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Abstract 

You Only Look Once (YOLO) is an effective deep learning method for real-time object detection. This method is 

applied to build an accurate, fast facial recognition model, with a case study on an attendance system based on 
facial images at the Lhokseumawe State Polytechnic. The main objective is to implement and evaluate the YOLOv5s 

model's performance on the attendance system using facial images with high accuracy. The research process 
includes collecting facial image datasets from 40 subjects with various viewing angles to train the YOLOv5s model. 

This model is specifically configured to detect one class of objects, namely faces, and then integrated into the 
system to function as the main face detector. Model performance is evaluated quantitatively using a confusion 

matrix to measure key metrics such as accuracy, precision, recall, and F1 score. The evaluation results show that the 

developed YOLOv5s model has excellent performance. This model achieved 90% accuracy, with a precision and 
recall of 92%. The balanced F1-score value (92%) proves that the YOLOv5s method has a high level of accuracy 

for detecting faces. The high-performance metrics confirm that this method is the right solution for building an 

attendance system based on accurate facial images. 
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1. Introduction  

The development of information and communication technology has encouraged the implementation of digital 
systems in various aspects of education, including student attendance. In many universities, including the 

Lhokseumawe State Polytechnic (PNL), QR code-based attendance systems have been used as an alternative to 

manual attendance due to their practicality and efficiency. However, this system has a fundamental weakness: the 
high potential for proxy attendance, where students who are not physically present can still be recorded as present 

by using QR codes shared by other students [1]. This situation negatively impacts academic integrity, student 
discipline, and the overall quality of the learning process. To address this issue, an attendance system is needed 

that can verify student attendance directly and authentically. One widely developed approach is biometric-based 
attendance, specifically facial recognition. The face is a unique biometric characteristic for each individual and is 

difficult to forge, making it more secure than card-based or digital code-based methods. Furthermore, facial 
recognition systems are non-intrusive and can be integrated with relatively easy-to-find campus cameras [2]. 

The success of a facial recognition system is greatly influenced by the facial detection method used. Pre-deep 

learning face detection methods such as Haar Cascade, Histogram of Oriented Gradients (HOG), and Support 
Vector Machine (SVM) have been widely used in early research [3][4]. Although these methods have low 

computational complexity, their performance tends to degrade under unstable lighting conditions, variations in 
facial angles, facial expressions, and complex backgrounds [5]. This results in inconsistent attendance system 

accuracy when applied to dynamic classroom environments. Furthermore, two-stage detection methods such as R-
CNN, Fast R-CNN, and Faster R-CNN offer higher accuracy than classical methods. However, these approaches 
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require two main stages: region proposal and classification, requiring longer computation time and greater 

hardware resources. These limitations make two-stage methods less optimal for real-time applications, especially 
in attendance systems that must process many faces simultaneously in a short time [6]. 

Alternatively, the You Only Look Once (YOLO) algorithm is a single-stage object detection method that 
combines object detection and classification in a single computational step [7]. YOLO processes the entire input 

image end-to-end in a single forward pass through the neural network, resulting in significantly higher inference 
speeds than two-stage methods. This advantage makes YOLO highly effective for real-time applications, including 

facial recognition-based attendance systems. YOLO divides the input image into multiple grids and simultaneously 

predicts bounding boxes, confidence scores, and object classes [8]. With this approach, YOLO can detect multiple 
objects in a single image with a short processing time. In the context of student attendance, this capability is crucial 

because a class can include dozens of students who must be detected and recognized simultaneously without 
disrupting the lecture [9][10]. 

Several recent studies have shown that combining the YOLO face detector with a deep learning-based face 
recognition method can significantly improve attendance system performance, both in terms of speed and accuracy. 

YOLO detects facial locations quickly and precisely, while the facial recognition module matches detected faces to 
a student database [11]. This approach can reduce detection errors and increase system reliability under varying 

environmental conditions. Along with the development of YOLO, various versions have emerged, starting from 

YOLOv3, YOLOv4, YOLOv5, and YOLOv8. Each version offers improvements in architecture, accuracy, and 
computational efficiency. In this study, YOLOv5s was chosen as the primary face detection model. YOLOv5s is a 

lightweight variant of YOLOv5 that offers a balance between speed and accuracy, making it suitable for 
implementation on hardware with moderate specifications [12]. In addition, YOLOv5 has comprehensive 

documentation, a large user community, and active development support, thus facilitating the system training and 
implementation process [13][14]. 

Although YOLOv8 is reported to have a slightly higher accuracy rate, this improvement is generally 
accompanied by greater computational requirements [15]. In the context of implementation at Lhokseumawe State 

Polytechnic, the selection of YOLOv5s is considered more relevant because it considers hardware availability, 

system efficiency, and real-time application needs. Tests show that YOLOv5s is capable of performing real-time 
face detection with an average processing time of around 4.1 milliseconds per image, and is capable of detecting 

and recognizing multiple faces simultaneously in a single frame [16]. YOLOv5s' ability to detect multiple faces 
simultaneously is very suitable for classroom conditions in a campus environment, where students have varying 

seating positions, distances, and viewing angles towards the camera [17]. With stable performance, the face-
based attendance system can be effectively integrated into the lecture process, so that attendance can be carried 

out automatically, accurately, and efficiently. 
 

2. Methods 

This research applies a structured machine learning model development methodology, starting from data 

collection to model evaluation.  

2.1 Dataset 

This study utilized primary data comprising facial images collected from 40 students at Lhokseumawe State 

Polytechnic. Data was gathered by regularly photographing each participant using a smartphone camera, chosen 
for its widespread availability and ease of integration into future attendance systems. To ensure the dataset 

addressed real-world challenges, photos were captured in a variety of poses: front view, 45-degree side view, 
and 90-degree side view. Additional angles—including right, top, left, and bottom—were included to help the 

model become pose-invariant, enabling accurate recognition even when subjects were not facing the camera 

directly. Approximately 100 photographs were taken of each student to provide sufficient data for the algorithm 
to thoroughly learn individual features. All images were stored in JPEG format to balance storage efficiency, 

processing speed, and visual quality. 

2.2 You Only Look Once (YOLO) 

You Only Look Once (YOLO) is an intelligent neural network designed for real-time object detection. YOLO 
applies a single neural network to the entire image, which is then divided into regions (grids) [15]. Each region will 

predict a bounding box and the probability that an object is present within it. For each box in the bounding region, 
YOLO computes a probability and classifies whether the box contains an object. This method allows YOLO to detect 

objects quickly and accurately, making it one of the good algorithms for real-time object detection. The input image 
is divided into a fixed-size grid, where each cell predicts the objects within its area. This approach offers the 

advantage of handling multiple objects in a single image. YOLO has several advantages over classifier-oriented 

systems, as demonstrated across the entire image when tested with globally informed predictions [16]. 
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2.3 Traning and Testing  

The training and testing flow for the attendance model used in this study is shown in Figure 1. In the training 
phase, the system builds a facial reference database for the attendance process. Student facial images are 

collected and preprocessed (size normalization and lighting correction) to ensure consistent quality. The YOLO 
model is used to detect facial regions and crop them. Facial cropping is then extracted using the face_recognition 

module to generate facial encodings, unique numeric representations for each individual. The entire encoding is 
stored in the database as an attendance model, which serves as a reference in the next phase. In the testing phase, 

the system performs facial recognition during attendance. Student facial images are captured and preprocessed 

to ensure adequate quality. YOLO then detects facial locations and crops facial areas. These croppings are 
extracted by face_recognition to generate encodings, which are then compared with the encodings in the 

attendance model database from the training phase. If a match is achieved, the student's identity is verified, and 

attendance is recorded in the system. 

 

Figure 1. Model’s Training and Testing Flow  

Model evaluation is conducted to assess the performance of the attendance model in detecting and classifying 
objects (e.g., faces) on test data. The approach used is a confusion matrix to see the distribution of correct and 

incorrect predictions for each object. From the confusion matrix, the following main metrics are calculated: Accuracy 

(the proportion of all correct predictions to the total predictions), Precision (the accuracy of positive detections, i.e., 
the proportion of correct detections from all positive detections), Recall (the model's ability to find all objects that 

should be detected), and F1-score (the harmonic mean of Precision and Recall, which provides a balanced 
assessment when the class distribution is uneven).  

The face attendance process in the system begins when the user opens the attendance menu. The camera is 
activated to capture a facial image at a distance of ±10 cm under normal lighting, without any covering 

accessories. The image is then processed by YOLO to detect the facial area and generate a bounding box along 
with a confidence score; the detected face is cropped and proceeds to the preprocessing stage and feature 

extraction using face_recognition to form a 128-dimensional vector encoding. This encoding is compared with the 

database using Euclidean distance; if the distance is below the threshold of 0.6, then the face is declared a match 
[17]. To prevent forgery, liveness verification (blinking/head movement) is performed using facial landmarks (dlib). 

If all stages are passed, the system records the attendance in the database and stores the facial image as evidence. 

3. Result and Discussions  

This section presents an analysis of the results from the attendance model training process, along with an 
evaluation of its performance using established testing metrics. The analysis was conducted to assess the model's 

ability to accurately recognize and record attendance, as well as to identify the effectiveness and reliability of 
the developed system. 
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3.1. Models Performance 

The following are the performance results of the developed model shown in Figure 2 using a confusion matrix. 

 

Figure 2. Confusion Matrix Result 

The confusion matrix in this test uses the Y-axis for the actual label (Unrecognized/Recognized) and the X-axis 

for the predicted label (Unrecognized/Recognized), with each cell containing the number of samples. The results 

show TN = 12, namely unregistered faces predicted as unrecognized (correct); FP = 2, namely unregistered faces 
but predicted as recognized (false accept); FN = 2, namely registered faces but predicted as unrecognized (false 

reject); and TP = 24, namely registered faces predicted as recognized (correct). In total, there are 40 samples 
consisting of 14 unregistered faces and 26 registered faces which serve as the basis for calculating the evaluation 

metrics. To clarify how the model works, Figure 3 previously presented a confusion matrix that is then used as the 
basis for calculating and visualizing the evaluation metrics, namely accuracy, precision, recall, and F1-score. The 

matrix maps the actual labels (Unrecognized/Recognized) against the predicted output and produces four 
components: TN (12 cases of unregistered faces that were correctly rejected), FP (2 cases of unregistered faces 

that were incorrectly accepted), FN (2 cases of registered faces that were incorrectly rejected), and TP (24 cases 

of registered faces that were correctly accepted). In total, there are 40 samples: 14 unregistered and 26 registered, 
which form the basis for calculating these four metrics. The performance analysis in this section therefore, refers 

directly to the distribution of results in the matrix. 
  

 
Figure 3. Confusion Matrix Results 

Based on the data in Figure 3, the attendance system performs quite well. With an accuracy of 90%, this 

system has been proven to correctly classify most test data. Furthermore, the precision value (92%) highlights the 

system's ability to minimize identification errors (False Positives), indicating that the risk of incorrectly recognizing 
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unregistered faces is very low. On the other hand, the recall value (92%) confirms that the system is very effective 

in recognizing almost all faces that should be registered, with a minimal detection failure rate (False Negatives). 
The F1-score value (92%) confirms a strong balance between precision and recall. Based on the evaluation results, 

the facial-image-based attendance system achieves 90% accuracy, 92% precision, 92% recall, and 92% F1-score. 
This strong balance between precision and recall indicates the system is able to minimize identification errors while 

accurately detecting student attendance. 
 

3.2. User Interface Implementation 

The following is a visualization of the attendance process that was successfully carried out by one of the 

students, which is shown in Figure 4. 
 

 

 
 

Figure 4. Student Attendance Visualization  

The attendance visualization results in Figure 5 show the attendance system interface after a successful facial 

verification. The Verification Success status indicates that the user's identity has been validated, and a Confirm 
Attendance button is available to complete the attendance recording. This user-friendly interface provides clear 

feedback on verification status, so users can see that the facial recognition process has succeeded and the system 

is ready to record their attendance. Implementing the confirmation button as the final step serves as an additional 
security mechanism to prevent accidental or unwanted attendance recording, while also giving users the opportunity 

to cancel the process if necessary. The interface shown in the figure also displays additional information, including 
the name of the successfully identified user, the verification time, and the confidence level of the facial recognition 

process. The available and active Confirm Attendance button on the interface allows users to complete the 
attendance recording process manually, providing final control to users before the attendance data is officially 

recorded in the system database. The next visualization on Android is in Figure 6. 
Figure 5 shows the interface of the Attendance System application based on facial recognition. There is a 

dropdown to select a course; in this example, it is IF101 – Database. The middle section displays a capture of the 

camera used to detect the student's face. Below are the attendance status and two control buttons: Activate Auto 
to enable automatic attendance, and Take Attendance for manual attendance. In the flow, the user selects a course 

→ ensures the face is in the camera frame with adequate distance and lighting → selects Activate Auto for 

continuous scanning or Take Attendance for a single take → the application provides feedback on the results 
(success/failure, recognized name, time, and proof of a mini/thumbnail photo). Next, attendance data for students 

who have taken attendance is shown in Figure 6. 
Figure 7 displays the attendance report page, which is used to retrieve and manage attendance data stored 

in the system. This page is equipped with various filters that make it easier for users to search for specific data, 

including a time range filter by selecting the start and end dates, a course filter to limit attendance data to specific 
courses, a student filter to retrieve attendance data for specific individuals, and an attendance status filter that 

allows data sorting based on the categories of attendance, permission, sick, or absent. 



INTERNATIONAL JOURNAL OF APPLIED ARTIFICIAL INTELLIGENCE AND ROBOTICS 

27 

 

 
 

Figure 5. Interface on Android App 

Once the filters are applied, the corresponding attendance data is displayed in a structured table and can be 

reviewed to ensure accuracy. Once the data meets your needs, users can easily download the report using the 
Download Report (CSV) button to obtain a CSV report or the Download Report (PDF) button to obtain a PDF report. 

This feature speeds up and enhances the report retrieval process. 
 

 

 
 

Figure 6. Attendance Data Results  
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4. Conclusion 

Based on the tests carried out, it can be concluded that the system's functionality has been thoroughly tested 

using the black-box method, validating that all features, including login, facial registration, the attendance process, 
and report generation, function as expected. To evaluate the model performance, testing was carried out using a 

confusion matrix which showed very good results, with an accuracy level reaching 90% which means the system 
makes correct decisions in 90%, a precision of 92% indicates that of all faces identified as registered users, 92% 

of them are correct, a recall of 92% indicates that the system successfully recognizes 92% of the total users that 
should be recognized, and an f1-score of 92% is a balancing score and confirms that the model is very good at 

avoiding errors and in recognizing legitimate users. 
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