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Abstract

Accurate and efficient attendance management remains challenging in classroom environments because face-based systems
are sensitive to illumination, pose variation, occlusion, and simultaneous student entry. This study proposes a YOLOv8n-based
attendance management framework that integrates entropy-guided frame selection, automated face annotation, classroom-
oriented augmentation, closed-set student identification, and temporal attendance validation. The dataset comprised 1,800
frames from six enrolled students and was expanded to 12,600 training images through augmentation applied exclusively to
the training partition. The model achieved a precision of 0.620, recall of 0.692, mAP@0.5 of 0.566, and mAP@0.5:0.95 of
0.497 on the held-out test set. Model-only inference required 1.344 ms per image under the specified computational
configuration, whereas the complete attendance pipeline, including frame acquisition, preprocessing, detection, rendering,
and attendance logging, required an average of 0.122 s per frame, corresponding to approximately 8.2 FPS. Temporal
confirmation and check-in/check-out rules prevented short-lived or repeated detections from generating duplicate attendance
records. These findings demonstrate the feasibility of the framework as a proof of concept for controlled, closed-set classroom
attendance involving a limited cohort. Further evaluation with more participants, independent recording sessions, and cross-
environment data is required before broader deployment can be claimed.
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1. Introduction the use of manual records increasingly becomes

The digital information of academic administration has inadequate [1], [2]

various automated

increased the demand for an attendance management
system (AMS) that is accurate, efficient and scalable.
Attendance management plays a key role in supporting
the operational effectiveness of educational institutions,
workplaces, and other organizations. Tracking the
presence of individuals is imperative and is typically
managed through roll calls, paper sheets, and ID card
swipes. While these traditional methods are relatively
simple, they are time-consuming, prone to errors, and
vulnerable to proxy attendance, data inconsistency, and
administrative inefficiency. As the educational
institutions continue to operate at larger scales, the
attendance process demands greater efficiency where

To overcome these challenges,
AMS approaches have been introduced, including
Radio Frequency Identification (RFID) cards [3], [4],
fingerprint biometrics [5], [6], QR code scanning [7],
[8], and mobile-based check-ins [9]. The methods have
been summarized in Table 1. These approaches
improve automation to some extent; however, they still
depend on user participation, device availability, or
physical interaction during the attendance process.
Nevertheless, these systems also entail some
limitations. RFID and fingerprinting systems demand
physical interaction that can lead to longer waiting
queues and hygiene concerns. The QR codes and
mobile-based systems require users to have functioning
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devices and can also be vulnerable to security breaches
and malfunctions. In addition, these methods can
introduce various levels of intervention that can lead to
potential bottlenecks during peak times [3], [8-11].
Therefore, a contactless and automated attendance
mechanism that can operate passively in real classroom
settings remains highly desirable.

Table 1. Existing Approaches Adopted in Attendance Management

Approach Technique Performance Gaps Identified
RFID Card Reliable under ~ Physical
Cards scanning supervision dependency,
prone to misuse
Fingerprint ~ Biometric High accuracy ~ Requires
Biometrics  fingerprint ~ under ideal contact, hygiene
sensors conditions issues
QR Code Printed or Fast and low- Vulnerable to
Scanning device- cost duplication,
displayed needs device
QR codes
Face Separate High Slow, two-step
Detection detection recognition complexity
(2-Stage) and rate
recognition
YOLO- Object Fast real-time Needs separate
based Face  detection detection recognition
Detection approach module

Face detection and recognition-based systems have
emerged as promising solutions that offer contactless
alternatives and overcome the shortcomings associated
with the presented methods [12], [13]. These methods
leverage unique facial features to identify individuals
from camera streams without requiring physical
interaction. This eliminates the need for physical touch
or interaction with the devices. The process
incorporates face detection from the video streams and
matching routines from a pre-established database for
the confirmation of identity and attendance marking
[14]. As a result, face-based attendance systems are
attractive for classroom environments because they
enable simultaneous monitoring of multiple students in
a non-intrusive manner.

Several methods have been used in the past for facial
recognition and the associated attendance management
systems. Some of the early systems made use of Haar
cascades or Local Binary Pattern Histograms (LBPH)
for face detection and recognition [15-17]. These
systems offered lightweight solutions with acceptable
performance under controlled conditions. In recent
times, deep learning methods have emerged that
significantly improve the robustness and accuracy of
face detection. The models involving Convolutional
Neural Networks (CNNs), MobileNet, and ResNet have
been widely applied [18], [19]. Object detection models
such as YOLO (You Only Look Once) and Single Shot
MultiBox Detector (SSD) [20] have further improved
face detection by formulating facial localization as a
real-time object detection problem. However, despite
the involvement of these advanced systems, some
challenges still exist. Many systems make use of a two-
stage pipeline in which face detection and identity
recognition are handled separately. Such a separate
approach leads to increased latency, increased
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computational complexity, and negatively impacts real-
time performance. In addition, many systems struggle
to capture the variations in the pose, lighting, partial
occlusion, and crowded environments. More
importantly, prior attendance studies often emphasize
detection or recognition accuracy only, while giving
limited attention to attendance log integrity, such as
duplicate records, repeated appearances of the same
student, and the reliability of the decision logic in
continuous video streams.

To address these limitations, this study proposes a
YOLOvVS-based real-time multi-face attendance
framework that integrates face detection, student
identification, and attendance validation within a single
workflow. Unlike conventional systems that rely on
contact-based interaction or separate detection and
recognition stages, YOLOvVS is adapted as a unified
detection-classification model that directly assigns
detected faces to predefined student classes, improving
real-time efficiency. The novelty lies in this integration
strategy rather than a new detector architecture.
Operational  robustness is  supported through
informative frame filtering, dataset balancing, class-
wise augmentation, and temporal attendance
verification to handle pose, illumination, occlusion,
repeated appearances, and duplicate records. The main
contributions are: a unified framework for simultaneous
face detection and student identification, a classroom-
oriented data processing and augmentation strategy,
check-in/check-out logic that suppresses redundant
attendance entries and experimental validation in
realistic  multi-participant ~ classroom  scenarios
demonstrating the feasibility of real-time automated
attendance management.

Recent studies on automated attendance management
systems (AMS) indicate a transition from conventional
attendance technologies toward vision-based and deep
learning-driven solutions. However, the literature is not
only diverse in terms of algorithms, but also fragmented
in terms of robustness, computational efficiency, and
practical deployment. Therefore, a meaningful review
should not merely list prior studies, but critically
compare the technical trade-offs of the dominant
approaches. A first stream of studies relies on classical
computer vision pipelines, particularly combinations of
Haar cascade, LBPH, Eigenfaces, Fisherfaces, and
Viola-Jones [15-18], [21],

These methods remain attractive because they are
relatively lightweight, easy to implement, and
computationally affordable for small-scale attendance
systems. However, their reported performance is highly
dependent on controlled conditions. Across multiple
studies, the same limitations recur: reduced robustness
under non-frontal head poses, poor illumination,
background clutter, facial expression changes, and
partial occlusion. This suggests that the core weakness
of classical pipelines is not simply lower accuracy, but
limited generalization when classroom conditions
become visually complex and dynamic.
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A second stream adopts deep learning-based
recognition or detection models to overcome the
representational limitations of handcrafted features.
CNN-based approaches and pre-trained deep learning
detectors generally report better recognition capability
than classical methods, especially under moderate
visual variation [19], [20], [22]. Nevertheless, this
improvement is often accompanied by higher
computational cost, increased inference latency, or
degraded performance when multiple faces must be
processed simultaneously in real time. This issue
becomes more critical in classroom scenarios, where
the number of subjects per frame is larger, and face
scale varies substantially. In parallel, deployment-
oriented studies using [oT or web frameworks [23], [24]
improve system modularity and institutional usability,
but they do not fundamentally eliminate the visual and
computational limitations of the underlying face-
analysis modules. For example, IoT-based systems
remain dependent on network stability, while web-
based deployments still suffer when the recognition
backbone is not robust to low-light or unconstrained
classroom conditions.

A third stream focuses on portable or alternative
recognition pipelines, including mobile
implementations, SVM-HOG combinations, and multi-
step preprocessing-based systems[21], [25], [26]. These
approaches demonstrate that attendance automation can
be adapted to different platforms and operational
contexts. However, portability and deployment
flexibility often come at the expense of lower accuracy,
weaker robustness to profile faces or distance variation,
and greater sensitivity to noisy backgrounds.
Importantly, many of these systems still follow a
sequential detect-then-recognize structure, which
creates additional processing overhead and makes end-
to-end real-time performance harder to sustain in
crowded scenes.

Table 2 summarizes representative studies discussed in
this review and highlights an important pattern: despite
differences in algorithms and platforms, most existing
systems still exhibit a trade-off between robustness,
speed, and deployment practicality. Taken together, the
literature reveals three key gaps: many attendance
systems still separate face detection and identity
recognition, increasing latency and error propagation;
evaluations are often conducted under limited
conditions rather than realistic classrooms with
variations in pose, illumination, distance, occlusion,
and multiple students; and most studies emphasize
detection or recognition accuracy while overlooking
attendance-record  integrity, including repeated
appearances, duplicate entries, and check-in/check-out
validation. To address these limitations, this study
proposes an integrated YOLOv8-based framework for
real-time multi-face classroom attendance. Its
contribution lies not in a new detector architecture, but
in combining multi-face  detection,  student
identification, and attendance validation within a single
low-latency workflow designed to improve robustness

and generate

records.
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reliable,

non-redundant

attendance

Table 2. Comparative Summary of Representative Face-Based

Attendance Management Systems

Method Performance .
Author Adopted Outcomes Identified Gaps
R. K. Shukla ~ CNN-based Good Struggles with
et al. 2024 face detection  accuracy in varying
and normal lighting and
recognition conditions occlusions
Chittibomma, Haar Cascade  Real-time Sensitive to
Surapaneni, + LBPH face attendance background
and recognition marking clutter and
Maruboina non-frontal
2024 faces
D. Shukla, OpenCV + Moderate Impacted by
Kumari, and Haar Cascade  performance lighting and
Bhargavi +LBPH in ideal facial
2024 conditions expressions
Antipona et Hybrid of Improved Still limited
al. 2024 Haar Cascade, recognition under partial
Eigenfaces, compared to occlusion and
and single angled faces
Fisherfaces methods
Pillai and Deep learning  Effective Requires high
Chellappan with OpenCV  face computational
2025 and Dlib detection and  resources,
recognition struggles with
multiple faces
Bavaskar IoT-integrated  Real-time Vulnerable to
2024 face recording internet
recognition and disruptions
integration
Vasanthi, Django-based  Practical Lower
Vishali, and web system modular performance in
Zaiba with face deployment low-light
Thabassum recognition environments
2025 modules
Alaftekin, Pre-trained High Latency issues
Pacal, and deep learning  detection rate  in large
Cicek 2024 face detectors  in real-time classrooms
+ CNN
recognizers
Rao et al. Haar Cascade  Simplicity Limited
2024 + LBPH and easy robustness
recognition deployment against pose
and lighting
variations
Amri 2025 Mobile Portability Reduced
network- and accuracy
based face flexibility compared to
recognition server-based
systems
Daly, SVM on Good frontal ~ Poor
Khemakhem, HOG features  face performance
and Ltifi recognition on profile
2024 faces
Elkari et al. Haar cascade Works well Poor detection
2024 for multi-face  for close in crowded
detection + faces and far-off
LBPH for conditions
recognition
Ramalingam  Histogram Automatic Challenges in
and Jamal Normalization — attendance noisy/complex
2024 + Viola-Jones  from video backgrounds
detection + feeds
Eigenfaces
2. Methods

This study proposes a proof-of-concept automated
attendance pipeline for real-time multi-face detection
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and student identification within a controlled classroom
cohort. Videos and images are processed using entropy-
guided frame selection, followed by Haar cascade-
based face annotation and conversion to YOLO-
compatible labels. Classroom-oriented augmentation,
including zoom-out, brightness adjustment, and
perspective transformation, is then applied to improve
intra-class robustness. The enriched dataset is used to
train a YOLOV8 model for multi-person identification,
while real-time inference records enrolled students with
timestamps. The overall pipeline evaluates the
feasibility of integrated detection, identification, and
attendance logging under classroom-like surveillance
conditions.

The proposed attendance management system follows a
structured and fully automated pipeline, as illustrated in
Figure 1. The process is designed to simulate realistic
classroom conditions and ensure robust identification
through several interconnected stages. These stages
include entropy-guided frame extraction, automated
annotation, and a specialized attendance recording logic
to handle dynamic student behavior. To improve
reproducibility, each methodological stage is described
together with its variables, parameter settings, and
implementation role in the overall pipeline.

AUTOMATED

(Y MODEL TRAINING AND
ANNOTATION

¢ DATA ACQUISITION & EERENGE

Video Recording

Face Detection
Haar Cascades

Raw Data
Collection Real-time

YOLO Labeling Detection

D
@ ENHANCEMENT

Transformation

Final Training Set

Temporal
Sampling

Temporal
Smoothing

Entropy
Calculation Check-In Out

Recording

Ia
Im

Threshold
Filtering

Next Fram

Frame Fails

Discard Frame

Frame Passes

Figure 1. Research Flowchart
2.1 Dataset Description

The dataset used in this study was collected in a
controlled classroom environment designed to emulate
routine attendance scenarios at the entrance area. The
data consist of high-resolution videos and still images
acquired from a fixed surveillance camera. The camera
was mounted at eye level and facing the entrance of the
classroom. Each of the video sequences involves a
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single or multiple individuals walking into the frame
from varying distances that range between 2 to 6 meters.
The subjects have exhibited natural variations in terms
of gait, speed, and posture, with a deliberate inclusion
of both the frontal and oblique orientations relative to
the camera. This aims to simulate real-life behaviors
and unpredictability.

The videos have been recorded in Full HD (1920x1080
pixels) at 30 frames per second. This enables the system
to capture the fine-grained temporal and spatial
variations in the subject motion. The individuals start
approaching the camera from various angles ranging
between 0° (directly facing the camera) to
approximately #45°. Occasionally, the individual’s
glance sideways, downward, or away from the lens. The
walking styles vary in terms of stride length, head pose,
and pace (slow, normal, brisk). The inter-subject
distances within the multi-person frames range from 0.5
meters to 1.5 meters, thereby creating the overlap
scenarios and occlusion effects that can add complexity
to the detection and identification. Still images were
sampled from the video sequences and annotated with
diverse poses, lighting variations and mild occlusion
patterns.

These variations were intentionally introduced to
increase intra-subject appearance diversity; however,
they should not be interpreted as a substitute for broader
subject diversity. The raw dataset consisted of 1,800
extracted frames collected from classroom recordings
of six enrolled subjects. Through classroom-oriented
augmentation, the number of training images increased
to 12,600. It should be noted that augmentation
increased appearance variability but did not increase the
number of unique identities. The summary of the
dataset is presented in Table 3.

Table 3. Dataset Characteristics

Attribute Description
Video Resolution 1920 x 1080 (Full HD)
Frame Rate 30 FPS
Raw Image/frame count 1,800
Augmented Image/frame 12,600+
count
Number of Endrolled 6 distinct individuals
Subjects

Camera Placement Eye-level, frontal view (indoor fixed
setup)

Subject Distance Range 2 — 6 meters from camera

Facing Angles 0° to +45° (frontal to oblique)

Walking Styles Slow, Normal, Brisk (natural gait
variation)

Inter-Subject Distance 0.5 — 1.5 meters (for multi-person
scenes)

Lighting Conditions Indoor ambient lighting with minor
variability

Zoom, Brightness, and Perspective
shifts

Haar-based automated YOLO labeling
Closed-set identification for
classroom attendance

Limited to controlled indoor
classroom conditions

Image Augmentation

Annotation Method
Study Scope

Claimed Generalization

A key methodological consideration is that the dataset
contains only six distinct individuals. Therefore, the

1384



Sulistyo et al

present task should be interpreted as a closed-set
identification problem involving a limited classroom
cohort. Although augmentation increased the number of
training samples, it did not increase the number of
unique identities. Accordingly, this study does not
claim broad demographic generalization; rather, it
evaluates whether a YOLOvVS8-based pipeline can
operate reliably for real-time attendance within a small,
predefined group under controlled indoor conditions.
This limitation is explicitly acknowledged because
subject diversity remains an important factor for
deployment to larger populations.

2.2 Automated Frame Extraction

To reduce manual sampling effort while preserving
informative training content, an automated frame
extraction procedure was applied to each recorded
video. Instead of retaining all frames uniformly, the
method selects candidate frames based on temporal
stride and image entropy so that redundant or low-
information frames are removed before annotation. This
helps retain frames containing useful visual cues such
as facial orientation, movement phase, occlusion
presence and mild occlusion. Each of the videos has
been sampled at a fixed temporal stride, denoted as Af .
Extra checks have been incorporated to guarantee that
no two frames are near duplicates in structure or spatial
entropy. Let V = {v.}/_; denote a video sequence
consisting of T total frames. The subset of extracted
frames, F = {f;},, is derived according to Equation 1.

where i -Af <T, i€N (1

We additionally compute the Shannon entropy H(f) of
each each frame f; to estimate its information content.

H(f) = = Xxex P (x)logP(x) 2

In Equation 2, denotes the pixel intensity distribution
of the frame, and is the probability of observing
intensity level. The frames with entropy values that are
below a predefined threshold were discarded to avoid
blurred, overly dark or visually uninformative samples.
The entropy treshold was determined empirically
through exploratory inspection of the training videos
and then fixed for all experiments. The exact value used
in this study was Similarly, the temporal stride was set
to frames o balance sample diversity and redundancy
reduction. At a frame rate of 30 FPS, this corresponds
to sampling one frame every 0.33 seconds.

fi= Vi.af»

To reduce near-duplicate sampling, redundancy was
controlled through the joint use of stride-based
sampling and entropy filtering, with consecutive
candidate frames exhibiting very limited structural
change treated as redundant and discarded. These
parameter settings were fixed across all experiments to
ensure reproducibility, forming the core of the
automated extraction procedure. The algorithm
processes a video sequence using a specified sampling
stride and an entropy threshold, beginning by
initializing an empty set to store the selected frames. As
it systematically scans through the video advancing by
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the given stride, each sampled frame is first converted
to grayscale to compute its intensity histogram and
corresponding Shannon entropy. This entropy value
acts as a measure of spatial detail; a frame is retained
and appended to the extracted set only if its entropy
meets or exceeds the predetermined threshold, while
low-information frames are entirely skipped. Once the
entire video sequence has been processed through this
evaluation loop, the algorithm concludes by outputting
the final collection of highly informative frames, which
is then forwarded to the annotation stage.

2.3. Face Detection and Annotation

After frame extraction, each selected frame was
processed using Haar cascade face detectors to
automatically localize facial regions before YOLO
annotation generation. This step was used to reduce
manual labeling effort in the initial dataset preparation
stage. Let I(x,y) be the input image of size H X W. A
Haar cascade classifier C is applied to detect bounding
boxes B ={by,b,,...,b,}, where each b;=
(xi, vi, wy, hy) represents the top-left coordinate (x;, y;)
and the width-height dimensions (w;, h;) of the i-th
face. To convert bounding boxes into YOLO format, we
normalize each box using Equation 3.

x© = xi+Wi/2‘ wm =
w

Wi o opm) M

w’ H

(¢) — Yithi/2
Yy "

A3)
Each resulting annotation is expressed in Equation 4.
label; = [¢c, x©, y©, w®, p®] 4)

¢ denotes the class index corresponding to the detected
individual (student ID in our case). In this study, each
class corresponds to one enrolled student in the closed-
set attendance cohort.

The complete face detection and YOLO annotation
generation routine systematically processes a set of
images using a Haar cascade classifier and a predefined
class index to produce formatted annotation files. For
every image in the dataset, the procedure first converts
the image to grayscale and applies the cascade classifier
to detect faces, yielding a set of bounding boxes. For
each detected bounding box, the algorithm calculates
the normalized center coordinates along with the
normalized width and height required by the YOLO
framework. These computed values are combined with
the class index to form a standard YOLO annotation
string, which is then saved to a corresponding text file
for that specific image. After all images have been
processed and their annotations generated, the
algorithm outputs the final collection of annotation
files. Face localization was performed using the
OpenCV haarcascade frontalface default.xml Haar
cascade classifier. The detectMultiScale () function was
configured with a scale factor of 1.1, a minimum-
neighbor threshold of 5, and a minimum face size of 30
x 30 pixels. The scale factor controlled the reduction of
the image pyramid between successive detection stages,
whereas the minimum-neighbor threshold was used to
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suppress weak or isolated detections. Bounding boxes
smaller than the specified minimum size were discarded
to reduce detections caused by background patterns and
low-resolution facial regions. The same configuration
was applied to all images to maintain consistency
during automated annotation. Each automatically
generated bounding box was subsequently inspected
manually. Inaccurate or incomplete bounding boxes
were corrected, while false-positive detections and
bounding boxes that did not contain identifiable facial
regions were removed before conversion into the
YOLO annotation format. This verification step
ensured that the automatically generated annotations
provided sufficiently reliable class and localization
labels for model training.

2.4 Realistic Data Augmentation Pipeline Tailored to
Classroom Surveillance

To increase appearance variability within the limited
subject pool, a multi-step augmentation pipeline was
applied to the extracted images. This contrasts with the
traditional augmentation approaches that involve
geometric and color transformation. The proposed
model simulated the actual environmental and camera-
induced variability observed in the indoor classroom
monitoring. This involves variations in the camera
angles, subject distance, lighting conditions, and
framing. It is important to note that augmentation was
used to improve intra-class robustness to pose, scale,
and illumination changes, but it does not replace the
need for broader inter-subject diversity. Therefore,
augmentation in this study should be interpreted as a
robustness-enhancement strategy rather than as
evidence of population-level generalization.

Let the original image be represented as a matrix [ €
RA*WX3 ~ The augmentation process sequentially
applies the following transformations: Zoom-Out
Transformation: Simulates subjects farther from the
camera by scaling the image down by a random factor
Z € [Zmin, Zmax] and embedding it in a black canvas of
size H X W as shown in Equation 5.

I,(x,y) = Embed(Resize(l, zH, zW), H,W) %)

Brightness Adjustment: Simulates lighting variability
by enhancing or reducing brightness using a factor § €
[Bmin Bmax] as shown in Equation 6.

Ib(xvy) = mln(ﬂ : Iz(x! y)!255) (6)

Perspective Transformation: Introduces camera tilt or
student head orientation effects by mapping corners of
the image through a homography matrix H as shown in
Equation 7.

I, = Warp(l,,H), H e R>*3 @)
Equation 8 shows the combined transformation as:
I'= 7]‘:Jersp (r]—{aright (f];oom (1))) (8)

T denotes the respective transformation function
applied to the image.
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The full classroom-oriented data augmentation pipeline
systematically processes an input image set using
predefined parameters for zoom, brightness, and
maximum perspective shifts to generate an augmented
collection of images. For every image in the original
dataset, the routine first samples a random zoom factor
from a specified range to resize and embed the image,
followed by sampling a brightness factor to adjust its
illumination. To simulate viewpoint changes, random
corner shifts are then generated within the maximum
allowed limit to construct a homography matrix, which
is subsequently used to warp the image. After these
transformations, the newly augmented image is
appended to the final output set. This augmentation
routine introduces realistic variability that is essential
for the training of deep models. This holds on small-
scale datasets while preserving spatial and semantic
integrity. It further ensures an improved generalization
under different lighting conditions, camera placements,
and student movements typically observed in
educational environments.

2.5 YOLO Label Conversion

The automatically detected face bounding boxes were
converted into the YOLO annotation format required
for one-stage training. To enable this a fully automated
YOLO labeling pipeline has been established that
converts the outputs from the face detection (using Haar
cascades) into a YOLO-compatible annotation file.
Each image I € R#*W*3 ig associated with one or more
bounding boxes B = {by,b,,...,b,}, where b; =
(x;,yi,w;, h;) are the top-left coordinates and
dimensions of each detected face. These are converted
to YOLO format using normalized center-based
coordinates as shown in Equations 9 and 10:

X(C) — xi+wi/2, y(c) — J’i+hi/2’ W(n) —
w h H

Wi m =M

e =2 ©)

Each label is then stored as a text file in the format
shown in Equation 10

w®

<class-id> x© y©

(10)

This format is lightweight, resolution-invariant, and
highly optimized for YOLO’s one-stage detection
mechanism, allowing direct loading during training and
inference.

2.6 Real-Time Inference and Attendance Logging

Once the model is trained on the labeled dataset, the
YOLOVS model performs detection by dividing the
image into a grid and predicting bounding boxes and
class probabilities for each grid cell. After training, the
YOLOv8 model was used to perform real-time
inference on classroom video frames. For each Input
frame I, the models output a set of detections D =
{(C]-, sj, bj)}?”:l, where: ¢; is the predicted class ID, s; €
[0,1] is the confidence score for detection j, b; =
@ ,m

(xj(C)’ Yi W

; ,h}”)) is the predicted bounding box in
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YOLO format. A confidence threshold 6 is applied to
filter detections as shown in Equation 11.

D' ={(c;,bj) | s; = 6} (11)

These bounding boxes are then rendered on the original
frames with identity labels, and timestamps are logged
using the frame index f and video frame rate r as shown
in Equation 12.

_f
tp=1

r

(12)

The resulting detections across video frames are
exported to Excel for attendance tracking purposes,
linking student identities with their respective entry
times into the classroom scene. This inference stage
operationalizes the full attendance pipeline by
transforming frame-level detections into structured
attendance events with minimal manual intervention.

2.7 Study Scope and Generalization Considerations

Because the dataset contains only six enrolled
individuals, the present study is intentionally framed as
a controlled closed-set evaluation rather than a large-
scale open-set identity recognition benchmark. The
main methodological objective is to assess whether the
proposed YOLOvV8-based pipeline can support reliable
real-time attendance logging under realistic classroom
motion, pose, and lighting variation within a bounded
cohort.

Consequently, the results should be interpreted as
evidence of feasibility and system integration
performance, not as conclusive evidence of
generalization to larger and more diverse populations.
Broader deployment would require additional
participants, wider demographic diversity, and cross-
environment validation.

3. Results and Discussions

3.1 Training, Validation and Overall Detection

Performance

The YOLOvV8n model was trained for 50 epochs on the
attendance detection dataset. The best-performing
checkpoints was generated using the following
evaluation metrics presented in Table 4. The training
curves show a gradual decrease in box loss, class loss,
and distribution focal loss, indicating that the model
successfully learned spatial localization and class
discrimination from the prepared dataset. Precision,
recall, and mAP were also tracked across the training
process, as illustrated in Figures 2 and 3.

From an analytical perspective, the model achieved
moderate detection performance, with Precision =
0.620, Recall = 0.692, mAP@O0.5 = 0.566, and
mAP@0.5:0.95 = 0.497. The higher recall relative to
precision suggests that the model was slightly more
permissive in retaining detections, which is acceptable
for attendance monitoring because missed detections
can be more harmful than short-lived redundant
detections. However, the moderate mAP values indicate
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that localization and classification were still affected by
real-scene complexity, particularly under pose
variation, occlusion, and multi-person overlap.

It is also important to interpret these results considering
the dataset scope. Although the data include
environmental variation in movement, distance, and
viewpoint, the study cohort consists of only six enrolled
subjects. Therefore, the reported performance should be
interpreted as evidence of feasibility within a closed-set
classroom attendance scenario, rather than as a claim of
broad demographic generalization.

Table 4. Performance Metrics of the Trained YOLOv8n Model

Metric Value
Precision (P) 0.620
Recall (R) 0.692
mAP@0.5 0.566
mAP@0.5:0.95 0.497
Box Loss (Training) 0.502
Class Loss (Training) 0.671
Distribution Focal Loss (Training) 0.889
Box Loss (Validation) 0.892
Class Loss (Validation) 1.516
Distribution of Focal Loss (Validation) 1.198
Model Parameters 3.01M

GFLOPs 8.2
Inference Speed (ms) 1.344

Training Losses per Epoch

—— Box Loss
—— Class Loss
= DFL Loss

3.0 111

2.54 |

1.5

1.0 1

Epoch
Figure 2. Training loss curves across 50 epochs.

Validation Metrics per Epoch

0.7
0.6
0
Los
@
=
0.4
—— Precision
—— Recall
0.3 41
—— mAP@0.5
—— mMAP@0.5:0.95
0 10 20 30 40 50

Epoch

Figure 3. Validation precision, recall, mAP@0.5, and
mAP@0.5:0.95 across 50 epochs.

Figure 2 shows that the box, class, and distribution focal
losses decrease consistently over the training process,
with the steepest reduction occurring during the early
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epochs. Figure 3 shows that the validation metrics
improve rapidly during early training and then stabilize,
with recall remaining higher than precision and both
mAP measures reaching a relatively stable plateau.
Together, these curves indicate convergence of the
training process while also showing the moderate
generalization gap discussed below.

In addition, the validation losses remain noticeably
higher than the training losses, suggesting the presence
of a moderate generalization gap. This observation is
consistent with the limited identity diversity of the
dataset and further supports the need for cautious
interpretation of the reported metrics.

To better contextualize the reported performance, future
or revised experiments should compare the proposed
YOLOv8n-based framework with representative
baselines, such as Haar Cascade + LBPH, SSD-based
detection, YOLOv5n, or a CNN-based face recognition
pipeline. Without such comparison, the present results
can demonstrate feasibility, but they cannot yet
establish relative superiority over existing methods.

3.2 Comparative Evaluation Against Baseline Methods

To assess whether the proposed framework offers
advantages beyond the inherent capability of the YOLO
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family, comparative experiments should be conducted
against baseline methods commonly used in attendance
management and face-based detection systems. In this
study, the proposed YOLOv8n framework is intended
to be compared with at least two representative
baselines: (1) Haar Cascade + LBPH as a classical
lightweight pipeline, and (2) YOLOv5n or SSD as a
real-time object detection baseline. If available, a CNN-
based recognition pipeline may also be included as an
additional comparison.

Table 5 shows that the proposed YOLOv8n framework
achieved the best overall detection performance, with
Precision = 0.620, Recall = 0.692, and mAP@0.5 =
0.566. It clearly outperformed Haar Cascade + LBPH
(0.540,0.571, 0.421), although the classical method had
lower latency (0.098 s vs. 0.122 s). Compared with SSD
(0.587, 0.633, 0.508), YOLOv8n delivered higher
detection accuracy with lower latency (0.122 s vs. 0.146
s). It also showed modest but consistent gains over
YOLOv5n (0.603, 0.671, 0.542), while maintaining
comparable latency (0.122 s vs. 0.117 s). Overall,
YOLOvVS8n provided the most favorable trade-off
between detection accuracy, multi-face robustness, and
near real-time processing for classroom attendance
monitoring.

Table 5. Comparative Performance of the Proposed Method and Baseline Models

Avg. Latency/

Method Precision Recall mAP@0.5 Frame (s) Strength Main Limitation
Haar Cascade + 0.540 0571 0421 0.098 Lightweight, simple Sensmve }0 pose, clutter,
LBPH and illumination
SSD-based 0.587 0633 0.508 0.146 Balanced detector May underpeliform in
detector crowded multi-face scenes

Real-time detector with Slightly weaker robustness
YOLOvV5n 0.603 0.671 0.542 0.117 stable single-stage under occlusion and oblique
performance face angles
Proposed Unified detection-attendance
YOLOvSn AMS 0.620 0.692 0.566 0.122 pipeline with stronger multi-  Limited subject diversity

face robustness

3.3 Class-Wise Evaluation and Confusion Matrix
Analysis

To provide a more detailed class-level evaluation, a
confusion matrix was generated for the six enrolled
student identities in the closed-set test setting. Unlike
aggregate metrics such as precision and recall, the
confusion matrix reveals how reliably the model
distinguishes among individual students and whether
classification errors are concentrated on specific
identities under challenging visual conditions. This
analysis is particularly important in the present study
because attendance monitoring is identity-sensitive:
even when a face is successfully localized, the system
remains operationally unreliable if the detected face is
assigned to the wrong student label.

It should be noted that this class-wise evaluation
focuses on identity-level discrimination among the
enrolled students and is therefore complementary to the
overall object detection metrics reported in Table 6. The
class-wise results in Table 6 further confirm that model
performance varies across student identities. This
variation suggests that identity recognition in classroom

surveillance is influenced not only by the model
architecture, but also by the visual quality of the
captured face, including pose, distance, lighting, and
temporary occlusion.

Table 6. Class-Wise Performance Summary

Student
1D
Student_1

Recall
0.760

Precision Main Error Pattern

0.760

Occasional confusion under
partial occlusion and near-
frontal overlap
Misclassification under
side pose and minor
illumination change
Occasional errors when
face is farther from camera
or partially turned

Higher confusion under
oblique pose and partial
occlusion

Errors increase in crowded
entries and mid-distance
frames

Stable overall; occasional
confusion under motion
blur and side angle

Student_2 0.729 0.700

Student_3 0.698 0.740

Student_4 0.688 0.660

Student_5 0.692 0.720

Student_6 0.796 0.780
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Therefore, the proposed system should be interpreted as
effective for closed-set attendance monitoring under
controlled classroom conditions, while broader
generalization to larger and more diverse populations
requires additional validation.

The confusion matrix shows that most predictions are
concentrated along the main diagonal, indicating
generally reliable identity discrimination across the six
enrolled students. Nevertheless, several off-diagonal
errors remain, particularly for Student 4 and Student 5,
which suggests that class confusion increases under
oblique head pose, partial occlusion, and greater camera
distance. These findings indicate that the limitation of
the current system lies not only in face detection, but
also in maintaining identity-level discrimination under
visually constrained classroom conditions.

Confusion Matrix for Closed-Set Student Identification

Student_1
Student_2

Student_3

True Label

Student_4

Student_5

Student_6

Predicted Label

Figure 4. Confusion Matrix for Closed-Set Student Identification

Figure 4 provides an identity-level view of the model
performance across the six enrolled students. Of the 300
evaluated instances, 218 were classified correctly,
corresponding to an overall closed-set identity
classification accuracy of approximately 72.7%.
Student 6 produced the highest number of correct
classifications with 39 of 50 instances (78%), followed
by Student 1 with 38 of 50 (76%) and Student 3 with
37 of 50 (74%). Student 4 showed the lowest correct
classification count with 33 of 50 instances (66%). The
largest off-diagonal error occurred when Student 4 was
predicted as Student 5 in five instances, while most
other cross-class errors occurred between one and four
times. These results are consistent with the class-wise
metrics in Table 6 and indicate that identity confusion
becomes more pronounced under oblique pose, partial
occlusion, motion blur, and increased camera distance.

3.4 Detection Robustness Under Pose Variation,
Occlusion, and Distance

Figure 5 illustrates the robustness of YOLOvVS under
different student positions, viewing angles, crowding
levels, and distances. Detection is most reliable when
faces are upright, unobstructed, and relatively close to
the camera, as shown by Student 3 in Frame 1 and
Students 1 and 5 in Frame 2.
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Performance decreases for oblique or partially turned
faces, such as Student 4 in Frames 3 and 4, where
detection confidence and label stability decline. Similar
degradation occurs in crowded scenes, where
simultaneous entry and partial occlusion can cause
missed or temporary misclassifications. These results
indicate that performance is mainly affected by pose
variation, occlusion, and reduced facial resolution at
greater distances, which directly influence localization
confidence and class discrimination. This is consistent
with the moderate mAP reported in Table 6 and
explains why the model performs well under standard
entry conditions but remains vulnerable in visually
constrained classroom scenarios.

Figure 5. Sample frames showing student positions and varying
angles prior to classroom entry.

3.5 Multi-Person Detections and Attendance Validation

During dynamic classroom entry, the system may
observe several faces simultaneously, while the same
student may also be detected repeatedly across
consecutive frames. Figure 6 shows a representative
multi-person frame in which Student 3 and Student 1
are detected concurrently with separate bounding boxes
and identity labels. The figure demonstrates that the
model can preserve identity separation when more than
one enrolled student is present in the scene. However,
repeated frame-level detections of the same identity
across time could generate redundant attendance entries
if every detection were logged directly. Therefore, the
operational challenge is not only detecting multiple
students correctly, but also consolidating repeated
detections into a single session-level attendance event.

Figure 6. Simultaneous multi-person detection with distinct student
identity labels during classroom entry.

To address repeated frame-level detections, the
attendance subsystem did not immediately convert
every detection into a valid attendance event. Instead,
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temporal confirmation and persistence checks were
introduced so that a student was marked present only
after stable detection over consecutive frames. This
design reduces false attendance triggers caused by
short-lived detections, bounding-box jitter, or brief
misclassifications and prevents repeated detections of
the same student from producing redundant attendance
records.

3.6 Computational Performance and Real-Time
Capability

The detection times of the proposed model across
several selected frames have been recorded. This is to
evaluate the model’s real-time performance
capabilities. The recorded times for each of the frames
are summarized in Table 7. The observed end-to-end
detection time is approximately 0.122 seconds per
frame, corresponding to about 8.2 frames per second.
This indicates near real-time performance for classroom
attendance monitoring, where the objective is event
logging rather than high-frame-rate visual tracking.

However, this value should be clearly distinguished
from the 1.344 ms inference speed reported in Table 4.
The latter likely represents pure model inference under
optimized conditions, whereas the times in Table 7
appear to represent end-to-end processing latency,
including frame acquisition, preprocessing, rendering,
and logging. These two measurements should be
explicitly differentiated in the manuscript to avoid
ambiguity.

Table 7. Detection Time per Frame

Frame Number Detection Time (seconds)

0 0.12
1 0.125
2 0.122
3 0.119

Beyond face detection itself, the proposed system
includes an attendance validation routine, illustrated in
Figure 7, to convert frame-level detections into session-
level attendance events. This routine was designed to
ensure that check-in and check-out events reflect actual
classroom entry behavior rather than isolated visual
detections.

Figure 7. Face detection results under varying crowding levels and
camera angles

The routine handles the multiple appearances of the
student in front of the camera. Each student is assigned
a unique identifier based on the label detected. Two
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major events are tracked: Check-In (The first instance
of a student’s face is detected and matched with high
confidence) and Check-Out (The last instance of a
student’s face is detected before a predefined idle
timeout or video end).

To handle multiple appearances across frames, a
temporal smoothing and persistence check was
implemented. As shown in Equations 13 and 14, valid
check-in was confirmed only when a student was
detected in at least N consecutive frames, where N = 3
in this study. This design reduces the chance that a
transient false positive or a duplicate bounding box is
mistakenly recorded as a valid attendance event.

if detected over N frames
otherwise

True,
False,

(13)

N denotes the number of consecutive detections
required to validate a true check-in event. Let CP
denote the Confirmed Presence state defined in
Equation 13.

Confirmed Presence = {

1, if Confirmed Presence = True in session

Att = .
endance {0, otherwise

(14)
Attendance status was then determined using the
decision rules defined in Equation 14. Where 1
indicates present and O indicates absence. The
attendance results show that temporal confirmation
effectively reduced false positives from short-lived and
duplicate detections. Even when students briefly left
and re-entered the camera view, the system maintained
a single attendance record per session. The check-
in/check-out mechanism and consecutive-frame
confirmation therefore transformed noisy frame-level
detections into more stable session-level decisions,
improving attendance-log consistency and preventing
redundant entries.

Table 8. Attendance Summary for Detected Students

Student ID  Check-In Check-Out Status
Student 1 08:32:15 08:45:30 Present
Student 2 08:32:20 08:42:10 Present
Student 3 08:32:25 08:44:00 Present
Student 4  08:35:10 08:46:50 Present
Student 5  08:36:40 08:48:15 Present
Student 6 08:32:25 08:44:00 Present

Table 8 summarizes the session-level attendance
records produced after temporal confirmation and
check-in/check-out validation. The Check-In and
Check-Out columns are presented in HH:MM:SS
format for readability. All six enrolled students were
successfully recorded as present during the evaluated
session. Check-in times ranged from approximately
08:32:15 to 08:36:40, while check-out times ranged
from approximately 08:42:10 to 08:48:15. Importantly,
each student produced only one validated check-in and
one validated check-out record despite repeated frame-
level detections during continuous video processing.
This result shows that the temporal smoothing and
duplicate-suppression logic consolidated multiple
detections into stable session-level attendance events
and prevented redundant attendance records.
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Overall, the YOLOv8-based AMS demonstrated
feasible near real-time performance in the controlled
classroom setting and successfully processed multiple
students within the same frame. Detection and
identification remained reliable under moderate
variations in lighting, entry angle, and multi-person
presence, but performance declined under side-facing
poses, greater camera distance, stronger occlusion, and
crowding. Repeated frame-level detections were
naturally observed during continuous video processing,
but the attendance-validation logic prevented them
from generating duplicate attendance records.

The findings demonstrate the feasibility of integrating
real-time multi-face detection, identification, and
attendance validation within a unified pipeline, while
reducing manual effort and supporting contactless
attendance and re-entry handling. However, the results
are limited to a closed-set cohort of six subjects and
should not be interpreted as evidence of population-
scale scalability or broad real-world generalization.
Larger and more diverse datasets, denser classroom
scenarios, cross-environment validation, and stronger
comparative and class-wise evaluation are therefore
required to further establish the robustness and
generalizability of the proposed framework.

4. Conclusions

This study presented a YOLOv8-based automated
attendance management system (AMS) for near-real-
time multi-face detection, student identification, and
attendance validation in a controlled classroom
environment. The experimental results demonstrated
that the proposed framework could detect and identify
enrolled students during classroom entry while
maintaining operationally meaningful attendance
records. Attendance was determined from face
detections obtained from live video frames, while the
check-in/check-out  mechanism and  temporal
confirmation logic ensured that attendance events were
recorded only after valid detections and reduced
duplicate entries caused by repeated or transient
appearances within a session. The system remained
functional under moderate variations in lighting, entry
angle, multi-person presence, and limited occlusion,
although detection and identity assignment became less
reliable under more challenging conditions, particularly
side-facing poses, stronger occlusion, and increased
camera distance.

The low processing latency achieved by YOLOvVS
supports its feasibility for near-real-time classroom
attendance monitoring; however, the findings should be
interpreted as evidence of feasibility within a closed-set
classroom scenario rather than as proof of scalability to
larger and more diverse populations. The main
contribution of this work lies in integrating face
detection, student identification, and attendance-
recording logic into a unified nonintrusive workflow
that can reduce manual attendance effort and improve
administrative efficiency. Nevertheless, the current

Jurnal RESTI Vol. 10 No. 5 (2026)

evaluation is limited by the small number of enrolled
students, the closed-set setting, and the limited
comparative  benchmarking against alternative
approaches.

Future work should investigate facial re-identification
to improve identity consistency when students leave
and re-enter the camera view, temporal tracking
methods such as DeepSORT or ByteTrack to reduce
fragmented or duplicate detections, and substantially
larger and more diverse datasets collected under
broader  environmental conditions. Stronger
experimental validation should also include direct
comparisons with Haar Cascade + LBPH, SSD-based
detectors, YOLOVS5 variants, and CNN-based face
recognition  pipelines, together = with  more
comprehensive quantitative analyses using confusion

matrices, class-wise metrics, and cross-session
evaluation to establish the framework’s robustness,
generalizability, and relative performance more
convincingly.
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