Journal of Engineering and Technology for Industrial Applications

Journal of Engineering
echnology for

ITEGAM-JETIA

) ; - ﬁf Manaus, v.12 n.60, p.1343-1354. July/August, 2026.
DVl “® DOI: https://doi.org/10.5935/jetia.v12i60.4089

ISSN ONLINE: 2447-0228

RESEARCH ARTICLE OPEN ACCESS

DEEP LEARNING-BASED INTEGRATED SYSTEM FOR STUDENT
ATTENDANCE AND EMOTION RECOGNITION IN ELEMENTARY
EDUCATION

Alexander Imanuel Widjanarko!, Nathan Daud?, Mochamad Rizal Saputra®, Diva Kurnianingtyas**

Department of Information Systems, Faculty of Computer Science, Universitas Brawijaya, Malang, Indonesia.
2 4Department of Informatics Engineering, Faculty of Computer Science, Universitas Brawijaya, Malang, Indonesia.
3Department of Agricultural Socioeconomics, Faculty of Agriculture, Universitas Brawijaya, Malang, Indonesia.

http://orcid.org/0009-0004-2141-4138®, http://orcid.org/0009-0005-9711-7604®,
3http://orcid.org/0009-0004-5656-1058®, *http://orcid.org/0000-0002-0865-7790

Email: nathandaud@student.ub.ac.id, alexanderiw@student.ub.ac.id, rizalsaputra@student.ub.ac.id,*divaku@ub.ac.id

ARTICLE INFO ABSTRACT

Article History Mental health challenges among elementary students have become a critical global concern,
Received: March 14, 2026 with 10-20% of children experiencing emotional difficulties that significantly impact
Reviewed: April 17, 2026 educational performance and social development. This research presents a deep learning-
Accepted: July 17, 2026 based integrated system that simultaneously performs automated attendance tracking and
Published: August 31, 2026 real-time emotion recognition for elementary education settings. The system employs

FaceNet with one-shot learning for face recognition-based attendance, requiring only a
single reference image per student. For emotion detection, we implement and compare
MobileNet-v2 and YOLOV8 on an augmented FER-2013 dataset with seven emotion
categories (happy, sad, angry, surprised, scared, neutral, and sleepy). Experiments
conducted in an offline simulation setting show that YOLOV8 outperforms MobileNet-v2
across all metrics, achieving 65% accuracy versus 53%, with higher precision (66% vs.
53%), recall (65% vs. 55%), and F1-score (65% vs. 52%). YOLOvS8’s anchor-free detection
and optimized inference pipeline provide operational advantages essential for real-time
classroom applications. This integrated system offers educators actionable insights for early
identification and timely intervention related to students’ emotional well-being while
streamlining administrative tasks. Unlike previous studies that focused on either attendance
or emotion recognition separately, this research offers a novel, integrated real-time system
tailored for elementary education settings.
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I. INTRODUCTION

Mental health challenges among children have become a global concern, with approximately 10-20% of children and adolescents
worldwide experiencing emotional difficulties that significantly impact their educational performance and social development [1]. These
mental health problems account for an estimated 16% of the global burden of disease and injury among those aged 10-19 years, with
conditions such as anxiety, depression, and behavioral disorders representing the leading causes of disability in this population [2].
Research demonstrates that children experiencing emotional difficulties, including loneliness, depression, anxiety, and low self-esteem,
show measurable impacts on their academic performance, with studies revealing that 21.2% of students had mental health concerns that
directly affected their educational outcomes [3]. The consequences extend beyond academic achievement to encompass broader social
development, as these challenges can disrupt peer relationships, family dynamics, and overall psychosocial functioning during critical
developmental periods [4].
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Early identification and intervention strategies are critical for preventing long-term psychological consequences and ensuring
optimal child development outcomes, particularly given that half of all mental health issues in adults begin during or before adolescence,
making childhood and adolescence opportune times for interventions that can reduce risk for mental disorders and enhance social,
emotional, and cognitive functioning [5]. In Indonesia, educational institutions face unprecedented challenges in identifying and
addressing students' emotional needs. Recent studies indicate that 20.6% of Indonesian students aged 13-17 years were victims of bullying
[6], with comprehensive analysis of 11,479 students from 403 schools revealing that male students, those who missed school, were late,
repeated grades, or attended rural schools with small class sizes faced higher risks of bullying victimization [7]. Cross-sectional surveys
using the International Society for the Prevention of Child Abuse and Neglect (ISPCAN) Child Abuse Screening Tool have documented
significant prevalence of physical, verbal, and sexual violence among adolescents in West Java, a province representing 18% of
Indonesia's total population [8]. The mental health landscape is equally concerning, with 95.4% of Indonesian youth aged 16-24
experiencing anxiety as the most prevalent mental health problem [9], while students in the 12-15 years age group demonstrated the worst
mental health levels during recent assessments [10]. Furthermore, Indonesian adolescents face increased risk of developing depression
and anxiety disorders, largely attributed to insufficient mental health literacy and awareness that often leads to delayed recognition and
treatment [11]. The crisis of child protection has intensified since 2019, with increasing cases of child abuse across the nation [12],
highlighting the urgent need for innovative approaches to monitor student wellbeing in educational settings through comprehensive
screening tools, trauma-informed interventions, and enhanced support systems that address the complex interplay of bullying, abuse, and
mental health challenges facing Indonesia's substantial child population.

The emergence of Society 5.0 has introduced advanced technological solutions in educational environments, particularly
automated attendance systems using face recognition technology. Society 5.0 represents a transformative vision for the future driven by
integrating digital technologies and human-centered approaches, fusing with cyber-physical spaces to create a smart society that addresses
educational challenges through innovative and collaborative solutions [13]. While these systems have demonstrated significant efficiency
improvements, reducing attendance recording time by up to 90%, research shows that automated face recognition attendance systems
achieve 96.4% recognition accuracy with processing times between 1.3-2.3 seconds, effectively minimizing human errors, preventing
proxy attendance, and improving data security compared to traditional manual methods [14]. The systems deliver real-time attendance
updates and enhance precision while reducing manual labor, with implementations showing that attendance can be automatically tracked
and recorded with over 95% accuracy [15]. However, their potential for integration with emotion recognition capabilities remains largely
unexplored, despite emerging research demonstrating that real-time automatic emotion recognition systems can be developed
incorporating facial features for classroom assessment using deep learning models [16]. Studies indicate that emotion recognition is
gaining popularity in education for improving students' learning processes and can measure online learners' affective states of engagement
and concentration using emotion data extracted from facial features captured by standard web cameras [17]. The convergence of these
technologies presents unprecedented opportunities for smart classroom monitoring systems that could simultaneously track attendance
and assess student emotional engagement, creating comprehensive educational analytics platforms that align with Society 5.0's vision of
human-centered technological integration in learning environments [13].

Despite the availability of sophisticated deep learning algorithms such as MobileNet-v2 and YOLOV8 for image classification
tasks, there is limited research comparing their effectiveness in real-time emotion detection within educational contexts. Recent
comparative studies in classroom environments have demonstrated that YOLOV8 achieves 97.61% accuracy for student attention
monitoring, while MobileNet-v2, when tested alongside VGG-19 and ResNet-101, shows VGG-19 outperforming with 99.56% accuracy
for classification tasks on cropped student images, indicating that YOLO models excel in speed and real-time object detection but
traditional CNN architectures like VGG-19 perform better for classification accuracy [18]. Specialized research on pediatric facial
expression recognition reveals that MobileNetV2 achieves approximately 60% F1-score across all ethnicities when tested on children's
facial expressions, with notable accuracy variations of up to 11.56% between different ethnic groups [19]. Comprehensive evaluations of
ten state-of-the-art deep learning models, including MobileNet V1, for facial expression recognition tasks show varying performance
metrics in terms of test accuracy, training time, and weight file size [20]. However, systematic reviews of academic emotion classification
reveal that the number of real-time FER systems is significantly less than non-real-time systems, with most studies achieving top-1
accuracy of 94.6% but lacking comprehensive real-time implementation frameworks [21]. Furthermore, the integration of attendance
systems with emotion recognition technologies lacks comprehensive evaluation, particularly regarding their practical implementation in
elementary school environments, as current research focuses primarily on university-level student attention monitoring using deep
learning techniques with approximately 7 hours of video footage from 120 undergraduate students [18], while studies specifically
targeting elementary school contexts remain sparse despite the demonstrated feasibility of improved YOLOvV8 models for classroom
behavior detection and the growing need for non-invasive, automated systems that can simultaneously track attendance and monitor
emotional wellbeing in younger student populations [22]. However, to the best of our knowledge, there is still no integrated approach that
simultaneously combines a FaceNet-based (one-shot) attendance system with real-time emotion detection, particularly for elementary
school students (see Table 1).

Table 1: Literature review.

Study Core Technique(s) Eggg?;(otn Key Limitations
[23] FaceNet on Jetson Nano for automatic University 1) Attendance only, no affect analysis.
attendance lectures 2) Edge device struggled under low-light conditions.
[24] CNN with HOG_+ MMOD face detection; University 1) Requires multiple reference imag_es per student.
real-time attendance 2) Does not address student emotional states.
[25] OpenCV face recognition + basic FER (FER- Technical 1) Emotion module uses lightweight heuristics,
2013) college yielding modest accuracy.
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2) Feedback component still manual.

1) Paper focuses on system architecture; lacks
[26] Deep-learning attendance (model unspecified) High school rigorous emotion component.
2) No comparative model analysis.

YOLOVS face detection + MobileNetV2 face Engineering

[27] 1) Attendance only; emotion not integrated.
ID undergrads
28] Comparative FER using pre-trained CNNs Online higher-ed | 1) No real-time constraints; batch-mode evaluation.
(VGG, ResNet, MobileNet) courses 2) Does not link FER to attendance data.

FER models benchmarked for virtual learning . 1) Pure emotion study, attendance outside scope.

[29] . K-12 online :
sessions 2) Dataset bias toward frontal faces.
[30] YOLOV8 (five variants) for facial-expression | University LMS 1) Covers six emotions only; fatigue/sleepiness
monitoring sessions absent.

Source: Authors, (2026).

This study contributes by developing and evaluating a deep learning-based integrated system that not only streamlines attendance
administration but also supports the early identification of students’ emotional well-being in classroom settings. Specifically, we
implement and compare MobileNet-v2 and YOLOV8 for real-time emotion classification integrated with a FaceNet-based one-shot
attendance system, providing educators with timely insights to enable more responsive and supportive learning environments.

Il. THEORETICAL REFERENCE
1.1 DEEP LEARNING FUNDAMENTALS AND APPLICATIONS IN EDUCATION

Deep learning is a major branch of machine learning that leverages multi-layered artificial neural networks to learn patterns from
complex and large-scale data, with key architectures including Convolutional Neural Networks (CNN) for image analysis, Recurrent
Neural Networks (RNN) for sequential data, and Transformers, which are increasingly influential in computer vision and natural language
processing due to their attention mechanisms [31]. Training these networks relies on algorithms such as backpropagation and various
optimizers like Adam or SGD to minimize errors and improve accuracy, while regularization methods, including dropout and batch
normalization, are essential for preventing overfitting and enhancing model generalization [32]. Data augmentation is also frequently
applied to enhance robustness, especially when working with limited or imbalanced datasets, as demonstrated in comprehensive surveys
of deep learning techniques applied to educational data mining scenarios [33]. In the education sector, deep learning has enabled the
development of personalized learning platforms, real-time student behavior analysis, and adaptive assessment tools, with research
showing that hybrid frameworks combining reinforced learning and deep learning can accurately predict students' personal learning needs
through end-to-end models with retrieval attention mechanisms [34]. Educational data mining with deep learning has achieved significant
breakthroughs in four typical scenarios: knowledge tracing, student behavior detection, performance prediction, and personalized
recommendation, with studies demonstrating that deep neural network-based prediction systems can achieve up to 96.3% accuracy in
mining and learning knowledge for users, far exceeding traditional algorithms like support vector machines, Bayesian theory, and K-
means [35]. Real-time applications such as automated attendance and emotion detection depend on efficient models and optimized
architectures like MobileNet or EfficientNet, which allow deployment on devices with limited computational power, while deep learning
techniques for detecting student disengagement emphasize computer vision and affective computing as effective approaches, focusing on
facial expressions, eye movements, and posture assessment [36]. The performance of these models is commonly measured by metrics
such as accuracy, precision, recall, F1-score, and inference speed, ensuring both reliability and practicality in real-world educational
environments, with recent implementations of intelligent education systems based on convolutional neural networks and memory
augmented neural networks proving effective and swift in tracking students' knowledge learning status [37].

1.2 FACE RECOGNITION TECHNOLOGY AND ONE-SHOT LEARNING

Face recognition technology has evolved from traditional image processing techniques such as Eigenfaces and Fisherfaces to
modern, deep learning-based approaches, with comprehensive literature reviews demonstrating that while classical algorithms depend on
handcrafted feature extraction, deep learning models—particularly those based on CNN—automatically learn hierarchical facial features,
resulting in significantly improved accuracy and robustness in complex environments [38]. Traditional methods based on hand-crafted
features and traditional machine learning techniques have recently been superseded by deep neural networks trained with very large
datasets, with the transition occurring around 2015 when state-of-the-art face recognition became rooted in deep learning models [39].
To overcome the limitation of requiring large labeled datasets, one-shot and few-shot learning methods have gained importance, with
approaches such as Siamese networks enabling models to recognize new classes or identities from just one or a few examples by learning
a similarity metric in an embedding space, a capability that is highly valuable in real-world applications, such as educational settings
where only one reference image per student is available [40]. Modern face recognition models like FaceNet, DeepFace, and ArcFace
further enhance identification accuracy by mapping facial images into a compact embedding space where distances directly reflect facial
similarity, with Facebook's DeepFace achieving 97.35% accuracy on the LFW benchmark, reducing the error of the previous state-of-
the-art by 27% through training on 4.4 million faces from 4,030 subjects [38]. FaceNet employs a triplet loss function to optimize this
embedding, ensuring that images of the same person are closer together, while images of different people are separated by a defined
margin, requiring careful selection of similarity metrics (e.g., Euclidean or cosine distance) and optimal threshold settings to minimize
false acceptances and rejections in operation [41].
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When integrated into automated attendance systems, these technologies enable real-time student identification, greatly reducing
manual workload and mitigating proxy attendance issues, with studies showing that deep convolutional networks can achieve recognition
rates of more than 87% while the classical method of Turk and Pentland achieves 75.5% [42]. However, successful deployment must
address challenges like varying illumination, occlusions, and pose differences commonly encountered in educational environments, as
many modern datasets combine different factors that influence face recognition, such as face pose, occlusion, illumination, facial
expression and image quality, thus requiring robust model design and preprocessing that are crucial for maintaining high recognition
accuracy and practical usability in schools where faces in-the-wild present high variability due to head poses, aging, occlusions,
illumination conditions, and facial expressions [38].

1.3 EMOTION RECOGNITION SYSTEMS AND MULTI-TASK LEARNING

Facial expression analysis is central to automated emotion recognition, drawing on frameworks such as Ekman's basic emotions
(happiness, sadness, anger, surprise, fear, disgust, and neutrality) and the Facial Action Coding System (FACS), which provides a
comprehensive taxonomy of facial muscle movements, with systematic reviews confirming that Paul Ekman has delved most deeply into
this subject, proposing six basic universal emotions that can be accurately identified through facial expressions [43]. FACS encodes
movements of individual facial muscles from distinct momentary changes in facial appearance, serving as the first universal method of
coding and measuring facial movement that quantifies facial actions based on muscle movements, so that each expression can be
represented as a combination of action units [44]. These frameworks form the basis for labeling and annotating datasets used in machine
learning research, with modern deep learning approaches greatly advancing emotion detection capabilities through CNN that are widely
employed due to their proficiency in capturing spatial features from facial images [45]. Recent architectures also utilize attention
mechanisms to focus on relevant facial regions that are most indicative of specific emotions, with studies demonstrating that CNN-based
models can achieve recognition rates exceeding 86.71% on reclassified datasets like FER2013 [45]. Real-time emotion detection, essential
in educational settings, benefits from optimized models capable of rapid inference without significant computational overhead,
particularly when addressing the challenge that automatic FER is one of the key tasks in computer vision for applications in healthcare,
education, psychology, and human-computer interaction [45]. Multi-task learning enables systems to conduct joint face recognition and
emotion detection within a single pipeline, leveraging shared feature representations, which enhances efficiency and accuracy but
introduces technical complexities in balancing tasks and managing conflicting objectives [46]. Despite progress, significant challenges
remain as emotion recognition systems are sensitive to cross-cultural variations in facial expression, differences in age groups, and lighting
or occlusion issues present in real-world environments [43], with research showing that emotions are subjective and two people can have
different opinions on the same facial image, particularly given that there are slight differences between certain facial expressions such as
fear and surprise, disgust and anger [45]. Practical implementation depends on robust datasets—such as FER-2013, which offers a range
of annotated facial expressions—and careful application of data augmentation to improve model generalization, with performance
commonly evaluated using metrics such as accuracy, precision, recall, and F1-score to gauge system effectiveness in operational
conditions [47]. Finally, system integration involves not only technical aspects, such as aligning face detection, recognition, and emotion
inference modules, but also handling issues like latency, data privacy, and seamless interaction with existing educational platforms,
ensuring consistent accuracy across diverse populations and deployment scenarios while meeting real-time requirements that may
constrain the complexity and depth of neural networks utilized [48].

I11. MATERIALS AND METHODS

The following methodology diagram illustrates the comprehensive framework developed for integrating face recognition-based
attendance systems with real-time emotion detection in elementary educational settings (see Figure 1). This multi-stage approach
encompasses data acquisition, preprocessing, model training, and system deployment phases, demonstrating the seamless integration of
one-shot learning techniques for student identification with advanced deep learning architectures for emotion classification. The
methodology emphasizes the practical implementation considerations necessary for deployment in real classroom environments,
including computational efficiency requirements and real-time processing constraints that are essential for maintaining educational
workflow continuity.
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Figure 1: Research flow.
Source: Authors, (2026).

1.1 DATASET

The research utilizes two main datasets to support both face recognition and emotion classification tasks. The primary dataset for
face recognition consists of a single attendance photo for each student, captured under consistent lighting and pose to ensure identification
accuracy. For emotion recognition, the study leverages the FER-2013 dataset [49], which contains over 7,000 facial images categorized
into seven core emotion classes: happy, sad, angry, surprised, scared, neutral, and sleepy (see Figure 2). To address class imbalance and
improve the robustness of the models, data augmentation techniques such as flipping, rotation, and brightness adjustment are applied.
Furthermore, all datasets are divided into training, validation, and test subsets using an 80:10:10 ratio, ensuring fair and consistent

evaluation across all emotion categories.
, - - ' R
-. -‘ - < /0‘6
X .
- a Le

Neutral Sad Surprised Sleepy
{’ \1
(* » -
;. » g
AN -
Angry Afraid Happy

Figure 2: FER2013 Dataset overview.
Source: Authors, (2026).

111.2 DATA PREPROCESSING

Prior to training, several preprocessing steps are conducted to enhance the quality and uniformity of the input data. Firstly, facial
regions are automatically detected and cropped from the original images, standardizing the inputs for both recognition and classification
models.
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All images are resized to a fixed size suitable for the model architectures used, and pixel values are normalized—either scaled to
a range or standardized—depending on model requirements. Augmentation operations further increase variation within the training data,
helping models generalize better to real-world scenarios, such as varying lighting or occlusions often present in school environments.
Gambar preprocess

111.3 MODEL ARCHITECTURE AND TRAINING

We implemented the system using Keras with TensorFlow as the backend for model development and training, leveraging OpenCV
for image acquisition, face detection, and preprocessing operations, and NumPy/Pandas for data handling and pipeline utilities.
Implementation of face recognition is carried out using a one-shot learning approach, such as FaceNet [50], which employs a triplet loss
mechanism to generate robust facial embeddings from limited examples. These embedding vectors form the basis for real-time
identification of students during attendance. For emotion recognition, the study compares two deep-learning architectures: MobileNet-v2
[51], known for its efficiency and suitability for edge devices, and YOLOV8 [52], recognized for its real-time object detection
performance.

FaceNet Triplet Loss Function

Ltriplet(ar b, Tl) = maX(O, D(ar p) - D(ar Tl) + (Z) ey

Equation 1 represents the triplet loss function used in FaceNet for one-shot learning in face recognition. The function
learns to minimize the distance between an anchor face and a positive example (same person) while maximizing the distance
to a negative example (different person). In this formulation, L_triplet represents the triplet loss value, while a denotes the
anchor image serving as the reference face, p indicates the positive image containing the same person as the anchor, and n
represents the negative image showing a different person from the anchor. The distance functions D(a,p) and D(a,n)
calculate the distances between anchor-positive and anchor-negative embeddings respectively, while a serves as the margin
parameter that enforces separation between positive and negative pairs. The function ensures that the distance between
anchor-positive pairs is smaller than anchor-negative pairs by at least the margin a, enabling robust face recognition with
minimal training examples per identity.

MobileNet-v2 Inverted Residual Block

Y = ReLU6(W, * (W, * X)) )

Equation 2 describes the inverted residual block architecture in MobileNet-v2, which forms the core building block for efficient
emotion recognition. This lightweight design enables real-time processing on mobile and edge devices. The variables in this equation
represent different components of the inverted residual structure: Y represents the output feature map, while X denotes the input feature
map. W1 corresponds to the first 1 x 1 convolution weights in the expansion layer, and W? represents the second 1 x 1 convolution
weights in the projection layer. ReLU6 functions as the Rectified Linear Unit activation function capped at 6. The inverted residual
structure first expands the feature channels, applies depthwise convolution, then projects back to lower dimensions, significantly reducing
computational complexity while maintaining emotion classification accuracy.

YOLOvV8 Multi-Component Loss Function
L= Lpox + Lobj + L 3

Equation 3 represents the total loss function for YOLOvV8 used in emotion detection, combining three essential components to
optimize both object detection and classification performance. The components of this loss function serve distinct purposes in the training
process: Ly,tq; represents the combined total loss for model optimization, Ly,, corresponds to the bounding box regression loss that
ensures localization accuracy, L,y denotes the objectness loss that determines confidence that an object exists, and L, represents the
classification loss responsible for emotion category prediction. Each component serves a specific purpose where Ly, ensures accurate
facial region localization, L,,; determines the presence of faces in the image, and L, correctly identifies the emotional state. This multi-
task approach enables YOLOVS8 to simultaneously detect faces and classify emotions in real-time educational environments, achieving
superior performance compared to traditional single-task approaches.

1.4 MULTI-TASK SYSTEM INTEGRATION

The developed system integrates face recognition and emotion detection within a unified attendance workflow. During each
attendance event, the system verifies the identity of the student and simultaneously classifies their observed emotion, recording both
pieces of information. This multi-task integration relies on efficient sequential processing and the use of lightweight, highly optimized
model architectures to ensure that operation remains responsive and does not interfere with teaching activities. Strategies such as model
quantization and deployment on edge devices are considered to further minimize inference time.

111.5 EVALUATION AND VALIDATION

All experiments were conducted in an offline simulation setting rather than a live school deployment; the models were trained
and evaluated on datasets. Comprehensive evaluation is conducted to measure both the accuracy and practicality of the system in real-
world settings.
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Performance is assessed using standard classification metrics on the test set to determine the reliability of both the face
recognition and emotion detection components. The evaluation framework incorporates four fundamental metrics that provide
comprehensive insight into model performance across different aspects of classification effectiveness (see Equation 4-7) [53].

Accuracy Evaluation Function

. ~ TP + TN
CeuraCY = b Y TN + FP + FN

€Y

Precision Evaluation Function

Precision = TP (5)
recision = 75—

Recall Evaluation Function

Recall = e (6)
A = TP Y FN

F1-Score Evaluation Function

F1.S _ox Precision X Recall )
m>eore = Precision + Recall

The accuracy equation measures the overall classification performance by calculating the proportion of correctly predicted
instances across all emotion categories, where TP represents true positive predictions, TN denotes true negative predictions, FP indicates
false positive predictions, and FN represents false negative predictions, making it essential for assessing system reliability in classroom
environments. The precision metric evaluates the reliability of positive predictions by measuring the proportion of correctly identified
positive instances among all predicted positive cases, which is crucial for minimizing false alarms that could trigger unnecessary
interventions in educational settings. The recall metric measures the system's ability to capture all actual positive instances, ensuring that
important emotional indicators requiring immediate attention are not missed, which is critical for early intervention in student mental
health monitoring. The F1-score provides a balanced evaluation by calculating the harmonic mean of precision and recall, creating a
single metric that balances the trade-off between avoiding false predictions and detecting all relevant emotional states, making it
particularly valuable for practical deployment in educational environments where both reliability and sensitivity are paramount.

IV. RESULTS AND DISCUSSIONS

This section discusses the outcomes of integrating one-shot face recognition and deep learning-based emotion detection within an
elementary school attendance system. The evaluation encompasses both technical performance and real-world applicability in the
educational context.

IV.1 FACE RECOGNITION PERFORMANCE

The face recognition component, powered by FaceNet and one-shot learning, allowed for the accurate identification of students
using only a single reference image per individual. Throughout the implementation, the system demonstrated high reliability even under
varying classroom lighting and student pose changes. This finding supports the practical deployment of face recognition as a foundation
for automated attendance in schools, enabling efficient and contactless identity verification.

THi Alexander

Input image path for a single attendance checkup - enter(1)

Start webcam for live attendance checkup - enter(2)
Go back to main Menu - enter(b)
Exit the program - enter(e)
Action:

Figure 3: Sample inference image from FaceNet.
Source: Authors, (2026).
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Figure 4: Training model process.
Source: Authors, (2026).

IV.2 EMOTION DETECTION ANALYSIS

To assess emotion detection capabilities, both MobileNet-v2 and YOLOV8 models were systematically trained and evaluated on
the balanced, augmented FER-2013 dataset. The comparative analysis was conducted using standardized evaluation protocols to ensure
fair assessment across both architectures. The quantitative results, presented in Table 2, demonstrate substantial performance
improvements achieved by YOLOvV8 compared to MobileNet-v2 across all evaluation metrics.

Table 2: Model Comparison.
Accuracy | Recall | Precision | F1-score
MobileNetv-2 0.53 0.55 0.53 0.52
YOLOvV8 0.65 0.65 0.66 0.65
Source: Authors, (2026).

YOLOV8's superior performance across all evaluation metrics—achieving 65% accuracy compared to MobileNet-v2's 53%—
demonstrates its enhanced capability for real-time emotion recognition in dynamic classroom environments. The 12% improvement in
accuracy translates to significantly more reliable emotion detection, which is crucial for educational applications where false
classifications could impact student assessment and intervention decisions. Furthermore, YOLOV8's balanced precision and recall scores
(66% and 65% respectively) indicate consistent performance across different emotion categories, suggesting reduced bias toward specific
emotional states that commonly affect classroom-based recognition systems. Notably, our YOLOV8 accuracy exceeds the 60.57%
achieved by a pediatric facial expression classifier trained on children’s faces from the CAFE dataset [19], as well as the 60% overall
accuracy reported by a standard CNN on FER-2013 [54], underscoring YOLOvS’s real-time effectiveness and suitability for monitoring
emotional states in elementary school populations. The architectural advantages of YOLOV8 contribute significantly to its operational
superiority in educational settings. Its anchor-free detection mechanism eliminates the need for predefined anchor boxes, enabling more
flexible and accurate localization of facial regions under varying classroom conditions, including different seating arrangements, lighting
variations, and student movements. Additionally, the optimized inference pipeline of YOLOvVS8 processes images with minimal
computational overhead, making it particularly suitable for deployment on standard classroom hardware where computational resources
may be limited. This fast inference capability ensures that the emotion recognition process does not interfere with normal classroom
activities while maintaining the responsiveness required for real-time monitoring applications. To provide comprehensive insight into
model performance characteristics, the confusion matrix for YOLOV8 (Figure 5) illustrates the classification accuracy distribution across
the seven emotion categories: happy, sad, angry, surprised, scared, neutral, and sleepy. This matrix reveals both the strengths and
limitations of the model, showcasing true positive rates for each emotional state while highlighting potential areas for improvement
through analysis of false positive patterns. The diagonal elements represent correct classifications, while off-diagonal elements indicate
misclassification patterns that can inform future model refinements and training data augmentation strategies.
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Figure 5: Confusion matrix for YOLOVS.
Source: Authors, (2026).

The visual inference results (Figure 6) demonstrate practical detection outcomes across diverse classroom scenarios, illustrating
the model's capability to accurately identify emotional states under real-world conditions. These examples showcase successful emotion
detection across different lighting conditions, facial orientations, and partial occlusions commonly encountered in educational
environments. Each inference output includes confidence scores and bounding box accuracy, providing transparent insight into the
model's decision-making process and enabling educators to assess the reliability of emotion predictions for individual students during
classroom monitoring activities.

Figure 6: Example inference outputs for YOLOVS.
Source: Authors, (2026).

IV.3 DISCUSSION

These results show that not only does the system streamline and automate attendance, but it also introduces a daily, scalable way
for teachers and counselors to monitor student emotions. Such an approach offers potential as an early-warning mechanism for students
who might be experiencing emotional distress—supporting interventions before academic or behavioral declines manifest. Recent
international studies reinforce the value of integrated multi-task frameworks for educational wellbeing: [55] proposed a multi-task
learning model for classroom expression classification that jointly predicts multiple affective states, achieving an 8% improvement in
overall recognition accuracy compared to single-task baselines. Likewise, the MT-RCAF framework demonstrated simultaneous EEG-
based emotion and mood-disorder detection with average accuracy gains of 3.2% for emotion recognition and 3.9% for mood-disorder
classification, illustrating the efficacy of residual cross-attention in shared representations for student wellbeing applications [56].
However, several challenges and limitations must be acknowledged. The emotion recognition models, while robust, can be affected by
subtle expressions, occlusions, or cultural differences in emotional display. Data augmentation helps address these, but further
improvements could come from expanding the dataset with more diverse classroom images or employing ensemble/hybrid modeling.
Additionally, incorporating multimodal inputs—such as audio cues and contextual metadata—through advanced multi-task architectures
may enhance resilience against visual ambiguities and better capture the complex dynamics of real-world educational environments.

V. CONCLUSIONS

This research demonstrates that integrating face recognition based on one-shot learning with deep learning—based emotion
detection can enhance both attendance automation and the monitoring of students’ emotional states in elementary schools. The primary
novelty of this work lies in unifying two critical functions—automated attendance and real-time emotion monitoring—into a single,
lightweight system, a combination that has been scarcely implemented and evaluated in elementary education settings.

Page 1351



ITEGAM-JETIA, Manaus, v.12 n.60, p. 1343-1354, July/August, 2026.

Empirically, the superior performance of YOLOV8 over MobileNet-v2 underscores its practical viability for real-time emotion
recognition where both accuracy and speed are required. Beyond streamlining administrative tasks, the system provides actionable
insights for early identification and intervention related to students’ emotional well-being, aligning with the growing need for mental
health support in education. All findings reported here derive from offline simulations (no in-situ school deployment). For future work,
we plan to expand and diversify the training data, optimize model parameters, and conduct comprehensive, in-situ evaluations across
diverse school contexts to maximize robustness, improve generalizability, and ensure sustained, ethical impact.
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