 

Angle 

Avg. 

Minutia 

Angle 

1. Left Thumb 41 11 30 0.00 6.18 0.15 

2. Left Index Finger 20 4 16 0.10 5.89 0.30 

3. Left Middle Finger 21 6 15 0.10 6.18 0.30 

4. Left Ring Finger 33 3 30 0.59 5.99 0.20 

5. Left Little Finger 67 4 63 0.00 5.74 0.09 

6. Right Thumb 38 3 35 0.20 6.18 0.17 

7. Right Index Finger 22 4 18 0.10 6.18 0.29 

8. Right Middle Finger 48 5 43 0.10 4.81 0.10 

9. Right Ring Finger 72 17 55 0.20 5.90 0.08 

10. Right Little Finger 53 9 44 0.28 5.55 0.11 

Table 4 Minutia information for Female Participant. 

c) Discrete Wavelet Transform (DWT) at Levels 1-6: DWT captures both global and local frequency 

information, allowing for a multi-resolution analysis of fingerprint patterns. The statistical features extracted from 

different frequency bands offer a rich representation of the unique characteristics of fingerprints. 

i.Discrete Wavelet Transform (DWT) at Level 1 to 6 Decomposition: 

o Apply DWT to decompose the enhanced fingerprint images into sub-bands at different 

frequency levels, ranging from low to high frequencies. 

ii.Feature Extraction from Each Sub-Band: 

a. Approximation Coefficients (cA): - Extract statistical features from the approximation coefficients at each level. 

- Mean: Calculate the mean intensity of the approximation coefficients. - Standard Deviation: Measure the spread 

or variability of the approximation coefficients. 

b. Detail Coefficients (cD): - Extract statistical features from the detail coefficients at each level. - Mean Absolute 

Deviation (MAD): Quantify the average absolute deviation of the detail coefficients from their mean. - Skewness: 

Measure the asymmetry of the detail coefficients' distribution. - Kurtosis: Assess the shape of the distribution, 

detecting outliers. 

iii.Feature Vector Concatenation: 

Concatenate the extracted statistical features from both the approximation and detail coefficients at each level into 

a comprehensive feature vector. 

Table -5 illustrates the outcomes of a six-level Discrete Wavelet Transform (DWT) decomposition tailored for 

feature extraction from fingerprint images belonging to a male participant. The table delineates the evolution of the 

image at each level, showcasing the progressive refinement of approximation (LL) and detail coefficients (LH, HL, 

HH). This detailed breakdown captures intricate features across various scales, presenting a comprehensive view of 

the male participant's fingerprint characteristics. Such a nuanced representation is vital for gender classification 

algorithms seeking to discern distinctive patterns in the minutiae details. 

Sr. 

No. 
Finger Name DWT L1 

DWT 

L2 

DWT 

L3 

DWT 

L4 

DWT 

L5 

DWT 

L6 

1. Left Thumb 1568.40 16.20 8.10 8.50 4.55 4.68 

2. Left Index Finger 1536.00 0.00 0.00 0.00 0.00 0.55 

3. Left Middle Finger 1555.60 9.80 4.90 1.24 0.31 1.76 

4. Left Ring Finger 1583.25 23.62 11.81 4.19 1.46 0.78 

5. Left Little Finger 1593.44 28.72 14.36 4.21 1.42 1.05 

6. Right Thumb 1536.00 0.00 0.00 0.00 0.00 1.59 
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7. Right Index Finger 1567.60 15.80 7.90 2.95 1.00 0.66 

8. Right Middle Finger 1593.44 28.72 14.36 4.21 1.42 0.58 

9. Right Ring Finger 1567.60 15.80 7.90 2.95 1.00 0.44 

10. Right Little Finger 1593.44 28.72 14.36 4.21 1.42 0.45 

Table 5 2D-DWT features for 6 Level Decomposition for Male Participant 

Table 6 presents a visual representation of the six-level Discrete Wavelet Transform (DWT) decomposition for 

feature extraction from fingerprint images of a female participant.  

Sr. 

No. 
Finger Name DWT L1 

DWT 

L2 

DWT 

L3 

DWT 

L4 

DWT 

L5 

DWT 

L6 

1. Left Thumb 1567.60 15.80 7.90 24.72 10.47 6.58 

2. Left Index Finger 1551.81 7.91 3.95 1.24 0.43 2.32 

3. Left Middle Finger 1551.65 7.82 3.91 1.24 2.18 5.47 

4. Left Ring Finger 1536.00 0.00 0.00 0.00 0.00 0.20 

5. Left Little Finger 1551.65 7.82 3.91 1.24 0.46 0.15 

6. Right Thumb 1584.00 24.00 12.00 20.02 9.71 8.05 

7. Right Index Finger 1551.65 7.82 3.91 1.24 0.46 0.69 

8. Right Middle Finger 1551.65 7.82 3.91 1.24 0.46 1.17 

9. Right Ring Finger 1536.00 0.00 0.00 0.00 0.00 0.27 

10. Right Little Finger 1551.65 7.82 3.91 1.24 0.46 1.74 

Table 6 2D-DWT features for 6 Level Decomposition for Female Participant 

These extracted features collectively form a comprehensive set of descriptors that characterize the unique fingerprint 

patterns. They serve as input for subsequent analysis, such as gender clustering using the Fuzzy C-Means algorithm, 

providing a basis for accurate and meaningful classification. Additionally, this detailed feature set contributes to the 

richness of fingerprint data analysis in biometric applications. 

Fuzzy C-Means Clustering for Gender Classification in Fingerprint Feature Dataset 

Fuzzy C-Means (FCM) clustering is a powerful technique applied to fingerprint feature datasets for gender 

classification, aiming to group fingerprint patterns into clusters corresponding to "male" and "female" categories. 

In this methodology, each fingerprint is considered a data point characterized by a set of features extracted from the 

enhanced images. 

a) Initialization: The process begins by initializing cluster centers representing the centroids of "male" and 

"female" groups within the feature space. The degree of membership for each fingerprint in these clusters is 

initialized randomly. 

b) Objective Function: FCM minimizes an objective function that quantifies the difference between data 

points and cluster centers while considering the fuzzy memberships. The objective function incorporates the 

Euclidean distance between data points and cluster centers, with weights determined by the fuzzy membership 

values. 

c) Membership Update: In each iteration, the fuzzy membership values are updated to reflect the likelihood 

of a fingerprint belonging to each gender cluster. These memberships are recalculated based on the distances 

between data points and cluster centers, taking into account the fuzziness parameter that determines the degree of 

overlap between clusters. 

d) Cluster Centre Update: Simultaneously, the cluster centers are adjusted to minimize the overall objective 

function, ensuring that the centroids accurately represent the characteristic features of "male" and "female" 

fingerprints in the dataset. 

e) Convergence: The iterative process continues until convergence, where the memberships and cluster 

centers stabilize. At this point, each fingerprint is assigned a probability distribution across the "male" and "female" 

clusters, indicating the degree of certainty regarding its gender classification. 
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f) Results and Interpretation: Upon convergence, the obtained memberships serve as probabilities for 

gender classification. A fingerprint may exhibit a higher membership in one cluster, indicating a more confident 

assignment to a specific gender category. This nuanced approach allows for a soft assignment of fingerprints to 

clusters, accommodating the inherent variability in fingerprint patterns. 

 

Figure 6. General steps involved in gender specific clustering 

Fig 6. Shows clustering the fingerprint data set by Fuzzy C Means algorithm 

In summary, Fuzzy C-Means clustering is a robust methodology for gender classification in fingerprint feature 

datasets, providing a nuanced and probabilistic approach to account for the intricacies in fingerprint patterns across 

genders. Fuzzy C-Means clustering offers a flexible and adaptive approach to cluster analysis, making it well-suited 

for the intricate and unique features found in fingerprint datasets. The algorithm's ability to handle fuzzy 

memberships aligns with the complex and overlapping nature of fingerprint patterns, contributing to the success of 

gender classification and other biometric applications. 

V. RESULTS 

• Ridge information Analysis: Table 7 presents analysed valuable ridge information analysis done by Fuzzy 

C Means algorithm, specifically detailing for the Max Line Length, Min Line Length, Avg Line Length, Ridge 

Count, Ridge End Count, and Ridge Bifurcation Count. This comprehensive set of features captures various aspects 

of the ridge patterns in fingerprints. The table is organized to showcase the percentage accuracy achieved for gender 

identification based on these features for all ten fingers, distinguishing between male and female samples. 

The percentage accuracy values associated with each combination of finger and gender allow for a direct comparison 

of the effectiveness of the ridge features in gender identification across different fingers. 

Ridge information 

Sr. 

No. 
Finger Name Gender 

Max 

Line 

Length 

Min 

Line 

Length 

Avg 

Line 

Length 

Ridge 

Count 

Ridge 

End 

Count 

Ridge 

Bifurcation 

Count 

1 Left Index Finger 
Male 58.00 64.00 82.00 38.00 84.00 72.00 

Female 46.94 53.06 12.24 65.31 26.53 36.73 

2 Left Little Finger Male 48.00 38.00 32.00 88.00 72.00 72.00 
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Female 51.02 46.94 48.98 24.49 53.06 34.69 

3 Left Middle Finger 
Male 50.00 50.00 82.00 40.00 80.00 66.00 

Female 51.02 55.10 22.45 61.22 40.82 55.10 

4 Left Ring Finger 
Male 40.00 50.00 72.00 48.00 72.00 50.00 

Female 61.22 57.14 34.69 53.06 51.02 57.14 

5 Left Thumb 
Male 52.00 46.00 98.00 8.00 92.00 78.00 

Female 40.00 62.00 0.00 96.00 34.00 42.00 

6 Right Index Finger 
Male 58.00 60.00 88.00 34.00 96.00 78.00 

Female 46.94 53.06 18.37 71.43 20.41 26.53 

7 Right Little Finger 
Male 42.00 46.00 46.00 74.00 62.00 74.00 

Female 68.75 62.50 47.92 29.17 41.67 29.17 

8 Right Middle Finger 
Male 46.00 44.00 90.00 36.00 84.00 66.00 

Female 44.90 40.82 18.37 65.31 30.61 40.82 

9 Right Ring Finger 
Male 64.00 60.00 68.00 50.00 64.00 72.00 

Female 46.94 42.86 16.33 67.35 59.18 55.10 

10 Right Thumb 
Male 52.00 46.00 100.00 0.00 88.00 72.00 

Female 59.18 59.18 2.04 87.76 18.37 24.49 

Average 
Male 51 50.4 75.8 41.6 79.4 70 

Female 51.69 53.27 22.14 62.11 37.57 40.18 

Table 7. Gender analysis for Ridge Information by Fuzzy C Means Algorithm 

• Minutia information Analysis: Table 8. presents the minutia information, including Max Minutia Angle, 

Min Minutia Angle, Minutia Count, and Avg. Minutia Angle, following the application of the fuzzy c-means 

algorithm on fingerprint features extracted from 100 individuals. The results showcase the accuracy percentages for 

each finger, differentiating between male and female subjects. The fuzzy c-means algorithm, utilized for clustering 

and pattern recognition, demonstrates its effectiveness in identifying gender-specific characteristics within the 

minutia information. The accuracy percentages provide valuable insights into the algorithm's ability to discern 

gender-related patterns in fingerprint features across all ten fingers. This analysis contributes to a deeper 

understanding of the discriminatory power of minutia features and the potential implications for gender 

identification in biometric applications. 

Minutia Information 

Sr. 

No. 
Finger Name Gender 

Max Minutia 

Angle 

Min Minutia 

Angle 

Minutia 

Count 

Avg Minutia 

Angle 

1 Left Index Finger 
Male 2.00 2.00 16.00 28.00 

Female 93.88 81.63 71.43 79.59 

2 Left Little Finger 
Male 8.00 32.00 32.00 28.00 

Female 95.92 69.39 48.98 81.63 

3 Left Middle Finger 
Male 0.00 22.00 20.00 34.00 

Female 97.96 89.80 57.14 87.76 

4 Left Ring Finger 
Male 4.00 24.00 40.00 10.00 

Female 97.96 75.51 44.90 91.84 

5 Left Thumb 
Male 2.00 4.00 10.00 18.00 

Female 100.00 88.00 62.00 84.00 

6 Right Index Finger 
Male 20.00 30.00 12.00 38.00 

Female 87.76 71.43 77.55 79.59 

7 Right Little Finger 
Male 10.00 24.00 40.00 30.00 

Female 85.42 85.42 58.33 87.50 
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8 Right Middle Finger 
Male 20.00 46.00 16.00 24.00 

Female 79.59 61.22 61.22 79.59 

9 Right Ring Finger 
Male 18.00 28.00 36.00 24.00 

Female 87.76 85.71 42.86 91.84 

10 Right Thumb 
Male 20.00 18.00 6.00 16.00 

Female 77.55 85.71 77.55 77.55 

Average 
Male 10.4 23 22.8 25 

Female 90.38 79.38 60.20 84.09 

Table 8 Gender analysis for Minutia Information by Fuzzy C Means Algorithm 

• DWT information Analysis: Table 9 illustrates the outcomes of the application of the Fuzzy C-means 

algorithm on the features extracted through the Discrete Wavelet Transform (DWT) at Layers 1 to 6 for fingerprint 

data obtained from 100 individuals. The table provides a comprehensive overview of the percentage accuracy 

achieved in gender identification for each of the ten fingers, separately for males and females. The accuracy values 

offer insights into the effectiveness of the clustering algorithm in distinguishing between male and female 

fingerprints at different DWT layers. These results are instrumental in assessing the discriminative power of the 

selected features and the algorithm's ability to capture gender-related patterns in the fingerprint data. The nuanced 

breakdown across individual fingers provides a more granular understanding of the algorithm's performance, 

allowing for targeted analysis and potential optimizations based on specific fingers or DWT layers. Such detailed 

assessments are crucial in refining the model for robust and reliable gender identification in fingerprint datasets. 

DWT Information 

Sr. 

No. 
Finger Name Gender 

DWT 

Level-

1 

DWT 

Level-

2 

DWT 

Level-

3 

DWT 

Level-

4 

DWT 

Level-

5 

DWT 

Level-

6 

1 Left Index Finger 
Male 30.00 70.00 70.00 14.00 76.00 32.00 

Female 59.18 40.82 40.82 83.67 26.53 73.47 

2 Left Little Finger 
Male 32.00 68.00 68.00 8.00 86.00 18.00 

Female 65.31 34.69 34.69 89.80 12.24 85.71 

3 Left Middle Finger 
Male 24.00 76.00 76.00 26.00 72.00 30.00 

Female 59.18 40.82 40.82 91.84 18.37 73.47 

4 Left Ring Finger 
Male 18.00 82.00 82.00 16.00 76.00 32.00 

Female 77.55 22.45 22.45 87.76 16.33 77.55 

5 Left Thumb 
Male 16.00 84.00 84.00 62.00 28.00 76.00 

Female 74.00 26.00 26.00 46.00 66.00 24.00 

6 Right Index Finger 
Male 34.00 66.00 66.00 6.00 90.00 18.00 

Female 67.35 32.65 32.65 97.96 14.29 73.47 

7 Right Little Finger 
Male 34.00 66.00 66.00 2.00 96.00 8.00 

Female 54.17 45.83 43.75 93.75 4.17 93.75 

8 Right Middle Finger 
Male 28.00 72.00 72.00 14.00 78.00 30.00 

Female 59.18 40.82 40.82 91.84 16.33 71.43 

9 Right Ring Finger 
Male 24.00 76.00 76.00 10.00 84.00 22.00 

Female 46.94 53.06 51.02 85.71 22.45 73.47 

10 Right Thumb 
Male 16.00 84.00 84.00 28.00 56.00 62.00 

Female 73.47 26.53 26.53 71.43 44.90 53.06 

Average 
Male 25.6 74.4 74.4 18.6 74.2 32.8 

Female 63.63 36.37 35.95 83.98 24.16 69.94 

Table 9 Gender analysis for DWT Layer 1-6 Information by Fuzzy C Means Algorithm 
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VI. DISCUSSION: 

Ridge Information: To leverage this information for gender classification, a fuzzy c-means algorithm can be 

applied. This algorithm will group the data into clusters based on the ridge features, providing insights into gender-

related patterns. Here's a summarized analysis based on the average values presented in the table: 

• Max Line Length and Min Line Length: Male fingers generally exhibit slightly longer Max Line Length and 

Min Line Length compared to female fingers across all fingers. 

• Avg Line Length: Female fingers tend to have a notably lower average line length compared to male fingers. 

• Ridge Count, Ridge End Count, and Ridge Bifurcation Count: Male fingers, on average, have higher 

counts of ridges, ridge ends, and ridge bifurcations compared to female fingers. 

The ridge information provided in the table offers promising features for gender classification. By applying the 

fuzzy c-means algorithm, one can uncover inherent patterns in the data that contribute to effective gender 

identification based on the specified ridge characteristics. 

Minutia Information: The provided table contains minutia information, specifically detailing the characteristics of 

fingerprints, for both male and female individuals across ten fingers. Each row corresponds to a specific finger, 

presenting various minutia features such as Max Minutia Angle, Min Minutia Angle, Minutia Count, and Avg 

Minutia Angle. The analysis can be summarized as follows: 

• Max and Min Minutia Angles: 

o Male fingerprints generally exhibit smaller variations in Max and Min Minutia Angles, with average values of 

10.4 and 23 degrees, respectively. 

o Female fingerprints, on the other hand, display more significant differences in these angles, with average values 

of 90.38 and 79.38 degrees for Max and Min angles, respectively. 

• Minutia Count: 

o The Minutia Count, representing the number of minutiae on each finger, varies across fingers and genders. On 

average, males have 22.8 minutiae per finger, while females have a slightly higher average of 60.20 minutiae. 

• Avg Minutia Angle: 

o The Average Minutia Angle provides insights into the overall orientation of minutiae on each finger. 

o Male fingerprints exhibit an average angle of 25 degrees, suggesting a relatively consistent orientation. 

o Female fingerprints, in contrast, show a higher average angle of 84.09 degrees, indicating greater variability in 

minutia orientation. 

The analysis of minutia information reveals significant gender-specific variations in fingerprint characteristics. 

These findings could contribute to the development of effective fingerprint-based gender identification systems, 

leveraging the distinctive minutia features inherent in male and female fingerprints. 

DWT Layer 1-6 Information: The provided table 9 presents the results of the Discrete Wavelet Transform (DWT) 

applied to fingerprint features at various levels for ten fingers, categorized by gender. Each row represents a specific 

finger, and the corresponding columns display the percentage values for DWT Levels 1 through 6. The average 

values for males and females are also calculated at the bottom of the table for each DWT level. 

• Left Index Finger: For both genders, there is a notable difference in the percentage values across different DWT 

levels. Females generally exhibit higher values, particularly at DWT Levels 4, 5, and 6. 

• Left Little Finger: Similar to the Left Index Finger, females tend to have higher percentages at most DWT 

levels. 
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• Left Middle Finger: The pattern is consistent, with females displaying higher percentages, particularly at higher 

DWT levels. 

• Left Ring Finger: Again, females show higher percentages across various DWT levels, indicating potential 

gender-related distinctions. 

• Left Thumb: Females generally have higher percentages, especially at DWT Levels 4, 5, and 6. 

• Right Index Finger: There is a consistent trend of higher percentages for females, suggesting potential gender-

related variations. 

• Right Little Finger: Females consistently exhibit higher percentages, with a substantial difference at DWT 

Levels 4 and 6. 

• Right Middle Finger: Similar to other fingers, females tend to have higher percentages, notably at higher DWT 

levels. 

• Right Ring Finger: Females generally show higher percentages, particularly at DWT Levels 4 and 6. 

• Right Thumb: Females exhibit higher percentages, especially at DWT Levels 4, 5, and 6. 

VII. CONCLUSION: 

In conclusion, the research presented in this journal focused on the innovative application of the Fuzzy C-Means 

(FCM) algorithm for the design of a fingerprint-based gender clustering system. The integration of biometric data, 

specifically fingerprints, with advanced clustering techniques has demonstrated promising results in the realm of 

gender classification. The utilization of fuzzy logic in the clustering process has enhanced the system's ability to 

handle uncertainties and variations in fingerprint patterns, thereby contributing to more accurate and reliable gender 

identification. 

The study not only showcased the feasibility of employing FCM in fingerprint-based gender clustering but also 

highlighted the importance of considering fuzzy logic to address the inherent complexities in biometric data. The 

findings suggest that this approach has the potential to contribute significantly to various applications, such as 

forensic investigations, security systems, and access control. 

Furthermore, the research contributes to the ongoing discourse in the field of biometrics and pattern recognition by 

presenting a systematic and methodical approach to fingerprint-based gender clustering. The results presented in 

this journal provide a foundation for future research endeavors, encouraging the exploration of additional algorithms 

and methodologies to further refine and optimize gender classification accuracy. 
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