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ABSTRACT - Fingerprint biometrics is recognized as
one among the most reliable modalities for
identification of humans due to their uniqueness.
Predicting Gender from biometric traits is emerging
as a critical task in forensic science, human computer
interaction, security, criminology and demographic
analytics. Classification and Gender Prediction based
on Fingerprints has earned increasing attention in
biometric research for its potential applications in
forensic profiling and identity verification. With the
advancement in Deep learning which is a potential
paradigm in computer vision is recently extended to
soft biometric analysis, particularly prediction of
gender from fingerprint images. This review of
literature blends the recent advancements in deep
learning models and techniques applied in
fingerprint-based  classification and  gender
prediction, highlighting the datasets, preconditioning
pipelines, model architectures, metrics for assessing
the performance of the models and future directions.
This main focus of this survey is on deep learning
models with fingerprint images as inputs for the task
of binary or multi-class classification excluding
methods which considers only graph-based or
symbolic minutiae representations. This review paper
aims to infuse practical insights for the researchers to
understand the current and future directions of
research in fingerprint-based gender identification
and verification systems using deep learning.

Keywords:  Biometrics, Computer Vision, CNN,
Fingerprint, Minutiae

I. INTRODUCTION

Among the various Biometric traits, fingerprints play a
vital role in the field of forensic science where other Biometric
identifications like voice, iris, gait, face may be absent in a
crime scene. Earlier work on classification of fingerprints
relied on hand-crafted features which are extracted from global
and local ridge characteristics. Those approaches extract
minutiae details, ridge density and width, core and delta
configurations, and texture descriptors such as Gabor-based
features, local binary patterns, or wavelet coefficients [43],
[44], [45]. These extracted features are given as inputs to
conventional classifiers such as k-nearest neighbors, support
vector machines or ensemble methods reporting encouraging
results on specific datasets. But they exhibit limitations such
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as sensitivity to preprocessing, quality of the image, difficulty
in capturing complex local and global structures.

The significant improvement of recognition accuracy in
classification of fingerprints and prediction of Gender due to
the recent advancements in Deep Learning approaches enables
faster and more reliable biometric systems. Approaches such
as multilayer extreme learning machines [1] and convolutional
neural network (CNN) architectures including AlexNet,
LeNet, VGG-16, and specialized Fingerprint-Net models [3]
have established strong baselines for feature learning. While
transfer learning and ensemble-based solutions have further
enhanced the performance of multi-class fingerprint
classification [9], attention mechanisms enhanced lightweight
models demonstrate the feasibility in deploying fingerprint
classification on constrained environments. [12]

Despite the advancements in the field, fingerprint
classification remains highly sensitive to low quality images
and real-world distortions. While many studies have explored
image reconstruction and minutiae extraction techniques to
improve downstream performance [10] [7], Hybrid feature
extraction methods mitigate quality degradation [4]. However,
such solutions struggle with partial and distorted fingerprints
which are common in practical deployments. When deep
learning—based methodologies achieve high accuracy, they
remain computationally expensive that limits their suitability
for real-time decision-making. Current literature also shows
that assessing image quality, extracting features and
classification being addressed in isolation rather than using
unified multi-task architectures [5][8]. Such challenges
highlight the need for a classification framework using
fingerprint within a single pipeline that is capable of multi-
attribute analysis, robust to image degradation in the real world
and lightweight for deploying in the real time scenarios.

II. ANATOMY OF FINGERPRINTS

An impression made by the friction ridges, known as
Fingerprints, are dominated by central features, such as
whorls, loops and arches. Further analysis reveals other
imperfections such as ridge endings, ridge bifurcations, island
ridges etc [46]. In the fingerprint, ridges are the raised lines
whereas valleys are the spaces between those ridges. Ridge
endings are the point where the ridge ends, whereas the
meeting point of two ridges is ridge bifurcation [32]. These
two details are called minutiae. A turnabout in the ridge pattern
is a core point and delta point are where ridges diverge.

Fingerprint structure consists of a rich set of global, local,
and micro-level features which are essential for biometric
feature extraction. By leveraging the ridge flow details which
is the global feature contributing to the structure of the
fingerprint, minutiae specifications arising from local
discontinuity of the ridges, micro features like ridge width,
ridge spacing, edge contours and texture descriptors,
fingerprint recognition systems achieve impressive accuracy
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even with limitations in imaging conditions. The types of classifying fingerprint serves to reduce the response time in a
fingerprint patterns are given in Table 1 and its relevant images biometric fingerprint system, when used as a preprocessing
in Table 2. On average, compared to males’ females have finer step.

ridge [46]. This study is relevant to the current research as the

TABLE 1. FINGERPRINT PATTERN TYPES

Pattern Description Population Frequency
Arch Ridges make an entry from one 5% - 6% [5]

side of the finger and exit the other

side

Tented Arch  Same as arch but with a pointed 1%
peak at the center.

Ulnar Loop Ridges enter from one side, loop Most common 60% — 65%
back, and exit on the same side [5]

Radial Loop  Entry of ridges is from one side, 5%
Loops and opens toward the thumb
side

Plain Whorl Ridges form circular or spiral 24% —26% [5]
patterns

Central A loop pattern with a whorl at the Not common
Pocket Whorl end

Double Loop Two separate loops intertwined. 4%
Whorl

Accidental Combination of different patterns Rare
Whorl not fitting other classification.

TABLE 2. FINGERPRINT PATTERN DETAILS [32] (Mridula et al 2014)

= Radial

Tented

Accidental whorl v

II1. ROLE OF DEEP LEARNING IN Multilayer Extreme Learning Machines (ELMs) for
FINGERPRINT CLASSIFICATION efficiently classifying Images of fingerprints. This method

uses a three-layer ELM with brute-force heuristic

[1] This paper addresses computational cost and training optimization technique to determine hyperparameters which
efficiency in Fingerprint classification. The authors propose improves classification accuracy while maintaining low
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computational cost, avoiding excessive training time.
Experiments are conducted on synthetic fingerprint
databases generated by SFINGE software, that simulates
realistic fingerprint distribution. Notably, the work
contributes in maximizing the accuracy in classification
across different M-ELM configurations while avoiding
excessive training times. However, the main drawback is the
samples are limited with less than 800 per group reducing
the robustness of experiments, and also this method does not
address a five-class classification problem, which is an
important aspect that has to be considered while developing
complex verification models in order to reduce the
penetration rate. The authors future research will focus on
optimizing M-ELM models using heuristic techniques and
numerical methods for improving the performance and
reducing computational costs

[2] In this paper the authors propose a “Robust Deformed
Convolutional Neural Network for 5G network secure smart
cities (FCD-RDCNN)” for optimized Fingerprint Crime
Detection which involves a pre-processing phase to
standardize the size of the image and tensor conversion using
Sliding Innovation Filter (SIF). In the feature extraction step
Random Quantum Circuits Transform (RQCT) is used. The
features that are extracted are fed into RDCNN for
classifying original images from the forged images. To
further enhance the RDCNN to classify finger print crime
detection, a Sand Cat Swarm Optimization (SCSO) is used.
Experiments are conducted on SokotoConventry dataset
showing better accuracy, precision and Fl-score when
compared to existing models.

[3] This paper addresses how to minimize the number of
comparisons performed in biometric recognition systems
when working with massive databases by classifying
fingerprints into several groups. The authors compare the
proposed model Fingerprint-Net, with three deep learning
models, namely AlexNet, LetNet, and VGG-16 in terms of
efficiency and accuracy. Experiments are conducted on the
SOCOfing database, showing better performance because of
the sample’s superior quality. Notably, an impressive
accuracy of 99.28 percent is obtained by the suggested
model Fingerprint-Net, compared to the other models used
in this study.

[4] This paper addresses the significant issue of low-
quality fingerprints which decrease the performance of
fingerprint authentication systems. The authors propose two
hybrid approaches for enhancing the accuracy. The first
approach, SIFT-Descriptor-SCNN, combines the proposed
Siamese CNN model with scale-invariant feature transform
(SIFT) by first computing the SIFT feature descriptors, then
passing them to the SCNN for further feature extraction and
matching that resulted in an increase of system’s ability in
distinguishing various patterns for accurate identification.
The second approach which is novel and named as oriented
FAST-Dense-SIFT-Descriptor-SCNN, uses the oriented
FAST with a dense method for the detection of keypoints
which are then fed into the SIFT algorithm to compute the
descriptors. Experiments are conducted on the SOCOFing
dataset, which includes 6000 real fingerprints and
synthetically altered versions of 49,270 fingerprints that are
grouped into easy, medium and hard. Notably, the second
model had a faster prediction time and a higher training
accuracy of 98.37, 98.08, and 97.86 and validation accuracy
0of 98.55, 97.40, and 98.31for all three sets.

[5] This paper addresses the issue of the performance of
recognition systems which are affected by the quality of
fingerprint images. The primary objective of this study is to
classify the input images based on the quality, with a scale
ranging from 1 to 5, where a higher score indicating the
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quality of the image is better. The authors propose an
enhanced machine learning based approach for fingerprint
image quality assessment (FIQA) with a seven-phase
structure, encompassing dataset loading from the Sokoto
Coventry Fingerprint dataset, preprocessing, image
enhancement using Gabor filtering to enhance the texture
feature and minutiae extraction for extracting distinctive
features to improve image quality before feature extraction.
Then features are extracted using the histogram of oriented
gradients (HOG) descriptors. To classify fingerprint image
quality effectively, machine learning techniques, including
Support Vector Machine, Convolutional Neural Network,
and Multilayer Perceptron are used. To enhance the
recognition performance of the biometric system, the
proposed ensemble model combines the predictions from
each model using an averaging method. The ensemble
method outperformed the individual classifiers thus
achieving a precision of 0.91 and recall of 1.00 while
maintaining minimal processing time. The study outlines a
method for predicting fingerprint image quality by
calculating a matching percentage based on the predictions
of classifiers which are then mapped to predefined
thresholds for determining the quality of the image. A
matching score above 95% is corresponding to a quality
level of 1, which represents the highest image quality with
higher matching percentages correlating with better
predicted image quality.

[6] This paper highlights the superiority of hybrid deep
learning methodologies in biometric security by providing a
quantifiable enhancement in both efficiency and accuracy.
The authors propose a hybrid deep learning model that
improves accuracy and robustness by integrating
Convolutional Neural Networks for extracting intricate
fingerprint patterns and Long Short-Term Memory networks
for capturing sequential dependencies to refine feature
representations. Experiments are conducted on Sokoto
Coventry Fingerprint Dataset (SOCOFing) with synthetic
alterations to create challenging test conditions.
Additionally, the model was assessed for robustness and
generalization capabilities using datasets FVC2000 and L3-
SF-V2 to ensure the model’s performance on new and
unseen data. Notably, the proposed model demonstrates an
efficient execution time of 1.85 seconds achieving an
accuracy of 99.42% for classifying, reduces the false
acceptance rate (FAR) to 0.31% and the false rejection rate
(FRR) to 0.27%, thus demonstrating a 12% improvement
over traditional CNN-based models which makes it suitable
for real-time applications. The work contributes a faster
processing optimized architecture suitable for real-time
authentication by reducing computational overheads. This
study is relevant to the current research as it contributes to
the advancement of adaptive, secure and high-performance
fingerprint authentication systems with a potential for further
improvement with diverse datasets and techniques like
attention-based mechanisms and transfer learning.

[7]1 This paper proposes a fingerprint analysis and
matching system based on deep learning and machine
learning techniques. Edge detection and adaptive
thresholding is implemented for feature extraction to identify
unique ridge and edge patterns in a fingerprint image.
Templates are generated using pattern recognition of
fingerprint features and minutiae for preventing spoofing
attacks. For matching the fingerprints, the authors compare
and analyses Convolutional Neural Network, Random
Forest, K Nearest Neighbor and Support Vector Machine
and concludes CNN’s performance is better compared to
others with an accuracy of 97.6%.

[8] The study presents a deep learning framework for
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simultaneously predicting gender, age group, and quality of
fingerprint images in a single pipeline rather than as a
separate task using a unified CNN-based architecture that
branches into three output heads, each for one attribute. The
authors propose a 5-layer convolution with a Maxpooling
and batch normalization followed by a global Maxpooling
operation at the end to extract features. The obtained fine-
tuned feature sets are subsequently fed into 3 parallel
artificial neural network classifiers dedicated for detecting
gender, hand, and finger respectively. Experiments are
conducted on the publicly available SOCOFIG dataset
achieving a validation accuracy of 99.38% on gender,
99.46% on hand, and 97.36% on finger prediction
respectively. The proposed model reveals an impressive
accuracy of 96% when tested on the NIST Special Database
4. However, the limitations include declining in accuracy
when faced with incomplete or heavily distorted fingerprint
images highlighting the importance of further research to
address the challenges with fingerprint images having
substantial background noise or partial image content, in
order to enhance the accuracy and reliability of fingerprint
identification systems.

[9] This study proposes a framework for fingerprints
classification combining deep transfer learning and a
majority voting system which is a multi-classifier system
that is capable of classifying six types of fingerprints. The
authors fine-tuned 16 deep transfer learning models for
classifying fingerprints. Predictions from the models are
combined using a soft majority voting approach to identify
the optimal combination of classifiers. Experiments are
conducted on six different fingerprint databases consisting
of both synthetic and real images. The study finds the
majority voting approach of the three deep transfer-learning
models, namely DenseNet 121, ResNetl152V1, and
EfficientNetB7 outperforms the individual transfer learning
model in terms of precision for fingerprint classification.

[10] This paper addresses the issue of failing to validate
the identity because of the poor fingerprint image that
appears damaged due to poor skin condition/large cuts on the
fingers/wet fingers/poor scanning of images by
reconstructing such images. The authors discuss about two
fingerprint reconstruction methods, one using minutiae
features for reconstruction from stored minutiae templates
using orientation maps, ridge patterns, and phase models and
the other method using deep learning approach like CNNss,
autoencoders, and GANs to reconstruct the fingerprint
images. The paper concludes that Minutiae-based methods
are highly accurate with a matching score ranging between
82 and 99.99% but pose security risks whereas Deep
learning methods have matching scores ranging between 23-
94% which are secure against Type-I and Type-II attacks and
better suited for reconstructing poor-quality fingerprints.

[11] This paper addresses the issue of limited size
training samples availability for extracting fingerprint
features. The authors propose two approaches, inversion by
creating two inverted images to get deep features and multi
augmentation by applying data augmentation technique and
splitting methods on each input image resulting in getting
eight distinct images. Features extracted from each method
are combined together through a concatenate layer which are
passed through Deep neural network architectures VGG16,
VGG19, ResNet50, InceptionV3 models to classify the
samples of fingerprints. Experiments are conducted on
FVC2000-DB4 dataset with accuracy, precision, recall and
F1-score as performance metrics parameters achieving the
best results with VGG16 model exhibiting an accuracy of 93
% with inversion approach and 97 % with multi
augmentation approach. This study is relevant to the current
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research as it suggests that this approach can be extended to
extract deep features from multiple biometrics which can
combine to improve the performance of a multimodal
biometric recognition.

[12] This paper discusses using lightweight deep learning
models integrated with attention modules that focus on
distinctive features for fingerprint patterns classification to
achieve optimal performance and reduce computational
complexity. The author proposes an approach that integrates
four attention modules namely Squeeze and excitation, Dual,
Self, Convolutional block attention module for fingerprint
pattern classification into two lightweight deep learning
models MobileNet and EfficientNet-BO to form the
MobileNet+ and EfficientNet-BO+. Experiments are
conducted on NIST special database 301 dataset and the
LivDet dataset showing a classification accuracy of 97%
with only 854,086 training parameters on EfficientNet-BO+
model which uses a swish activation function further
reducing information loss, and increases its discriminative
capacity that makes it suitable for deployment on low-
resource devices. Also, the author observed that the dual
attention module outperformed the other module in all the
metrics on EfficientNet-B0+ model.

IV. ROLE OF DEEP LEARNING IN
FINGERPRINT BASED GENDER PREDICTION

[13] This paper discusses the use of Convolutional
Neural Network with Support Vector Machine in improving
the accuracy in predicting gender using fingerprint images.
The authors propose CNN and SVM to extract features and
train models on a dataset of 500 thumb prints. The study
mentions that though SVM is a trustworthy performer in
gender classification, CNN outperforms other models. This
study suggests the use of Convolutional Neural Networks and
Support Vector Machines for developing novel technologies
which can boost the performance of biometric systems
specifically built for gender prediction using fingerprints.

[14] This paper addresses the issue of CNNs slow and
premature convergence and getting trapped in local minima
by presenting an optimized Convolutional Neural Network
(CNN) enhanced by the Whale Optimization Algorithm
(WOA) to optimize CNN parameters for Gender detection
using fingerprints. Experiments are conducted on 2200
gender labelled fingerprint images acquired from Kaggle.
The images are enhanced by histogram equalization and
noise is eliminated by using edge detection filtering. While
CNN achieved an accuracy of 95.86% and 99.90s
recognition time, WOA-CNN outperformed in all metrics
demonstrating an accuracy of 97.23% and faster training
time, decreasing from 99.20 to 87.40 seconds showing
improvement in computational efficiency.

[15] This paper considers the variations in fingerprint
image quality, giving a pioneering comparison of gender
classification across diverse datasets. Authors propose an
advanced Al technique that compares performance across
three public datasets namely NIST-DB4, SOCOfing, NIST-
302 and one private dataset named IsrPoliceDB collected
from the Israeli police. The study introduces Data-Centric Al
(DCAI) namely Cleanlab-OOD to filter out distribution
outliers, FLIP-Easy/Hard to remove unstable predictions and
Margin of Confidence-Easy/Hard that targets low-
confidence samples to improve model robustness. Five
models VGG16, VGG19, ResNet18/50/101 were evaluated
on the four datasets and found VGG19 with DCALI filtering
proved to be effective by achieving an accuracy that ranged
from 70% to 95% based on fingerprint quality. Also, DCAI
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methods contribute a noteworthy improvement of 1-4% in
accuracy. However, the employed methodology does not
consider scenarios where only a part of the fingerprint is
visible.

[16] This main focus of this paper is to study and analyze
fingerprints for classifying the gender of humans using in-
line digital holography which is a non-contact optical
technique that captures phase information for enhancing
ridge-valley contrast and minutiae visibility. The authors
propose a two-layer CNN with Pooling and Dense layers to
train on 6000 images achieving 99% accuracy. The same
model achieved an accuracy of 83% when used on
fingerprint images obtained through Inline Digital
Holography (IDH) technique. The study concluded that
fingerprints contain vital features for effectively
discriminating against human gender.

[17] This study aims to provide an optimal neural
network algorithm based on an intelligent fingerprint system
for classifying humans. The authors propose a Polar Bear
tuned Dynamic Recurrent Neural Network (PB-DRNN)
algorithm for classifying human gender using fingerprints.
Experiments are conducted on fingerprint data collected
from Kaggle dataset. To remove the distortion from the
collected data, a Gaussian filter is used. The experiment
findings include accuracy of 99.87%, recall of 99.50% and
precision of 99.84% showed that the proposed model works
better than other conventional methods in classifying human
gender based on fingerprint.

[18] This study proposes a CNN based framework named
FigNet for detecting Gender where the architecture is made
up of seven layers: 3 convolution layers, 3 pooling levels
followed by one fully connected layer. Experiments are
conducted on SOCOFING dataset using both real and
synthetically altered fingerprints. The authors use the
convolutional layers with ReLu activation to ensure
nonlinearity in the model. The pooling layers are used to
ensure spatial invariance. FigNet architecture achieved an
accuracy of 95.2% for classifying females and 97.6% for
predicting males. However, there is only limited focus on
computational efficiency metrics. Furthermore the
effectiveness of the proposed model can be assessed against
other datasets and usage of optimization techniques to
improve performance.

[19] This paper discusses about a multitask Deep
Learning model a Dynamic Horizontal Voting Ensemble
(DHVE) with Hybrid of Convolutional Neural Network and
Long Short-Term Memory (LSTM) for classifying the
combined traits of ethnicity, gender and age group
estimation using fingerprint pattern. CNN is used for
extracting features which are reshaped into a 3D dataset for
LSTM. The authors propose a novel Dynamic Horizontal
Voting Ensemble (DHVE) where intermediate results are
saved with a predetermined local accuracy threshold as
selection criteria and the output of the models is combined
using voting techniques to enhance the accuracy. The best of
a single sub-classifier score or the ensemble score is
dynamically considered for the final prediction. Experiments
are conducted by collecting 450 subject fingerprint images
representing three predominant Nigerian ethnic groupings
with distinct gender and age categories. DHVE outperforms
with an accuracy of 0.762 that other two models CNN-
LSTM of 0.752 and HVE of 0.747 with a total precision of
0.762% making it a suitable tool for fingerprint recognition
in biometric systems.

[20] This study focuses on exploring and developing a
robust approach for extracting features from fingerprints for
predicting Gender using Dense Dilated Convolution ResNet
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Autoencoder by replacing the normal convolution operations
with the atrous convolution in the backbone and providing
prior knowledge for keeping the edge details. The efficiency
of this model is evaluated in the dataset containing 6000
images collected from 200 persons containing 98 males and
102 females with 54 combinations using 6 automatic feature
extractors and 9 classifiers. The combination of DDC-
ResNet and CNN classifiers achieved an accuracy of 96.5%
on an average, with a classification accuracy of 95.48% for
females and 97.52% for males. The study also inferred the
effectiveness of the right ring finger and fingerprint
epidermal texture features in gender classification

[21] This paper explores multi-attribute prediction such
as Gender, hand type, Finger position and Height range from
fingerprint images using convolutional neural networks. The
study implements three CNNs VGG16, Inception-v3 and
Resnet50 to predict the biometrics. Experiments were
conducted on 1000 paper-based fingerprint cards collected
from the New Taipei City police department after removing
all personal identification data. The results were visualized
using Grad-CAM technique and compared with experts’
predictions. The CNN models outperformed the experts in
terms of speed and accuracy with VGG16 achieving an
accuracy of 79.2% in predicting gender, 94.4% in predicting
hand types, 84.8% for finger position and 69.8% for height
range.

[22] The study presents a novel method of dynamic
horizontal voting ensemble model with hybrid CNN and
LSTM as the base learner to predict gender based on
fingerprint patterns. Experiments were conducted on four
thousand Live fingerprint images collected from 450
Nigerian participants. The images were preprocessed using
Histogram Equalization Technique and Bilateral Filter to
improve the quality of the Images. This study resulted in
above 99% accuracy in predicting gender. The authors
implemented this model on SOCOFing public dataset and
found that the proposed deep learning model has achieved
21% higher accuracy than the other state-of-the-art models
such as VGG-19, ResNet-34, ResNet-50 and EfficientNet-
B3 used in the benchmark study on SOCOFing dataset.

[23] The paper highlights the ability of Convolutional
Neural Network in learning discriminative features without
manual feature engineering for classifying Gender using
fingerprints. The authors implemented 3 CNN models with
multiple convolutional layers extracting features, Pooling
layers for reducing spatial dimensions and fully connected
layers for classification. The CNN model with a combination
of Adam optimizer, learning rate 0.00001 and binary entropy
as loss function achieved the high evaluation accuracy of
99.9667%. on the dataset of 49270 images that has been
sourced from Kaggle from a gender classification
competition based on fingerprints.

[24] This study explores Gender prediction based on
fingerprints using Convolutional Neural Networks. The
authors used a three convolutional layer with RELU and tanh
activation functions on 4000 images of NIST DB4 dataset
achieving an optimal performance of 99% accuracy for Relu
activation function at 20th epoch. However, this paper does
not have any mention about the training time.

[25] The study explores feature extraction and
classification of Gender using Fingerprints by considering
the global reception field in gender classification and
replacing normal convolutions with dilated convolution in
the extraction method. The authors had used 6 automatic
feature extraction methods like VGG, SVD, DWT with their
proposed method Dense Dilated Convolution-Resnet for
extracting features coupled with 9 classifiers such as SVM
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(3 kernels), KNN, Adaboost, LDA, J48, ID3 and CNN. The
fingerprint dataset is obtained from 200 persons collected
from 102 females and 98 males with a total of 6000 images.
The results showed that the DDC-Resnet extractor with
CNN classifier outperformed achieving an accuracy of
96.5% with the right ring finger contributing more in
predicting gender with an accuracy of 92.455%

V. COMPARATIVE STUDY OF RELATED
WORKS

The Comparative Analysis provides a systematic evaluation
of the research initiatives dedicated to classification of
fingerprints and Gender Prediction through fingerprints, with
particular emphasis on the integration of Deep Learning
methodologies.

A. Datasets used in the reviewed papers

The researchers had employed SOCOFing dataset in
approximately 70% of the studies for classifying fingerprint
classes and custom collected dataset in approximately 46%
for predicting Gender based on fingerprint images. The
datasets most frequently used in the study are as follows:

. SOCOFing Dataset: ~6,000 fingerprint images
authentic + synthetically altered, relatively balanced male
and female labelled dataset collected from 600 African
Subjects suitable for Gender Prediction. [18]

. NIST DB4: 4,000 plain fingerprint images which
are real with gender labels that makes it suitable for Gender
Prediction tasks. [23]

. FVC  2000-2004:  Fingerprint  Verification
Competition dataset having approximately 800 samples per
edition with Real and Synthetic samples without Gender
labels that makes it suitable for Classifying the Fingerprint
samples and used to evaluate the performance of Fingerprint
Recognition Algorithms. [11]

. PolyU: Approximately 1800 Images collected from
collected from 300 people with no explicit Gender metadata
[29]

. LivDet: Liveness Detection Competition Dataset
which are restricted only to participants of the Competition.
Samples are mainly used for liveness detection and not
suitable for Gender Prediction as it does not contain Gender
Labels. [12]

Figure 1 illustrates the total number of studies which had used
the various mentioned fingerprint datasets in predicting
Gender from the 23 papers reviewed. Figure 2 illustrates the
total number of studies which had used the various mentioned
fingerprint datasets in Classification of the Fingerprints from
the 18 papers reviewed.

B. Deep Learning models used in the reviewed papers
The researchers had employed Convolutional Neural
Networks in approximately 39% of the studies for classifying
fingerprint classes and approximately 30% for predicting
Gender based on fingerprint images. The Models most
frequently used in the study are as follows:

. Convolutional Neural Networks: A Convolutional
Neural Network (CNN) is a deep learning model which is
designed to learn and extract features automatically from data
with spatial structure, such as pixels in an image. CNN is
useful for computer vision tasks like classification,
segmentation and object detection. Early layers apply filters
or kernels to detect local patterns like edges, corners, shapes
or textures [21] whereas the next level deeper layers combine
these into complex features like objects, humans etc. The
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fully connected layer maps the learned features to
categories.[23]

. ResNet: Introduced by He et al. (2015),
revolutionized deep learning by employing residual
connections that enabled the successful training of ultra-deep
networks, achieving state-of-the-art performance on
ImageNet and establishing itself as a foundational
architecture for modern computer vision tasks [41]

. VGG16 and VGG19: VGG16 was introduced in
2014 in the paper by Simonyan et al. which has 16 weight
layers (13 convolutional and 3 fully connected) using 3x3
convolution filters across all layers, employing max pooling
for down sampling and ReLU activation for non-linearity
[42]. VGG19 is a deeper variant of VGG16 with 19 weight
layers (16 convolutional and 3 fully connected). As its
pretrained weights generalize well with other computer
vision tasks is is widely used in transfer learning

Fig 1. Datasets used in Gender Prediction.

Fig 2. Datasets used in Classification.

. LSTM: Long Short-Term Memory (LSTM) is a type
of recurrent neural network (RNN) architecture that
overcomes the vanishing gradient problem, effectively
learning long-term dependencies in sequential data with the
ability to selectively recollect patterns for an extensive time
period. [6][35][21]

Figure 3 illustrates the total number of studies which had used
the various mentioned Deep Learning Models in Predicting
Gender from the 23 papers reviewed. Figure 4 illustrates the
total number of studies which had used the various mentioned
Deep Learning Models in Classification of the Fingerprints
from the 18 papers reviewed.
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C. Performance Metrics used in the reviewed papers

The researchers had used Accuracy as the metric to measure
the performance of the proposed models in most of the Study.
Few studies have also considered Precision, Recall and F1
Score metrics. These metrics are calculated using four values
“True Positive (TP), True Negative (TN), False Positive (FP)
and False Negative (FN)” [38]. The calculation of the
performance metrics is given in Table 3.

D. Average Accuracy achieved in the reviewed papers
Figure 5 illustrates the Average Accuracy achieved in various
Deep Learning Models in Predicting Gender from the 23
papers reviewed. Figure 6 illustrates the Average Accuracy
achieved in various Deep Learning Models in Classification
of Fingerprints from the 18 papers reviewed.

E. Comparison Tables

The systematic comparison of the reviewed literatures for
Fingerprint classification is given in Table 4 and Gender
Prediction in Table 5. They provide a comparison of the
studies using deep learning highlighting the dataset used,
preprocessing applied to the images in the dataset,
approaches utilized, and metrics reported to measure the
performance.

Gender Prediction - Model ve Avg Accuracy
CHREVH
Ched
Eficaritet
Chirde LETid
VGG
o 2 20 ™ 100
ANRTAGE ACEIACY

Fig 5. Average Accuracy in Gender Prediction

Classification - Model vs Avg Accuracy

Darcastisl

CHM+LETH

VOGS

Eficianiidal

CHY

Coghehe

Q 23 = ™ el
Average Acouracy

Fig 6. Average Accuracy in Classification

Table 4 provides a structured view of methodological
diversity and performance outcomes to facilitate the
identification of dominant approaches in fingerprint
classification.

The Table 5 synthesizes the key methodologies spanning a
range of architectures including Convolutional Neural
Networks, Ensemble approaches and Autoencoders to
identify common approaches and recent trends in gender
prediction.

VI. CONCLUSION

This review of literature in Fingerprint classification
and Gender prediction not only catalogues the methodologies
but also highlights the recurring trends across studies. As an
example, though datasets such as SOCOFing, NIST and
custom collected fingerprints are frequently used, it suffers
from limited demographic diversity and imbalanced classes.
Classical approaches rely on minutiae distribution and ridge
density while Deep Learning approaches leverage
Convolutional Neural Networks (CNN) to learn
representations from fingerprint images for extracting
features. The Machine Learning methodologies used in the
studies range from Support Vector Machines (SVMs) to
ensemble models.

Metrics for Performance used are Accuracy, ROC-
AUC, Recall, Precision and F1 Score with Deep Learning
approaches outperforming at the cost of Computational
complexity. The comparison of the literature underscores the
key findings as the CNNs achieves superior accuracy for both
classification and Gender prediction using fingerprints.
However, the limitations include the Dataset imbalance, Less
sample size and restricted demographic diversity. Finally, the
consolidated recommendations of the review include Dataset
generalizability to include diverse population groups and
balanced age, gender distributions, Data augmentation

leveraging Generative Al to mitigate imbalances,
Multimodal  biometric  exploration for  improved
© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM68588 | Page 7
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performance, Model generalization by benchmarking across
multiple datasets.

TABLE 3. PERFORMANCE METRICS CALCULATIONS

Metrics Description Calculation Formula
Accuracy It is the percentage of correct prediction to the real target class (TP+TN) / (TP+FP+TN+FN)
calculated using the formula
Precision It is a measure of the number of positive predictions made by a TP/ TP+FP
model that are actually positive.
Recall Otherwise known as Sensitivity, that measures the number of TP/ TP+ FN
actual positive samples a model correctly identifies.
F1 Score It is a balanced measure considering both Precision and Recall 2 * (Precision * Recall) /
which is useful when the dataset is imbalanced. (Precision + Recall)
TABLE 4. COMPARISON OF FINGERPRINT CLASSIFICATION STUDIES
Type of . Performance
Ref Year Classification Dataset Preprocessing Methodology Metrics
Two-layer hidden
. . ELM had achieved
Fingerprints are .
generated by SUpETIor
Five different SFINGE Multilayer Extreme z?zzlrf;ltcagl?(lil orboth
[1T 2025 software - Learning Machine (M- oty
classes ) . majority classes of
simulating ELM) . .
. fingerprint with a
realistic
. remarkable
distributions X
computational
efficiency.
Feature Extraction:
Random Quantum
. Circuits Transform
Sliding (RQCT)
L Innovation o 99.35 %
Original images Filter (SIF) is Classification: Robust 99.37 % precision
[2] 2025 and forged SOCOFing Deformed 2P P ’
. used to . 98.83 % recall
images standardize Convolutional Neural 98.67 % Fl-score
imace sizes network (RDCNN). ' ‘
& Optimization: Sand Cat
Swarm Optimization
(SCS0).
. o AlexNet, LeNet, VGG- . .
Fingerprint into . Standard ? e Fingerprint-Net
(3] 2025 different classes SOCOFing Normalization 1.6 and cgstom—demgned 99.28%
Fingerprint-Net
Real and Fake 2 Novel Approaches
Fingerprint for SIFT-Descriptor- Second approach
verification and a Standard (SCNN) Siamese Training: 98.37%
[4] 2025 . SOCOFing . convolutional neural Validation: 98.55%
reliable Normalization .
identification network model with a faster
svstem Oriented FAST-Dense-  prediction time
Y SIFT Descriptor-SCNN
Feature Extraction: 99 8%
Classifies . Histogram of Oriented 070
. o Gaussian ) The ensemble model
Fingerprint image smoothing, ROI Gradients (HOG) outperformed with
[5] 2025 based on their SOCOFing ng, Ensemble: per
. . Selection, . precision 0.91, recall
quality, using a . Convolutional Neural .
Gabor filtering 1.00 and minimal
scale from 1 to 5 Networks rocessing time
Support Vector P &
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Machines
Multi-Layer Perceptron
SOCOFing and
STRANGE
Fakeand Real ~ 100100% 0 . 99.42%
[6] 2025 Fingerprints for generat'e Resme('i and CNN+LSTM Execution time: 1.85
. synthetically normalized
Authentication altered versions seconds
of the
fingerprints
;iznggzséfum ect Adaptive. Minutige points
Number for thresholding, E)ftra.ctlon: Image .
[7] 2025 fingerprint SOCOFing Roberts, Sobel, thlnnmg algopthms and CNN 97.6%
analysis and and Prewitt ridge 'orlentanon maps
matching system filters for Classifier: CNN, RF,
enhancement KNN, SVM
98.6%
.. improved processing
Mlﬁmtlae d I d Hybrid deep CNN with  speed by 30%
[26] 2025 enhance ment an Not Mentioned mprovee improved Gabor Outperformed
extraction. Gabor filtering ) .
filtering conventional
methods by ~20%
margin
V)
Estimates the ggig‘;: :ghe;lfde )
8] 2024 gender, hand, and SOCOFing Standard . CNN 5 L.ayer 97:3 6% - ﬁnge’r
finger frpm the Augmentation convolution 96% on the NIST
fingerprint Special Database 4
Six fingerprint
databases are
used, including
4 real datasets . . DenseNet121:
namely NIST C12}551ﬁcat10n: 16 pre- 99.94% precision
Real and Fake SD27. NIST Standard trained CNN (99.95%) 1
Rolled, Plain and ’ Augmentation architectures 70 70), Teca
(o1 2024 Latent SD301, and Ensemble: Soft (99'942@’ Fl-score
Fingerprints i\nlguzl?(\:i’th Normalization majority voting 833302 ;: AUC
synthetic strategy. MCC (99.9%3)
datasets using
IWGAN and
Mask21f models
Eirgfrffiﬁtfs o VGG16, VGG19 with ~ VGG16: 93 % with
ten classes for Standard multi-Inversion and inversion approach
[11] 2024 FVC2000-DB4 .. multi augmentation 97 % with multi
persqnnel . Normalization methods, ResNet50, augmentation
identification and 1 tionV3 h
verification. neephion approac
Four attention modules
namely Squeeze and
Six classes: plain excitation, Dual, Self,
) NIST Special Convolutional block EfficientNet-B0+
arch, double loop, Database 301 Standard ttenti dul 97% with onl
[12] 2024 left loop, right atabase Augmentation ~ CroHon mocwe o WIth onY
loop, tented arch (SD301), and Resizing mtegrateq to MobileNet 854,086 training
and \:vhorl > LiveDet and EfficientNet-B0, parameters,
’ referred to as
MobileNet+ and
EfficientNet-B0+
Identifies gender, SOCOFing Wiener filter Three Convolutional o
(271 2022 hand and fingers Dataset and multi-level ~ Neural Network 99.96%.
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Histogram
techniques
. Standard o 0
[28] 2022 Finger types SOCOFing, Normalization 4 Layer CNN named 90% and 89%
’ NIST and Resizing Thumb CNN (TCNN) across both datasets.
AlexNet, qugLeNet, AlexNet: an average
ResNet Statistical .. o
Four. five. and PolyU and Standard validation using precision of ~97%
[29] 2021 Lo ’ NIST Special Normalization on both the datasets
eight classes. . McNemar test to . .
DB 4 and Resizing L with less training
confirm reliability of .
time.
results
Fingers, hands, . Standard .
[30] 2021 and gender class SOCOFing Normalization Modified Capsule >99%
Dataset . Network
category and Resizing
V) o
Five and four . Standard 94.7% and 96.2%
NIST Special o for the five-class
[31] 2019 classes of Normalization GoogleNet
fingerprints Database 4 and Resizing and four-class
' classification
TABLE 5. COMPARISON OF FINGERPRINT-BASED GENDER PREDICTION STUDIES
Performance
Ref Year Dataset used Preprocessing Approaches Metrics in
Accuracy
comersion. hsogram 97.23%
equanatioL for & 97.58% sensitivity,
o . o o
[14] 2025 SOCOFing enhancement, and Whale Optimisation Algorithm 96.70 OA> spegﬁcﬁy,
. with CNN 97.80% precision
edge detection and 8740 s
filtering to eliminate e
noise recognition time
_ 0,
3 Public datasets, VGGI9 -70% to
NIST-DB4 Standard 93% based on
. . VGG16, VGG19, ResNetl8,15, fingerprint quality.
SOCOFing, NIST-  Augmentation, .
[15] 2024 . - 101 + Data-Centric AI (DCAI) Improvement of 1 -
302, and Private Weighted Random . 0
Sources Sampling Strategies 4% for Accuracy and
IsrPoliceDB 2.5%- 2.75% F
Score in using DCAI
Custom or
institutionally 600
[16] 2024 curated collection 6 None 2-layer CNN IC{)p ‘{wal. 9h9A’ 83%
000 optical + 6 000 olographic: 657
holographic
A Dynamic Recurrent Neural 99 87%
. . . . (V]
[17] 2024 XaggleProbably o\ an filtering Network (DRNN) optimized using o 1199 5004)
SOCOFing a Polar Bear tuning algorithm (PB- precision (99.84%)
DRNN) o
CNN Fig-Net Architecture - Three
ot DI e 9647
[18] 2023 SOCOFing Dataset None PUng (pootng ’ Females: 95.2%
fully connected layer, and lastly an
. . Males: 97.6%
output layer which make up its
seven-layer architecture
Custom 49,270 Fp  Standard Training: 80%
[33] 2023 ’ Augmentation and CNN ne: ’
Images Resizing Testing: 93%
Gabor filters for Training: exceeding
fygﬁggﬁjﬁr Noise Reduction and 99%, Validation:
[34] 2023 S(%ICOFin for Otsu's thresholding CNN 97%, 93%, 87% on 3
evaluationg technique, Image sets of SocoFing

enhancement with

Dataset
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Contrast Limited

Adaptive Histogram
Equalization
(CLAHE)

Totally 4500

Images collected

using a live scan

method with 450 Histogram

(10 on each)

equalization, Edge

[35] 2023 subjects from three . . CNN-LSTM 76%
oSt NUMerous P.reservmg Bilateral
. Filter
racial groups
of Nigeria which
are Yoruba, Igbo
and Hausa
Feature extraction by 4-level Haar
[36] 2023 NIST SD-4 000 Not needed Wavelet followed by Max pooling ~ 80.10%
process and classification by MLP
[37] 2023 SOCOFing :rtlzngffmlzisz‘;‘ii DCNN 4 layer 96.46%
No convolution layers used.
Instead, the model applies three
types of pooling, Min pooling,
Average pooling, Max pooling.
These pooling operations are
[38] 2023 NIST Sample 200 None stacked up to eight levels to extract ~ Average: 66.25%
hierarchical features directly from
raw fingerprint images. Extracted
features are then fed into a K-
Nearest Neighbor classifier.
V)
[19] 2023 Generated Resizeq 256x256 and  Dense Dilated Con.V—ResNet Auto- ijje/;: 97 529
normalized encoder + 54 classifier combos
Females: 95.48%
1000 paper-based VGG16 - 79.2%
FP cards provided Crop, Binarization, . Inception V3 -
[20] 2022 by new TI;ipei City Res?ze VGGI6, Inception V3, Restnet 50 79.1&; Restnet 50 -
Police Dept 77.1%
Histogram Dynamic horizontal voting
> Four thousand Equalizati ensemble model with hybrid =999
[21] 2022 Live fingerprint duahzation Convolutional Neural Network and ’
. Technique followed
images . . Long Short Term Memory deep
by Bilateral Filter . .
learning algorithm
Collected via live
scan under real- Histoeram Dynamic Horizontal Voting
world conditions E ualgizaﬁon Ensemble (DHVE) with a hybrid
[22] 2022 from Nigeria’s Tgchni e followed of Base learners Convolutional 76%
three major ethnic g . Neural Networks and Long Short-
. by Bilateral Filter
groups: Yoruba, Term Memory networks.
Igbo, and Hausa.
CNN: Threshold
. Standard 0.75 96.5%
[39] 2022 SOCOFing Normalization CNN+SVM Sensitivity: 97.3%
Precision: 97.9%
[23] 2021 NIST DB4 Minor contrast stretch 3 Layer CNN 99%
Resized to 96x96
[24] 2021 SOCOFing Pixels CNN 99.97%
[25] 2021 Collected from 200  Standard Dense Dilated Conv-ResNet Auto-  96.50%
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males)
Collected from EfficientNet-B3:
_ ) . i L o
[40] 2020 volunteers of None VGG-19, ResNet-50, EfficientNet Training: 97.89%

Cambodia and
Korea

This review of literature provides insights into current
trends,
challenges in Fingerprint classification and Fingerprint
based Gender Prediction which can be used as a roadmap
by researchers to extend or replicate existing work and a
basis to identify promising directions for research
advancements in the field of biometric science.

effective methodologies and unresolved

CONFLICTS OF INTEREST
“The authors declare that there is no conflict of
interest regarding the publication of this paper.”

(1]

REFERENCES
A. Quinteros and D. Zabala-Blanco, “Fingerprint
Classification Based on Multilayer Extreme
Learning Machines,” Appl. Sci., vol. 15, no. 5, 2025,
doi: 10.3390/app15052793.

B3 (trained from scratch)

(]

(11]

Validation: 69.86%
Testing: 63.05%

A. M. and N. E. B. A. Walhazi, Hajer, “A multi-
classifier system for automatic fingerprint
classification using transfer learning and majority
voting,” Multimed. Tools Appl., pp. 6113-6136,
2024.

M. B. Bhilavade, K. S. Shivaprakasha, M. R. Patil,
and L. S. Admuthe, “Fingerprint Reconstruction:
Approaches to Improve Fingerprint Images,” J.
Wirel. Mob. Networks, Ubiquitous Comput.
Dependable Appl., vol. 15, no. 1, pp. 75-87, 2024,
doi: 10.58346/JOWUA.2024.11.006.

R. Garg, G. Singh, A. Singh, and M. P. Singh,
“Fingerprint recognition using convolution neural
network with inversion and augmented techniques,”
Syst. Soft Comput., vol. 6, no. November 2023, p.
200106, 2024, doi: 10.1016/j.sasc.2024.200106.

E. Mukoya, R. Rimiru, and M. Kimwele, “Enhanced

2] D.K.K,D.S.G.L,D.G.S.A,D.D.R, and D. K. fingerprint  pattern  classification:  Integrating
R, “Optimized fingerprint crime detection using attention modules with lightweight deep learning
robust deformed convolutional neural network for models,” Eng. Reports, vol. 6, no. 11, pp. 1-20, 2024,
5G network secure smart cities,” Knowledge-Based doi: 10.1002/eng2.12897.

Syst., vol. 317, pp. 113342-113342, 2025, doi: [13] Z. A. A. Mahdi Salah Mahdi AL-Inizi, Hiba Forat
10.1016/j.knosys.2025.113342. Abdulsattar, Alaa K. Shwayaa, Saadaldeen Rashid

[3] A. K. F. Shahad Hazim Mahmood, “An evaluation of Ahmed, “Deep learning approaches for gender
convolutional neural network architectures: AlexNet, identification from fingerprint using CNNs and
LetNet, VGG-16, and fingerprint-net for fingerprint SVM,” 2025.
classification,” 2025. [14] J. O. Ogunyode, “Development of a Fingerprint-

[4] A. Haleem, S. Ben Jabra, and W. Chainbi, Based Gender Detection System Using an Optimized
“Biometric fingerprint identification in low-quality Convolutional Neural Network,” LAUTECH J. Eng.
samples using a hybrid features extraction method Technol., vol. 19, pp. 88-97, 2025.
with deep learning,” Evol. Syst., vol. 16, no. 3, p. 3, [15] I H.andS.K. Spanier, Assaf B., Dor Steiner, Navon
2025, doi: 10.1007/512530-025-09726-5. Sahalo, Yoel Abecassis, Dan Ziv, “Enhancing

[5]  P. Choudhary, P. Pathak, and P. Gupta, “Assessing Fingerprint Forensics: A Comprehensive Study of
fingerprint image quality: an ensemble technique Gender Classification Based on Advanced Data-
perspective,” Eng. Res. Express, vol. 7, no. 1, 2025, Centric Al Approaches and Multi-Database
doi: 10.1088/2631-8695/adbb3c. Analysis,” Appl. Sci. 14, p. 417, 2024.

[6]  A. Hussian, F. Murshed, M. N. Alandoli, and G. [16] P. B. Pachara Thonglim, Setthanun Thongsuwan,
Aljafari, “A Hybrid Deep Learning Approach for “Gender classification using convolutional neural
Secure Biometric Authentication Using Fingerprint networks based on fingerprint analysis with in-line
Data,” Computers, vol. 14, no. 5, pp. 1-19, 2025, doi: digital holography,” 2024
10.3390/computers14050178. [17] P.P. and K. J. R. Gupta, P. Amin, “An intelligent

[7]1 K. M.and J. P. M. S. A, J. PA, Sunitha Nandhini, model-driven fingerprint classification system for
Manimegalai R, “Automated Minutiae Extraction gender identification,” Int. J. Syst. Assur. Eng.
and Fingerprint Analysis Using Machine Learning Manag., 2024.

Techniques,” in International = Conference on [18] A. Narayanan and Q. M. Hameeduddin, "Gender
Computational ~ Innovations and  Engineering Detection and Classification from Fingerprints Using
Sustainability (ICCIES), 2025, pp. 1-9. Convolutional Neural Network," in Proc. 2023 4th
[8]  D. Maiti, M. Basak, and D. Das, “Deep Learning Int. Conf. Signal Processing and Communication

© 2026, [JSREM

Method for Multi-Attribute Analysis of Fingerprint
Images,” Comput. Sci. J. Mold., vol. 32, no. 2, pp.
199-222, 2024, doi: 10.56415/csjm.v32.11.

| https://ijsrem.com

[19]

DOI: 10.55041/IJSREM68588 |

(ICSPC), Coimbatore, India, 2023, pp. 178-181, doi:
10.1109/ICSPC57692.2023.10125703.
O. S. Olufunso, A. E. Evwiekpaefe, and M. E.

Page 12


https://ijsrem.com/

’_{_,’ ‘X;R!h
¢ TISREM 3

e-Journal

International Journal of Scientific Research in Engineering and Management (IJSREM)
SJIF Rating: 8.659 ISSN: 2582-3930

w Volume: 10 Issue: 10 | Oct - 2026

Irhebhude, “Dynamic Horizontal Voting Ensemble
Deep Learning Approach to Combined Classification
for Human Age, Gender and Ethnicity Soft Biometric
Using Fingerprint Pattern,” IJAIT (International
Journal of Applied Information Technology), p. 120,
Jul. 2023

10.1109/ICCCNT51525.2021.9580009.

Listyalina and I. Mustiadi, "Accurate and Low-cost
Fingerprint Classification via Transfer Learning,"
Proc. 2019 5th Int. Conf. Science in Information
Technology (ICSITech), Yogyakarta, Indonesia,
2019, pp- 27-32, doi:

[20] Y. Qi, M. Qiu, H. Jiang, and F. Wang, “Extracting 10.1109/ICSITech46713.2019.8987485.

Fingerprint Features Using Autoencoder Networks [32] Mridula and P. Priyanka, “A Review on
for Gender Classification,” Applied Sciences, vol. Classification of Fingerprint Images,” IOSR Journal
12, no. 19, p. 10152, Oct. 2022, doi: of Electronics and Communication Engineering, vol.
https://doi.org/10.3390/app121910152. 9, no. 3, pp. 61-66, 2014.

[21] C.-T. Hsiao, C.-Y. Lin, P.-S. Wang, and Y.-T. Wu, [33] KG, B. R. and N. L., "Fingerprint Gender
“Application of Convolutional Neural Network for Recognition Using Convolutional Neural Network,"
Fingerprint-Based Prediction of Gender, Finger in Proc. 2023 Innovations in Power and Advanced
Position, and Height,” Entropy, vol. 24, no. 4, p. 475, Computing Technologies (i-PACT), Kuala Lumpur,
Mar. 2022, doi: https://doi.org/10.3390/e24040475. Malaysia, 2023, pp. 1-8, doi: 10.1109/-

[22] Olufunso, Olorunsola Stephen, Abraham Eseoghene PACTS58649.2023.10434893.

Evwiekpaefe, and Martins Ekata Irhebhude. [34] Dommeti, S. R. Nallapati, M. L. Kumar, P. Sampath,
"Determination of gender from fingerprints using A. K. and P. V. V. S. Srinivas, "Revolutionizing
dynamic horizontal voting ensemble deep learning Fingerprint Forensics: Regeneration and Gender
approach." International Journal of Advances in Prediction with Gabor Filters, Otsu's Technique, and
Intelligent Informatics 8, no. 3 (2022). Deep Learning," in Proc. 2023 Second Int. Conf.

[23] A. Ilham Gustisyaf and A. Sinaga, “Implementation Augmented Intelligence and Sustainable Systems
of Convolutional Neural Network to Classification (ICAISS), Trichy, India, 2023, pp. 340-347, doi:
Gender based on Fingerprint,” International Journal 10.1109/ICAISS58487.2023.10250459.
of Modern Education and Computer Science, vol. 13, [35] Olufunso, A. Evwiekpaefe and M. E. Irhebhude,
no. 4, pp. 5567, Aug. 2021, doi: "Dynamic Horizontal Voting Ensemble Deep
https://doi.org/10.5815/ijmecs.2021.04.05. Learning Approach to Combined Classification for

[24] Jayakala, G., and L. R. Sudha. "Gender classification Human Age, Gender and Ethnicity Soft Biometric
based on fingerprint analysis." Turkish Journal of Using Fingerprint Pattern," Int. J. Appl. Inf. Technol.
Computer and Mathematics Education 12, no. 10 (JAIT),  vol. 6, mno. 2, 2023, doi:
(2021): 1249-1256. 10.25124/ijait.v6i102.5472.

[25] Y.Qi, Y. Li, H. Lin, J. Chen, and H. Lei, “Research [36] Suwarno, "Gender Classification Based on
on Gender-related Fingerprint Features,” arXiv Fingerprint Using Wavelet and Multilayer
(Cornell University), Jan. 2021, doi: Perceptron," Sinkron, vol. 8, no. 1, 2023, doi:
https://doi.org/10.48550/arxiv.2108.08233 10.33395/sinkron.v8il.11925.

[26] R. H. Hamid, "Improving biometric authentication: [37] Maiti and M. Basak, "Deep Gender Identification
Advanced techniques for fingerprint minutiae Model with Biometric Fingerprint Data," Zenodo
extraction," MINAR International Journal of Applied (CERN  European Organization for Nuclear
Sciences and Technology, vol. 5, no. 6, pp. 1-12, Research), Mar. 2023, doi:
Jun. 2025. 10.5281/zenodo.7696195.

[27] K. Oleiwi, L. H. Abood and A. K. Farhan, [38] S. Suwarno and E. Kurniawan, "Multi-Level Pooling
"Integrated Different Fingerprint Identification and Model for Fingerprint-Based Gender Classification,"
Classification Systems based Deep Learning," Proc. Matrik Jurnal Manajemen Teknik Informatika dan
2022 Int. Conf. Computer Science and Software Rekayasa Komputer, vol. 22, no. 2, pp. 195-206,
Engineering (CSASE), Duhok, Iraq, 2022, pp. 188— Mar. 2023, doi: 10.30812/matrik.v22i2.2551.

193, doi: 10.1109/CSASES1777.2022.9759632 [39] F.B.Ibitayo, O. A. Olanrewaju and M. B. Oyeladun,

[28] Al-Wajih, W. M. Hamanah, M. A. Abido, F. Al- "A fingerprint based gender detector system using
Sunni and F. Alwajih, "Finger Type Classification fingerprint pattern analysis," International Journal of
with Deep Convolution Neural Networks," Proc. Advanced Research in Computer Science, vol. 13,
19th Int. Conf. Informatics in Control, Automation no. 4, pp. 3547, Aug. 2022, doi
and Robotics (ICINCO), SciTePress, 2022, pp. 247— 10.26483/ijarcs.v13i4.6885.

254, doi: 10.5220/0011327100003271. [40] B.Rim,J. Kim and M. Hong, "Gender Classification

[29] Militello, L. Rundo, S. Vitabile and V. Conti, from Fingerprint-images using Deep Learning
"Fingerprint Classification Based on Deep Learning Approach," in Proc. Int. Conf. Research in Adaptive
Approaches: Experimental Findings and and Convergent Systems (RACS "20), New York,
Comparisons," Symmetry, vol. 13, p. 750, 2021, doi: NY, USA, 2020, pp- 7-12, doi:
10.3390/sym13050750. 10.1145/3400286.3418237.

[30] Singh, S. Bhisikar, Satakshi and M. Kumar, [41] He, X. Zhang, S. Ren, and J. Sun, “Deep residual
"Fingerprint Identification using Modified Capsule learning for image recognition,” arXiv preprint
Network," Proc. 2021 12th Int. Conf. Computing arXiv:1512.03385, 2015. doi:
Communication and Networking Technologies 10.48550/arXiv.1512.03385
(ICCCNT), Kharagpur, India, 2021, pp. 1-6, doi: [42] K. Simonyan and A. Zisserman, “Very deep

© 2026, [JSREM

| https://ijsrem.com

DOI: 10.55041/IJSREM68588 |

Page 13


https://ijsrem.com/
https://doi.org/10.3390/app121910152
https://doi.org/10.3390/e24040475
https://doi.org/10.5815/ijmecs.2021.04.05

:."., ‘z;k!h
¢ TISREM 3

e-Journal

International Journal of Scientific Research in Engineering and Management (IJSREM)
ISSN: 2582-3930

W Volume: 10 Issue: 10 | Oct - 2026

SJIF Rating: 8.659

[43]

[44]

[43]

[46]

convolutional networks for large-scale image
recognition,” arXiv preprint arXiv:1409.1556, 2014.
P. Gnanasivam and S. Muttan, "Fingerprint gender
classification using wavelet transform and singular
value decomposition,"
arXiv:1205.6745, 2012.

A. K. Mishra and P. Maheshwary, "A Novel
Technique for Fingerprint Classification based on
Naive Bayes Classifier and Support Vector
Machine," International Journal of Computer
Applications, vol. 169, no. 7, pp. 1-5, July 2017.

M. K. Shinde and S. A. Annadate, "Analysis of
Fingerprint Image for Gender Classification or
Identification using Wavelet Transform and Singular
Value Decomposition," in Proc. Int.

arXiv preprint

Conf. on
Computing Communication Control and Automation
(ICCUBEA), Pune, India, 2015, pp. 1-5, doi:
10.1109/ICCUBEA.2015.133.

Open Access Pub, “Embryogenesis and Applications
of Fingerprints — A Review,” International Journal of
Human Anatomy, vol. 1, no. 1, pp. 1-7, 2018.
[Online]. Available:
https://doi.org/10.14302/issn.2577-2279.ijha-18-504

BIOGRAPHIES

© 2026, [JSREM

- i privacy-preserving

Mary Ivy Deepa I S is a
dedicated  researcher in
computer science with a
strong focus on biometric
systems and artificial
intelligence. Her  work
emphasizes fingerprint-based
gender  prediction, deep
learning architectures, and
feature
% learning. She is currently
working as Associate
Professor & Head in PG &
Research  Department  of
Computer Science, Women's
Christian College, Chennai.

She has published two
research  papers  referred
Journals.

Dr. V. Savithri completed her
Ph.D. in Computer Science
from Mother Teresa Women's
University in 2013. Her
research focuses on Artificial
Neural Network, Machine
Learning and  Artificial
Intelligence. She had received
5 awards in research related
activities,  published 46
Research papers in various
referred Journals in Elsevier,

| https://ijsrem.com

DOI: 10.55041/IJSREM68588 |

WoS, UGC Care etc. Chaired
and attended many
conferences. Published 4
books and 1 Book chapter in
Taylor & Fracis. UK, which
cost $170. She had also
completed 3 grants
(Government and NGO). She
is currently working as
Associate Professor ,
Research Supervisor in PG &
Research  Department  of
Computer Science, Women's
Christian College, Chennai.

Page 14


https://ijsrem.com/
https://doi.org/10.14302/issn.2577-2279.ijha-18-504

