engineering
proceedings

Proceeding Paper

Contactless Footprint Acquisition and Automated Identification
Using Convolutional Neural Network

Angelica A. Claros, Elmo Joaquin D. Estacion and Jocelyn F. Villaverde *

W) Check for updates ‘

Academic Editors: Teen-Hang Meen,
Chi-Ting Ho and Cheng-Fu Yang

Published: 3 April 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

School of Electrical, Electronics, and Computer Engineering, Maptia University, Manila City 1002, Philippines;

aaclaros@mymail. mapua.edu.ph (A.A.C.); ejdestacion@mymail.mapua.edu.ph (E.J.D.E.)

* Correspondence: jfvillaverde@mapua.edu.ph

* Presented at the 7th Eurasia Conference on IoT, Communication and Engineering 2025 (ECICE 2025),
Yunlin, Taiwan, 14-16 November 2025.

Abstract

Biometric systems are widely used in security and forensic applications. Conventionally,
contact-based footprint scanners require physical contact, which presents significant lim-
itations. These devices raise hygiene concerns and are impractical in field identification
conditions, such as forensic investigations or disaster victim identification, where quick
and non-invasive methods are essential. To address these challenges, a contactless footprint
acquisition and identification system was developed using image processing techniques
and a Convolutional Neural Network (CNN) based on the Visual Geometry Group-16 layer
architecture. The system employs a Raspberry Pi 4, a Logitech C922 camera, and a ring
light to capture footprints without direct surface contact. Captured images are processed
with Contrast Limited Adaptive Histogram Equalization (CLAHE) to improve contrast
and mean thresholding to generate binary images for clearer feature extraction. System per-
formance was evaluated using a multiclass confusion matrix. The CNN correctly classified
158 of 160 test images, achieving an accuracy of 98.75%. This result demonstrates higher
accuracy than earlier studies that used older CNN models, such as Alex Krizhevsky’s Net-
work and LeCun’s Network-5, which performed with fewer subjects and lower accuracy
rates. The developed system shows potential for biometric security, forensic investigations,
and disaster response, where contactless and reliable identification is required. Future re-
search can expand the dataset with more diverse footprints, test performance under varied
conditions, and extend the approach to other contactless biometrics such as palmprints
or ears.

Keywords: contactless biometric system; footprint recognition; convolutional neural network
(CNN); machine learning; image preprocessing

1. Introduction

Biometrics originated from the Greek words “bios” (life) and “metron” (measure),
meaning that biometrics refers to the recognition of measurements found within a person’s
body [1]. Biometrics now serves greater importance, with accounts often requiring facial
features, fingerprints, footprints, and passwords to ensure correct user identification and
authentication [2]. This technology is used in banking, forensics, and security [3]. As a
result, smartphones now offer various identification features, such as facial recognition and
fingerprint scanners, for security purposes before granting access to the user [4].
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Footprints provide distinctive ridge patterns and shapes that can be effectively utilized
for authentication purposes [5]. A local study implemented footprint biometrics for identi-
fication using LeCun’s Network-5 (LeNet-5) Convolutional Neural Network (CNN) model
on a Raspberry Pi 3, achieving an accuracy of 91.67% with 10 test subjects [6]. Moreover,
CNNs remain widely used for image classification across various studies [7,8]. Interest
in iris and voice recognition systems has also been growing. One study developed an
iris recognition system on a Raspberry Pi using Otsu’s thresholding technique, attaining
96.60% accuracy [9], while another created a dual iris recognition system employing a
Raspberry Pi camera module and a Support Vector Machine (SVM) model, yielding 95%
accuracy [10]. During the COVID-19 pandemic, a two-tier biometric system integrating
iris and voice recognition was proposed to promote non-contact security verification [11].
Researchers have further investigated alternative biometric traits such as the ear, lips,
tongue, and teeth. An ear-based identification system utilizing Contrast Limited Adaptive
Histogram Equalization (CLAHE) and an SVM classifier was developed [12]. Additionally,
Raspberry Pi-based tongue print recognition studies have applied various algorithms,
including ORB, BRIEF, SIFT, YOLOv2, and InceptionV3, with YOLOv2 demonstrating the
best performance [13-15].

Moreover, current studies on footprint recognition continue to utilize earlier Convo-
lutional Neural Network architectures, such as AlexNet and LeNet-5. The exploration of
modern architecture models, such as the Visual Geometry Group-16-layer network, has
not been applied to footprint recognition systems. Furthermore, few studies—if any—have
developed a contactless and portable footprint biometric system.

This study aims to develop a contactless footprint recognition system that utilizes
image processing techniques and a CNN algorithm to acquire and identify footprints
without needing physical contact with a person. Additionally, this research specifically
aims to design and develop a contactless footprint biometric system using a Raspberry
Pi; (2) to implement image processing techniques and algorithms to create a system that
acquires and identifies footprints for contactless biometric purposes; and (3) to use a
confusion matrix to assess the system’s accuracy in identification.

A contactless footprint identification system using a Raspberry Pi contributes to the
field of biometric systems. The system can capture both footprints simultaneously without
physical contact, but it identifies individuals using one footprint at a time. The CNN
algorithm was used to train the system to identify individuals. The subjects in this study
consist of 15 individuals and one unregistered individual, all of whom have no scars or
wounds on their footprints for better identification. Therefore, the system also requires
recording data in a database for accurate footprint identification. Furthermore, the system
does not determine whether the scanned footprints are spoofed.

2. Methodology
2.1. Conceptual Framework

Figure 1 displays the study’s conceptual framework. We collected 760 footprint
image samples to feed into the system, 600 for training and 160 for testing. All images
were processed using image enhancement and binarization techniques. Then, the CNN
algorithm was trained to identify footprints based on the footprint images stored in the
database. The system’s output consisted of the recognized footprint, matched with its
corresponding correct or incorrect identification result.
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Figure 1. Conceptual framework for contactless footprint biometrics.

2.2. Hardware Block Diagram

The hardware components of the system and their relationships are illustrated in
Figure 2. The system consisted of a Raspberry Pi 4, a secure digital card, a camera, a light
source, an LCD, and a 5V power supply. The Raspberry Pi 4 handled the processing of
the system’s inputs and outputs. A 5V power supply powered the Raspberry Pi 4. A
Logitech C922 webcam was connected to the Raspberry Pi 4. A light source supported the
camera, enhancing the visibility of the footprints as it captured them. All training images
were stored on the SD card. Lastly, the recognized footprint and identification result were
displayed on the LCD. A graphical user interface on the LCD was accessible to the user.

5V/3ADC .
Raspberry Pi 4 LCD Screen

I I I

Camera SD Card

Light Source

Figure 2. Hardware diagram.

2.3. Software Development

In the development of the software for the footprint biometric system, three modules
are used: image enhancement, image binarization, and CNN training. Each module
plays an important role in building the footprint identification system. First, the image
undergoes the imageEnhancement() module for background removal, image masking, and
the application of CLAHE techniques. Then, the image binarization module binarizes the
enhanced images using mean thresholding. The binarized images are subsequently fed
into the CNN training module for training and testing. The binarized footprint images are
processed by convolutional layers to extract key features, Rectified Linear Unit activations
for pattern recognition, max pooling layers to down-sample feature maps, and dense layers
to combine features for classification.

2.4. CNN Algorithm

We employed a CNN algorithm to train the system for classification. In particular,
the VGG-16 model, a type of CNN architecture known for its strong performance in
image identification and classification, was used in the study. Moreover, this model was
adapted to classify or identify user identities using footprints as input. The photos were
first fed into the input layer and resized to 224 x 224 pixels before being passed through
the convolutional layers. After that, stacks consisting of multiple convolutional layers
processed the images. To extract footprint features, the initial convolutional layer employed
64 filters, generating a convolved feature map. After each stack of convolutional layers,
the data moved to a max-pooling layer, which reduced the number of pixels by half, from
224 x 224 to 112 x 112, and so on. After the convolutional and pooling layers processed
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the input, the data passed through fully connected layers, which flattened the features and
classified the user based on footprint patterns.

2.5. Experimental Setup

Figure 3 illustrates how the system classifies a user’s identity by capturing and analyz-
ing their footprint. The prototype is positioned on the floor, and the user places their foot
in front of the camera during the capture process. To capture the footprint image, press
the capture button on the LCD screen, then press the buttons under the image options
group to choose whether to enhance the image, clear the image to retake, or enroll the
captured image. Finally, pressing the match button displays the identification result on the
LCD screen.

Raspberry
Pi4

LED Touch-
Screen Output
Logitech C922
Pro Webcam
Ringlight

Footprint
Input

(a) (b)
Figure 3. Experimental setup: (a) Proposed system; (b) Fabricated system.

2.6. Data Gathering and Analysis

Fifteen participants (7 women and 8 men) were registered in the system, and one
additional male participant was included as the unregistered individual, as shown in
Table 1 below.

Table 1. Description of footprint dataset.

Dataset Number of Subjects
Registered individual 15
Unregistered individual 1

For the evaluation of the model’s performance, we utilized a confusion matrix and an
accuracy test. The confusion matrix was obtained to evaluate the performance of the trained
model and displays the results gathered by the proposed system. The system’s accuracy
was calculated using the multiclass accuracy formula derived from the confusion matrix.

1
Zn6:] Ann

P T T )
21121 2}21 Aij

Accuracy =

Equation (1) shows how to calculate the accuracy of a multiclass confusion matrix.
The numerator, A, which represents the sum of diagonal elements of the confusion matrix,
corresponds to the correctly classified instances of each class, and the term Y_1° | A, sums
the correct classifications across all 16 classes. The denominator, A;; represents the total
number of samples, which is the sum of all elements in the confusion matrix.
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3. Results and Discussion

The system compares the model’s 160 predictions with the actual labels. The registered
individuals are labeled as R1 to R15, while the unregistered individual is labeled as UR1,
as presented in Table 2. Out of the 16 classes, 14 were classified perfectly. Errors occurred
only in Registered Classes 8 and 10, where one image from Class 8 was misclassified as
Registered Class 15, and one image from Class 10 was misclassified as Registered Class
4. These two errors account for all the false positives and false negatives. Furthermore,
the model presented 158 true positives (TP), meaning it correctly identified 158 out of
160 footprints. Using the multiclass accuracy formula, the model’s overall accuracy was
evaluated at 98.75%, corresponding to 158 correct classifications out of 160 test images.

Table 2. Confusion matrix of the results.

Prediction
Observation
R1 R2 R3 R4 R5 R6 R7 RS R9 R10 R11 R12 R13 R14 R15 UR1
R1 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R2 0 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R3 0 0 10 0 0 0 0 0 0 0 0 0 0 0 0 0
R4 0 0 0 10 0 0 0 0 0 0 0 0 0 0 0 0
R5 0 0 0 0 10 0 0 0 0 0 0 0 0 0 0 0
R6 0 0 0 0 0 10 0 0 0 0 0 0 0 0 0 0
R7 0 0 0 0 0 0 10 0 0 0 0 0 0 0 0 0
R8 0 0 0 0 0 0 0 9 0 0 0 0 0 0 1 0
R9 0 0 0 0 0 0 0 0 10 0 0 0 0 0 0 0
R10 0 0 0 1 0 0 0 0 0 9 0 0 0 0 0 0
R11 0 0 0 0 0 0 0 0 0 0 10 0 0 0 0 0
R12 0 0 0 0 0 0 0 0 0 0 0 10 0 0 0 0
R13 0 0 0 0 0 0 0 0 0 0 0 0 10 0 0 0
R14 0 0 0 0 0 0 0 0 0 0 0 0 0 10 0 0
R15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 10 0
UR1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 10

4. Conclusions and Recommendations

We developed a CNN algorithm based on the VGG-16 architecture, which was trained
on 600 images from 15 registered individuals and tested on 160 images, including an
unregistered subject. The system achieved an overall accuracy of 98.75%, demonstrating
high reliability in correctly identifying individuals based on their footprints. This result sur-
passed the accuracy rates of similar systems in previous studies, validating the effectiveness
of using a modern CNN architecture for footprint recognition.

To enhance the performance and applicability of the developed contactless footprint
identification system, the number of participants and images included in the dataset
must be increased. By expanding the dataset, the model’s training efficiency is enhanced,
reducing the likelihood of overfitting and improving the system’s ability to generalize
across a wider range of users. Given its effectiveness, the same architecture can be applied
to systems involving palmprints, ear features, or other contactless biometric traits may
yield similarly promising results.
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