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Abstract

This paper presents a straightforward CNN model designed to classify gender based on fingerprints. The model
consists of three convolutional layers and a classification layer. To ensure computational efficiency, we select kernel
sizes ranging from 3x3 to 8x8. For training, we utilized the NIST (National Institute of Standards and Technology)
dataset, which includes 500 male fingerprints and 500 female fingerprints. The region of interest (ROI) for the
fingerprints is set at 128x128 pixels, centered horizontally and positioned in the upper quarter vertically. To enhance
image quality, we applied the CLAHE (Contrast Limited Adaptive Histogram Equalization) method. The
experimental results indicate that the model achieves a validation accuracy of up to 74.176%, with an execution time
of under 10 minutes. Our results indicate a potential direction for future research in the use of simple CNN
architectures, despite the fact that the validation accuracy of our model is lower than that of advanced CNNss, such as
ResNet or its modification, the Dense Dilated Convolution ResNet Autoencoder (DDC-ResNet), which achieves
96.5%.
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1. INTRODUCTION

Biometric research continues to evolve in accordance with the development of digital technology.
The main purpose of biometrics is to convince that the user of an app is the person in question, not
someone else who is falsifying the identity. Currently, biometric technology includes the use of the
retina [1], face [2], ears [3] and a combination of several of these methods [4]. However, despite the
established use of fingerprints as a form of biometrics, research on this topic continues to progress.
Fingerprints are a reliable and practical biometric device.

Rousan and Intrigila [5] examined the biometric system, along with its benefits and drawbacks.
They contrast the various types of biometric systems and provide information on the rates of false
acceptance and rejection. Among the various biometric systems, they claimed that the fingerprint-based
system is one of the most practical methods. Choosang et al. [6] supports the claim that fingerprints are
a practical biometric tool. They stated that the victim's information during an emergency is essential,
particularly for the unconscious person. They proposed an identification method using fingerprints for
apersonal health record (PHR) system in emergency situations. Their finding indicated that the proposed
approach demonstrated greater potential in identifying a person during an emergency compared to the
other approaches.

Determining the gender of the fingerprint owner would be very useful for identification purposes.
Acree [7] pioneered fingerprint-based gender research in 1999. He found a statistically significant
difference in fingerprint ridge density between men and women. He counted fingerprint ridges in a
specific area to compare their fineness between women and men. His study confirmed that women have
finer ridge detail than men. This finding provided a foundation for later studies on automated fingerprint-
based gender classification techniques.
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When the CNN model showed excellent results for classifying images, then several researchers
used CNN for fingerprint-based gender classification. For example, Serin et al. [8] implemented a CNN-
SVM hybrid framework for gender classification using fingerprints. Their model extracts fingerprint
information using a 3-layer CNN and then replaces its softmax activation function with SVM. They
reported that their model gave the accuracy of gender classification up to 99.25%.

Other researchers, Salvador and Villanueva [9] utilized convolutional neural networks (CNN) to
determine gender based on fingerprints. They applied modified versions of the LeNet and AlexNet
models, making adjustments to the Maxout and Exponential Linear Unit activation functions. Despite
the imbalance in their dataset, they claimed that their model achieved a performance level of
approximately 90%.approximately 90%.

By utilizing advances in CNN models, Barath et al. [10] developed a system for gender
recognition based on fingerprints. They implemented a CNN model to extract features from fingerprint
images and classify them as male or female. Their system demonstrates that the CNN algorithm achieves
a training accuracy of 0.80 and a testing accuracy of 0.93.

1.1. Feature Extraction

The main challenge when using fingerprints for biometrics system is identifying the most suitable
features. Some researchers have proposed various methods to extract the features of fingerprints. These
methods often involve steps of preprocessing followed by feature extraction. Thus, in general, the
fingerprint-based gender determination process goes through two stages, namely feature extraction and
classification.

To add a level of security, fingerprints can be combined with other biometric tools, as proposed
by Gornale et al. [11]. They used the SDUMLA-HMT multimodal database, which includes iris,
fingerprint and face images. They utilized the AlexNet architecture to process iris, fingerprint and face,
images from that database. They reported that the model achieved a high accuracy of 99.9%.

Khrisat et al. [12] analyzed various methods for extracting fingerprint features. They evaluated
the accuracy, efficiency, sensitivity and flexibility of these methods. They compared modified local
binary pattern (MLBP), and wavelet packet tree (WPT) decomposition and K-means clustering. They
reported that K-means clustering demonstrated efficiency and stability against image rotation. Based on
their findings, the minutiaec method, proved sensitive to image rotation and was not recommended with
histograms.

Tandon & Namboodiri [13], determined that current algorithms for extracting fingerprint features
rely on global features like ridge flow or local features like minutiae. Each of these methods has its
strengths and weaknesses. They introduced a convolutional transformer approach designed to capture
both global and local fingerprint features. The methodology is evaluated on some datasets, namely FVC
2006, 2004, 2002, and 2000. They reported that the new convolutional transformer-based method
effectively merges the ways of extracting both global and local fingerprint features.

Regarding feature extraction, Qi et al. [14] observed that traditional methods for fingerprint
feature extraction often lead to high error rates and require significant labor. To address these issues,
they developed Dense Dilated Convolution ResNet Autoencoder (DDC-ResNet) method for extracting
gender-specific features from fingerprints. They reported achieving an average accuracy of 96.5% with
their method, specifically 97.52% for males and 95.48% for females.

In addition to spatial approaches, some researchers extracted fingerprint features using frequency-
based methods. For instance, Suwarno [15] extracted fingerprint features using Haar wavelet
decomposition. He extracted features through a four-level Haar wavelet decomposition, which was then
followed by max pooling. The writer reported that the method achieved an accuracy of 80.1%. With the
same purpose as [15] Jalali et al. [16] implemented discrete cosine transform (DCT). They concluded
that combining multiple features from all five fingers significantly improves performance compared to
using a single finger.

A number of researchers have used various wavelet models. For instance, Onifade et al. [17]
employed Circular Gabor Wavelet for fingerprint liveness detection, Kumar and Patil [18] and Le et al.
[19] utilized wavelet techniques to enhance fingerprint quality. Meanwhile, Sharma et al. [20] presented
a technique for enhancing fingerprint recognition through the compression of fingerprint pictures, using
Huffman coding. In addition to wavelet transformation, Fast Fourier Transform (FFT) is also used for
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feature extraction, as proposed by Berriche [21] that applied FFT and Principal Component Analysis
(PCA) for fingerprint feature extraction.

1.2. Classification

In addition to feature extraction, various methods have been employed for fingerprint-based
gender classification. Several researchers used the support vector machine (SVM) method [8], [9], [22]
and convolutional neural networks (CNN) to classify gender based on fingerprints. Among these, CNNs
demonstrate excellent performance in classifying fingerprints. Their accuracy typically exceeds 90%.
For example, Amante and Grace [9] explored how deep learning, specifically CNNs, can determine
gender from raw fingerprint images. Their goal is to validate the effectiveness of CNNs in gender
determination without the need for manual feature extraction. The results indicated an overall
performance of around 90%, even with an imbalanced dataset.

SaravanaKumaran, et al. [23] also developed a gender recognition system using fingerprint
images. They implemented a CNN algorithm to extract the features and labeled them as male or female.
The reported accuracy of the CNN algorithm was 0.80 for training and 0.93 for testing. This study
demonstrates the effectiveness of using CNN algorithms for gender recognition tasks using fingerprint
images.

To improve accuracy, the CNN model is combined with SVM, as demonstrated by Ibitayo et
al.[24]. They proposed a fingerprint-based gender detection system to identify individuals through their
unique fingerprint patterns. The proposed method demonstrated the feasibility of using CNN and SVM
for fingerprint-based gender detection. The results indicated that CNN outperforms SVM in terms of
precision, sensitivity, and accuracy. Similar to Ibitayo et al. [24] Vidhya et al. [8] suggested a mixed
approach that uses both CNN and SVM to make gender classification more accurate, faster, and less
resource-intensive. They implemented a CNN model composed of two convolutional layers, a max-
pooling layer, and a ReLU activation function for feature extraction. The output was then fed into an
SVM classifier. According to their report, the accuracy of this combination model was 99%.

Other researchers combined the CNN model with Long Short-Term Memory (LSTM). For
example, Stephen et al. [22] addressed the persistent issue of gender inequality. They reported that the
gender prediction accuracy of their suggested model was over 99%. The model outperformed well-
known architectures such as ResNet-34 and EfficientNet-B3.

For classification tasks, CNN models need to be trained on a balanced dataset for each class.
However, obtaining a balanced dataset is difficult in some cases. Addressing this challenge, Berriche
[21] studied fingerprint-based gender classification using a small, imbalanced dataset. Berriche assessed
the effectiveness of various classifiers, including feedforward neural networks, SVM, decision trees,
and K-nearest neighbors (KNN). The results indicated that the SVM model yielded the best results for
the imbalanced dataset.

Convolutional neural networks extract image features through a convolutional process. The key
component of a convolutional layer is the kernel or filter. A convolutional layer uses a kernel to generate
features. The number and size of kernels determine the features. Selecting an appropriate kernel size is
essential for optimizing accuracy and computational efficiency. It also determines the scale of the
patterns captured and the model complexity.

For that purpose, Mursalim and Kurniawan [25] developed a CNN model that varied the kernel
size. Their model addresses the problem of the datasets that are imbalanced. The model combines a
ResNet-34 model with multi-kernel CNN blocks. The multi-kernel blocks use various kernel sizes (1x1,
3x3, 5x5, and 7x7) to highlight key regions in the images. The model achieved 100% accuracy in the
validation phase for binary classification. Meanwhile, for three-class classification, the model achieved
93.51% accuracy in the validation phase.

Similar to the work at [25], Wang et al. [26] proposed an approach to optimize a CNN model by
modifying the size and shape of its kernel. Their research goal is to use less computing power for CNNs
so they can work better on devices with limited resources. They conduct the experiments on three
datasets: MNIST, Fashion-MNIST, and CIFAR-10, using a modified LeNet-5 architecture. They
reported that the results demonstrate significant reductions in computational resource consumption with
negligible or even improved classification accuracy.
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Chiroma [27] presented a comprehensive analysis of the deep learning (DL) usage for automatic
fingerprint recognition. The author highlights the superior performance of DL algorithms compared to
traditional machine learning methods in biometric data processing. This review discusses various DL
models, datasets, and training architectures. The study found that CNNs, as a form of DL, are the most
effective models for fingerprint feature extraction and classification in fingerprint analysis.

Based on the research discussed earlier, we conducted a study to classify gender using fingerprints
with a CNN model. This involved adjusting the settings related to the number of kernels and their sizes
in the convolution layer.

2. METHOD

Fingerprints possess unique patterns and features. Compared to general digital images,
fingerprints have a relatively simple structure. A fingerprint pattern consists of dark-colored ridges
running parallel to light-colored valleys. A study by Acree [7] concluded that ridge thickness differs
between male and female fingerprints. This finding suggests the theoretical possibility of identifying
gender-specific patterns within the ridge and valley structures. However, feature extraction based on
ridge and valley patterns requires a long process. Taking this issue into account, this study utilizes a
CNN model that extracts features automatically at the first convolution layer.

2.1. Kernel Size Consideration

One of the crucial factors in implementing CNN is determining the size of the kernel. Researchers
have conducted studies on kernel size. For instance, Romero et al. [28] proposed FlexConv, an
innovative convolutional operation that learns convolutional kernels of varying sizes during training.
This model introduces a unique convolutional approach that allows kernels to adaptively determine their
size, enhancing both efficiency and performance. They assert that the model can be deployed at higher
resolutions with minimal precision loss. Additionally, the method effectively captures long-term
dependencies in data without the need for extra pooling layers. FlexConv shows strong performance on
sequence-based tasks and competes effectively with much deeper networks in image classification. They
also argue that this kernel generation technique contributes to improved classification accuracy.

The implementation of varying kernel sizes has been utilized in various areas, including sign
language imaging, handwriting recognition, and the analysis of medical images. For example, to explore
the impact of kernel size, Mahmoud et al. [29] examine how varying kernel sizes affect model
performance. They developed a model that utilizes kernel sizes of 3, 5, 7, and 9. The objective of their
experiment is to assess how kernel size affects both the accuracy and computational efficiency of the
CNN model. This model was specifically implemented for the task of classifying Arabic Sign Language
(ArSL). The proposed SL-CNN model was tested on the ArSL 2018 dataset, employing raw images
without any preprocessing. The authors reported that the SL-CNN achieved a high accuracy of 98.47%,
surpassing other models previously published for the same classification task. Additionally, they noted
that, unlike some alternative methods, the SL-CNN does not depend on advanced preprocessing or
transfer learning techniques.

Other researchers, Ahlawat et al., [30] investigated various design options and optimization
algorithms to enhance the performance of convolutional neural networks (CNNs). They examined how
different design parameters, such as kernel size, stride, padding, and dilation, affect performance.
Additionally, they reviewed existing research on handwriting recognition utilizing both shallow and
deep neural networks. Following this, they proposed a CNN model for recognizing handwritten digits,
with the aim of achieving high accuracy while minimizing computational complexity. Their model
utilized kernel sizes of 5x5 and 3x3. They reported that CNN architectures with three and four layers,
using these kernel sizes, achieved recognition accuracies as high as 99.76% on the MNIST dataset.

For medical image processing, kernel size was also implemented. Henry H. Yu proposed a new
module called MixModule. This convolutional neural network (CNN) module is designed to enhance
the performance of medical image segmentation. The module incorporates multiple convolution kernel
sizes. In their experiment, the researchers used three kernel sizes: 3x3, 5 5, and 7x7. They tested
MixModule on three datasets focused on skin and retina segmentation. Based on their findings, they
claimed that models utilizing MixModule could be highly beneficial for medical image segmentation
tasks. The researchers reported that integrating multiple convolution kernel sizes provides better feature
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extraction and improves accuracy. They suggested that this approach has significant potential for further
development and application in the field of medical imaging.

This study used datasets from NIST [31] as input for CNN. In general, the quality of fingerprints
in the dataset is not excellent. Many fingerprints are too dark or too light, making them difficult to
distinguish from the background. However, the advantage is that the fingerprint is always in the middle,
and the position is always vertical. Considering this condition, we selected a research area located in the
upper middle position, measuring 128x128 pixels. Based on our visual observation of the dataset, the
relatively clear and consistent patterns are in the upper middle position, as seen in Figure 1. In this study,
we also applied the CLAHE algorithm to improve the quality of fingerprints. By applying the ROI and
CLAHE processes, we obtain a better quality dataset.

2.2. Proposed CNN Model

This research uses a CNN for fingerprint-based gender classification. Given the dataset size and
available hardware, the proposed CNN comprises only three convolutional layers with 8, 16, and 32
kernels, respectively, and one classification layer. Each convolutional layer includes supporting layers:
batch normalization, the ReLu activation function, and pooling. The pooling layers are max-pooling
with a filter size of 5x5. The experiment involved varying the kernel size in the convolutional layers.
Kernel sizes of 3x3, 4x4, 5x5, 6x6, 7x7, and 8x8 were selected. These small sizes were chosen for their
computational efficiency. Figure 2 shows the proposed CNN architecture.

Figure 2 (upper part) shows that the model consists of four blocks of layers. The first three blocks
are similar in structure, but the final block differs. The final block includes an average global pooling
layer, then a fully connected layer, followed by a sigmoid activation function, and ends with a classifier
layer. This model does not utilize the flatten layer, as an average global pooling layer can replace it.
Additionally, we use the sigmoid function as the final activation function, as it is suitable for classifying
only two classes. Figure 2 (lower part) shows the details of hyperparameters for each block. We varied
the number of kernels, taking values of 8, 16, and 32. Meanwhile, the kernel size was [n[n], with n
varying from 3 to 16 in steps of 1.

Figure 1. ROI selection

Layers > Layers > Layers Layers
Block #1 Block #2 Block #3 Block #4
First block Final block

Convolution_Layer
Kermel_number = [x] ‘;""TQLE'““'
Kerel_size = [n n] ooling_Layer
Batch_Normalization i Fully_Connected
Layer Two similar blocks Layer
ReLu_Activation Sigmoid_Activation
Function Function
Max_Pooling .
Layer Classifier_Layer

Figure 2. Overall Architecture of the Proposed CNN Model
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2.3. Dataset and Preprocessing

Fingerprint images do not always fill the entire image surface. The exterior typically consists of
background noise. Recognizing this, the study defined a 128x128 pixel region of interest (ROI), located
horizontally in the middle and vertically in the top quarter, as seen in Figure 1. We chose this location
because its pattern is relatively regular to all fingerprints.

The model was trained using the NIST dataset [31]. In this research, we chose only 500 male and
500 female fingerprints. Originally, the dataset size is 512x512 pixels, but in this experiment, the ROI
is 128x128 pixels. To improve the fingerprint quality, the CLAHE method is implemented. To improve
the fingerprint quality, this research selects Region of Interest (ROI) and Contrast Limited Adaptive
Histogram Equalization (CLAHE) processing. Figure 3 illustrates the steps of this preprocessing.

2.4. Experimental Design

As illustrated in Figure 2, this study uses CNN, which consists of only four blocks of layers. The
design of the first block through the third block follows the same composition but differs in the number
of kernels. In addition to the number of different kernels, the study modifies kernel sizes. To conduct
this research, we used the Deep Learning Toolbox from MATLAB R2022a. We utilized a computer
with an Intel 15 processor to run the model.

Table 1 shows the parameter setting of the research. Table 2 illustrates the realization of the CNN
model in Figure 2. Table 2 also displays the varying value of n, which expresses the kernel size for
each convolution layer. In addition, the number of kernels for each convolution layer is different; for
Convolution_1, Convolution 2, and Convolution 3, they are 8, 16, and 32, respectively.

NIST
Fingerprints

Fingerprints

CLAHE >
data training

processing

A4

ROl selection

Figure 3. Preprocessing steps

Table 1. Parameter setting

Parameters Values
Learning rate 0.01
Optimizer sgdm
Max-epoch 10
Mini-batchsize 30
Validation Frequency 30
Iteration per epoch 34
Total interation 340
Training data 70%
Validation data 15%
Testing data 15%

NIST provides labels for both male and female fingerprints in its dataset. To make training easier,
we separated each fingerprint into a separate folder. In this way, the folder's name represents a
fingerprint label.

3.  RESULT

Using the preprocessed dataset, the CNN model was trained with parameters as listed in Table 1.
In this training, the kernel size is varied from 3713 to 8[18. Meanwhile, the number of kernels for each
layer has been set at 8, 16, and 32.

Table 3 presents the experiment results composed of Accuracy Validation, Precision, Recall, F1-
scores, and execution time. Each kernel size is executed five times in total. In Table 3, the units of
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execution time are initially in minutes and seconds; however, for clarity in the graphic, they are
transformed to decimal values using Equation 1.

S
t=m+ %0 (D
Table 2. CNN design
Layers Parameters
Image Input 128x128x%3
Convolution 1 8xnxn
Batch Normalization MATLAB Toolbox default
ReLu MATLAB Toolbox default
Max Pooling 5x5 stride 1x1
Convolution 2 16xnxn
Batch Normalization MATLAB Toolbox default
ReLu 128%x128%x16
Max Pooling 5x5 stride 1x1
Convolution 1 32xnxn
Batch Normalization MATLAB Toolbox default
ReLu MATLAB Toolbox default
Global Average Pooling MATLAB Toolbox default
Fully Connected Output neuron = 2
Sigmoid MATLAB Toolbox default
Classification MATLAB Toolbox default

To find out the effect of kernel size, we analyze the experimental data in Table 3 with the ANOVA
test. Since the Accuracy Validation is a combination between male and female, we only perform tests
with one-way ANOVA. Table 4 displays the results of this test. Based on Table 4, the value of F is
3.390549, while the value of F_critical is 2.620654. Since the value of F is greater than F_critical, it can
be inferred that the size of the kernel has a statistically significant effect on the accuracy of validation.

Table 3. Experiment Result

Kernel Accuracy Precision Recall F1-Scores Time (minutes)

Size  Validation Male Female Male Female Male Female

3x3 70.22 0.7174 0.7273 0.7333 0.7111 0.7253 0.7191 2.03
3x3 68.44 0.6766 0.6930 0.7967 0.6622 0.6913 0.6773 2.02
3x3 72.00 0.7281 0.7124 0.7022 0.7378 0.7149 0.7249 2.04
3x3 70.22 0.6784 0.7333 0.7689 0.6356 0.7208 0.6810 2.03
3x3 70.89 0.6880 0.735 0.7644 0.6533 0.7242 0.6918 0.05
4x4 72.67 0.7277 0.7257 0.7244 0.7289 0.7261 0.7273 2.15
4x4 71.78 0.6944 0.7475 0.7778 0.6578 0.7338 0.6998 2.13
4x4 69.56 0.6982 0.693 0.6889 0.7022 0.6935 0.6976 2.17
4x4 68.22 0.6627 0.7071 0.7422 0.6222 0.7002 0.6619 2.18
4x4 71.56 0.6948 0.7413 0.7689 0.6623 0.7300 0.6995 2.22
5%5 73.56 0.7325 0.7387 0.7422 0.7289 0.7373 0.7338 2.62
5%5 74.44 0.7218 0.7733 0.7956 0.6933 0.7569 0.7307 2.63
5%5 74.44 0.7292 0.7619 0.7778 0.7111 0.7527 0.7356 3.67
5%5 73.62 0.7398 0.7892 0.8089 0.7156 0.7728 0.7506 2.65
5%5 71.78 0.7130 0.7227 0.7289 0.7067 0.7209 0.7146 2.83
6x6 70.89 0.6992 0.7196 0.7333 0.6844 0.7158 0.7016 3.34
6x6 72.56 0.6964 0.7389 0.7044 0.6667 0.7288 0.7009 3.18
6x6 72.22 0.6969 0.7551 0.7867 0.6578 0.739 0.7031 2.51
6x6 73.33 0.7215 0.7465 0.7600 0.7067 0.7403 0.7260 3.10
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Kernel Accuracy Precision Recall F1-Scores Time (minutes)

Size  Validation Male Female Male Female Male Female

6x6 73.56 0.7120 0.7650 0.7911 0.6800 0.7495 0.7200 3.20
7x7 72.22 0.7137 0.7315 0.7422 0.7022 0.7277 0.7166 3.55
7x7 74.00 0.7328 0.7477 0.7556 0.7244 0.7440 0.7359 343
7x7 71.56 0.6996 0.7343 0.7565 0.6756 0.7265 0.7037 3.50
7x7 72.22 0.6953 0.7577 0.7911 0.6533 0.7401 0.7017 3.22
7x7 71.56 0.6996 0.7343 0.7556 0.6756 0.7265 0.7037 3.16
8x8 73.56 0.6982 0.6930 0.6889 0.7022 0.6935 0.6976 4.02
8x8 74.89 0.7188 0.7887 0.8178 0.6800 0.7651 0.7303 4.03
8x8 74.89 0.7205 0.7857 0.8133 0.6844 0.7641 0.7316 3.67
8x8 72.67 0.7125 0.7429 0.7600 0.6933 0.7355 0.7172 3.77
8x8 73.11 0.7281 0.7342 0.7378 0.7244 0.7329 0.7293 3.83

Table 4. ANOVA test result for Accuray Validation

Source of Variation SS df MS F P-value F crit
Between Groups 44.0711 5 8.8142 3.3905 0.0185 2.6206
Within Groups 62.3915 24 2.5996
Total 106.4626 29

Meanwhile, since the performance matrices of Precision, Recall and F1-scores consist of men and
women, we analyzed them with a two-way ANOVA. Table 5 displays the results of this test. Based on
Table 5, the p-values for the kernel size factor are as follows: 0.0049 for Precision, 0.314083667 for
Recall, and 0.000480383 for F1-scores. Using a significance level of 0.05, we inferred that the kernel
size significantly affects both Precision and F1-scores. In contrast, the Recall value does not appear to
be influenced by the kernel size.

Table 5. P-values of CNN Performance Metrics

Factor — p-value
Precision Recall F1-Scores
Kernel Size 0.0049 0.314083667 0.000480383
Gender Class 6.09E-07 2.27652E-10 0.000148752
Interaction 0.9613 0.993997992 0.993229105

In Equation 1, ¢ represents the time in decimal format, m represents the time in minutes, and s
represents the time in seconds. Figure 4 and Figure 5 show the visualization of Table 3 using a bar
chart. The bar chart in Figure 4 shows that when the kernel size is modified, the validation accuracy
varies. Similarly, if the kernel size changes, the execution time also changes, as shown in Figure 5.

Table 3 and Figure 4 show that the validation accuracy ranges from the smallest, 68.22 to the
largest, 76.62. Figure 6 depicts the progress of validation accuracy during execution. Meanwhile, the
validation accuracy in Figure 4 shown by the confusion matrix in Figure 7.

Based on Table 3 and Figure 4, we found that there is no linear relationship between kernel size
and the accuracy validation. Moreover, the kernel size of 3x3 that generally applies to CNN models
yields the lowest validation accuracy. This evidence demonstrates that fingerprint patterns lack detailed
features that require extraction. It can also be seen from the results that the best accuracy is when the
kernel size is 8x8.

Figure 5 demonstrates that the proposed model performs effectively in terms of its execution time.
The time required to execute the model is directly related to the size of the kernel. The larger the kernel
size, the longer the execution time. By using this consideration, a smaller kernel size gives a faster
execution time.
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Figure 5. Average Excecution Time versus Kernel Size

By observing the upper part of Figure 6, it can be seen that starting in the third epoch, the accuracy
of validation goes up and down, although it shows a steady trend. These accuracy values fluctuate
because they are affected by the dataset file that is being executed. However, averaging these values
reveals a stable tendency.

The lower part of Figure 6 demonstrates an excellent result. The validation loss of the model
approaches zero beginning at epoch three. Combining the upper and lower parts of Figure 6 allows us
to use epoch 3 as the threshold point. The results can be illustrated using the confusion matrix shown in
Figure 7. Meanwhile, using Figure 6, it can be determined that the model gives very good validation
losses. Besides that, by considering the training trend, the model can be trained using only a small
number of epochs.

In summary, our proposed model demonstrates lower validation accuracy. The model in [9]
achieves an accuracy of 90%, while the models in [22] and [24] achieve accuracies of 99%. The
excellent results achieved by these models can be attributed to the combination of the Convolutional
Neural Network (CNN) with Long Short-Term Memory (LSTM) and Support Vector Machines (SVM).
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Figure 6. Training progress curve
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4. DISCUSSIONS

This study examined the impact of kernel size on the performance of a convolutional neural
network (CNN) for fingerprint-based gender classification. The impact of varying the kernel size from
3x3 to 8x8 was examined through various assessment criteria, including validation accuracy, precision,
recall, and F1-score.

The one-way ANOVA test on validation accuracy produced an F-value of 3.390549 and the
crucial F-value of 2.620654 at the 0.05 significant level. This indicates that statistically, the size of the
kernel has a significant effect on the accuracy validation. These findings also indicate that, even in
shallow CNN architectures, kernel size significantly influences the discriminative fingerprint
characteristics for gender classification.

Compared to earlier research that used deeper CNN designs, our proposed model achieves lower
validation accuracy. However, it offers potential for improvement, especially for significant decreases
in the lengths of training. This reduction could be advantageous in real-time or embedded systems
applications.

Based on Figure 5, a clear advantage of our model is its quick execution time. The rapid execution
time is made possible by the small number of convolution layers, which totals only three. Additionally,
each layer contains only 8, 16, and 32 kernels, significantly contributing to the reduction in execution
time.

Meanwhile, the two-way ANOVA test resulted in p-values for the kernel size factor of 0.0049 for
precision, 0.3141 for recall, and 0.00048 for the F1-score. At a significance level of 0.05, the results
indicate that kernel size has significant impacts on both the precision and the F1-score, but not on the
recall. This means that the kernel size affects the model's ability to accurately categorize positive
predictions (precision) and balance between precision and recall (F1-score). However, it doesn't have a
significant impact on the model's sensitivity (recall) to male or female classes.

Compared to similar experiments conducted in [25], our model still lacks accuracy. Their model
achieves an accuracy of 93.51%, whereas our model reaches only 74.176%. However, the experiment
in [25] utilized a more complex architecture. They took advantage of an existing model, namely ResNet-
34, and combined it with the multi-kernel CNN they designed.

The same result applies when compared to [26]; our proposed model also lacks in its accuracy.
Their model showed excellent results. By modifying the kernel shapes and reducing the number of
kernels of each convolution layer, their model can achieve up to 99% accuracy. However, this excellent
accuracy was achieved by using 50,000 datasets for training and another 10,000 datasets for testing. In
comparison to our model, which was trained on only 1,000 datasets, there is potential for improvement
when it is trained on a larger amount of datasets.

We can improve our proposed model by identifying its advantages and following examples of
other similar models. The potential for improvement lies in adjusting the kernel shape, utilizing a larger
number of datasets and reducing the epoch number. By modifying these parameters, adding the number
of convolution layers may improve the validation accuracy without sacrificing the execution time.

3535


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5059

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3526-3537
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5059

5. CONCLUSION

The proposed model promises the use of a simple CNN model to classify gender based on
fingerprints. Using just three convolutional layers and a dataset of 1,000 samples, the model can reach
a maximum validation accuracy of 74.176%. The clearest advantage of the model is its rapid execution
time. In addition, for fingerprint research, it is advantageous to select a region of interest (ROI) of the
fingerprint that has a regular pattern. When processing 1,000 fingerprint datasets, the model completes
its task in under 10 minutes on a computer equipped with an Intel i5 processor. The model, however,
has lower validation accuracy. It could be made better by changing some settings, like the shape and
number of kernels in the convolution layers, and by increasing the dataset size through other datasets or
using augmentation methods. The model's simplicity enables it to operate on constrained hardware.
Moreover, it can be employed in emergencies, such as identifying victims of natural disasters, accidents,
or criminal incidents, where immediate assessments are necessary. To improve performance, this model
can be modified by adding the number of layers or modifying the pooling layer method.
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