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ABSTRACT

Accurate and scalable attendance monitoring is a practical challenge in digitally supported higher
education, particularly in large classrooms where manual registration is time-consuming, error-prone, and
vulnerable to proxy attendance. This study proposes a reliability-aware multimodal artificial intelligence
system for real-time smart classroom attendance monitoring. The proposed framework integrates visual
recognition, audio-based participation analysis, and text/database-level identity verification through a
probabilistic fusion mechanism. The system employs lightweight and edge-deployable models, including
YOLOVS for student detection, MobileNet for face recognition, DistilBERT for identity matching, and
CNN-LSTM or wav2vec 2.0 for audio-based activity analysis. To improve decision reliability under non-
ideal classroom conditions, the fusion layer dynamically adjusts modality contributions according to the
quality of visual, audio, and database evidence. In addition, uncertain cases are redirected to an abstention
or manual-review state instead of being automatically accepted. A pilot deployment scenario was evaluated
in a smart classroom at Mingachevir State University using recognition accuracy, inference latency,
multimodal consistency, and computational efficiency as the main performance criteria. The integrated
system achieved an average attendance recognition accuracy of 93.2 + 0.7% with a decision latency of 45—
55 ms, demonstrating its suitability for real-time classroom operation. The results indicate that reliability-
aware multimodal fusion provides more stable attendance decisions than single-modality configurations
and can reduce the risk of incorrect registration under occlusion, illumination variability, background noise,
and incomplete identity evidence. The proposed system provides a practical basis for reliable Al-supported
attendance monitoring in smart educational environments.

Keywords: Multimodal Artificial Intelligence; Smart Classroom; Attendance Monitoring; Edge Al;
Reliability-Aware Fusion; Real-Time Recognition

1. INTRODUCTION monitoring, and administrative processes in a

The digital transformation of higher reliable and efficient manner. Smart classrooms are
education has increased the demand for intelligent increasingly equipped with sensing devices,
information systems capable of supporting teaching, artificial intelligence modules, database-connected
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services, and real-time monitoring tools. Within this
context, attendance monitoring remains an
important operational task, especially in large
academic groups where manual registration is time-
consuming, error-prone, and vulnerable to proxy
attendance [1], [2], [3].

Conventional  attendance  monitoring
methods are commonly based on manual roll calls,
paper lists, card-based identification, QR codes,
RFID-based identification, mobile applications, or
semi-automated database records. Although these
approaches are simple and inexpensive, they
provide limited reliability under practical classroom
conditions. Manual roll calls interrupt the teaching
process, while card-, RFID-, QR-, and mobile-based
systems mainly confirm the presentation of an
identifier rather than the actual physical presence of
a student. As a result, there is a need for automated
attendance monitoring systems that can verify
presence more reliably  while remaining
computationally feasible for real-time classroom
deployment [1], [4], [3].

Recent advances in artificial intelligence,
computer vision, speech processing, and natural
language processing have created new opportunities
for developing automated recognition systems.
Deep learning models such as convolutional neural
networks, lightweight visual architectures including
MobileNet and EfficientNet, object detection
models such as YOLO, and transformer-based
models such as BERT, DistilBERT, and wav2vec
2.0 have demonstrated strong potential for visual,
audio, and text-based data processing. However, the
deployment of these models in classroom
environments requires careful consideration of
computational cost, inference latency, sensor
quality, and system-level reliability. Therefore, an
attendance monitoring system should not be
evaluated only as an isolated recognition model, but
as an applied Al-based information system
operating under real classroom constraints [5], [6],
(71, (8], [9].

Many existing attendance systems rely
mainly on a single modality, most commonly face
recognition, RFID, QR codes, mobile-device
authentication, or database-based identification.
These systems may perform well under controlled
conditions, but their reliability often decreases in
non-ideal environments. In practical classroom
settings, visual recognition can be affected by
partial face occlusion, side-view poses, motion blur,
non-uniform illumination, or crowded seating
arrangements. Audio-based evidence may be
degraded by background noise, overlapping speech,
microphone distance, and room acoustics.

Database-level identity verification may also be
incomplete, delayed, or insufficient for confirming
actual physical presence. Consequently, single-
modality systems may generate uncertain or
incorrect attendance decisions when one source of
evidence becomes unreliable [10], [11], [4].

Multimodal artificial intelligence provides
a promising solution by combining complementary
evidence from visual, audio, and text/database
channels. In an attendance monitoring system,
visual recognition can provide the primary identity
evidence, audio analysis can support participation-
or activity-related cues, and text/database
verification can act as a consistency check against
institutional ~ records.  Nevertheless,  simple
multimodal aggregation is not sufficient for reliable
deployment. The contribution of each modality
should depend on the quality and reliability of the
corresponding input signal. For example, visual
evidence should be down-weighted when the face is
occluded or blurred, while audio evidence should be
down-weighted when the classroom environment is
noisy. This makes reliability-aware fusion an
important component of practical multimodal
attendance monitoring systems [12], [11], [13].

The problem is particularly relevant for
educational institutions where smart classroom
infrastructure is developing and locally adaptable
solutions are required. Imported or platform-
dependent systems may not fully reflect local
classroom layouts, institutional workflows, database
structures, language conditions, and available
computational resources. Therefore, there is a
practical need for a deployable Al-based attendance
monitoring framework that can operate under
realistic classroom conditions, support real-time
decision-making, and reduce the risk of incorrect
registration. Such systems should also consider
transparency, privacy, personal data protection, and
responsible use of Al in educational environments
(2], [14], [15], [16], [17].

To address this need, the present study
proposes a reliability-aware multimodal artificial
intelligence system for real-time smart classroom
attendance monitoring. The proposed framework
integrates ~ visual  recognition,  audio-based
participation analysis, and text/database-level
identity verification within a probabilistic fusion
model. The system employs lightweight and edge-
deployable Al components, including YOLOvVS5-
based student detection, MobileNet-based face
recognition, DistilBERT-assisted identity matching,
and CNN-LSTM or wav2vec 2.0-based audio
analysis. These components are selected with
respect to recognition performance, computational
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feasibility, and real-time deployment requirements
(5], [6], [18], [8].

The main novelty of this study lies in the
reliability-aware decision framework rather than in
the isolated use of individual AI models. The
proposed system dynamically adjusts the
contribution of visual, audio, and text/database
evidence according to modality quality. In addition,
the system does not force an automatic positive
attendance decision when the available evidence is
weak or contradictory. Instead, uncertain cases are
redirected to an abstention or manual-review state.
This decision logic is intended to reduce false
attendance records and improve the operational
reliability of Al-supported classroom monitoring.

The main contributions of this study are as
follows. First, a multimodal attendance monitoring
framework is developed by combining visual,
audio, and text/database evidence within a unified
reliability-aware probabilistic fusion architecture.
Second, a real-time smart classroom deployment
scenario is proposed using edge-compatible Al
models selected according to computational load,
latency, and operational feasibility. Third, the
integrated system is evaluated using attendance
recognition accuracy, inference latency, multimodal
consistency, and computational efficiency as the
main performance criteria. Finally, the study
analyzes failure cases, robustness conditions, and
scalability limitations, showing how reliability-
aware fusion can improve attendance decision
stability under non-ideal classroom conditions.

2. RELATED WORK
2.1. Multimodal Artificial Intelligence in Edge-
Based Recognition Systems

Over the past decade, artificial intelligence
systems have increasingly shifted from isolated
recognition models toward integrated multimodal
frameworks capable of processing heterogeneous
data sources in real time. This transition is
particularly important for smart classroom
environments, where an attendance monitoring
system must process camera input, microphone
signals, and database-linked identity information
under practical constraints such as limited
computational resources, variable sensor quality,
and low tolerance for delayed decisions [1], [11],
[3].

In the visual domain, convolutional neural
networks remain widely used because of their
strong feature extraction capability and mature
deployment  ecosystem. Lightweight visual
architectures such as MobileNet and EfficientNet
are especially relevant for edge-oriented

applications because they provide a practical
balance between recognition accuracy and
computational efficiency. More complex
architectures, including Vision Transformers, can
achieve high benchmark performance, but their
higher memory requirements and inference cost
may limit their direct use in real-time classroom
systems unless additional optimization is applied
(191, [20], [6], [9].

Text-related processing also plays an
important role in Al-supported attendance
monitoring, especially when identity recognition
must be linked to institutional records, student
metadata, QR/ID inputs, or database-level
consistency checks. Transformer-based models
such as BERT and compact variants such as
DistilBERT and MobileBERT provide effective
contextual representations for semantic matching.
However, their use in edge or near-edge
environments requires attention to latency, memory
consumption, and model compression techniques
such as pruning, quantization, or distillation [21],
(8], [22].

Speech and audio analysis provide an
additional source of evidence in classroom
environments. Traditional  speech-processing
approaches relied on statistical models such as
Hidden Markov Models, while recent systems
increasingly use deep neural architectures,
including CNN-LSTM models and wav2vec 2.0.
These models can support activity- or participation-
related detection, but their reliability is strongly
affected by background noise, overlapping speech,
microphone distance, and room acoustics [5], [23],
[24], [13].

Although visual, text-based, and audio-
based recognition technologies are well developed
as individual modules, many studies still evaluate
them separately rather than as components of a
unified attendance monitoring system. For practical
classroom deployment, recognition accuracy alone
is not sufficient. A reliable system must also
address inference latency, computational feasibility,
uncertainty handling, and the quality-dependent
contribution of each modality.

2.2. Visual Recognition Models for Smart
Classroom Monitoring

Visual recognition is one of the main
components of automated attendance systems
because it can directly support student detection
and face-based identity recognition. High-capacity
architectures such as VGG-16 and Vision
Transformers may provide strong recognition
performance, but their memory demand, inference
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cost, and energy consumption can make them less
suitable for latency-sensitive classroom
applications [19], [20], [25].

For edge-based smart classroom systems,
lightweight visual models are usually more
practical. MobileNet-family architectures reduce
computational cost through efficient convolutional
design, while EfficientNet improves model scaling
by balancing network depth, width, and input
resolution. Compact YOLO variants are also useful
for student or face detection because they provide a
favorable balance between detection accuracy and
real-time inference speed. Therefore, such models
are suitable for attendance systems where
recognition decisions must be generated during
classroom sessions rather than after offline
processing [6], [18], [7], [9].

Table 1 compares representative visual
models considered for the design of an edge-
oriented attendance monitoring system. The
comparison focuses on the expected role of each
model, reported accuracy range, latency range, and
rationale for inclusion. The reported values should
be interpreted as literature-based indicative ranges
used for design justification rather than as final
performance results of the proposed system..

Table 1. Literature-based comparison of candidate visual
models for edge-oriented attendance system design.

The comparison shows that MobileNet and
compact YOLO-based models provide the most
practical combination of speed and computational
feasibility for classroom-scale inference. Heavier
models may remain wuseful as reference
architectures, but they are less appropriate for real-
time deployment unless supported by stronger
hardware or additional optimization techniques.

2.3. Text
Verification

Text recognition and natural language
processing play a supporting role in multimodal
attendance  systems. In  smart classroom
environments, text-aware modules can be used to
verify student identity against institutional records,
classroom databases, QR/ID inputs, or structured
metadata. This function is important because visual
recognition alone may be insufficient when
students have similar appearances, when image

and Database-Level Identity

quality is low, or when visual evidence is
incomplete.
Transformer-based models are widely used

for contextual representation and semantic
matching. However, the original BERT architecture
is often too resource-intensive for real-time
classroom deployment. DistilBERT and
MobileBERT offer more practical alternatives
because they reduce model size and inference time
while preserving acceptable matching quality. In an
attendance monitoring system, these models do not
need to operate as standalone natural language
understanding engines. Their main function is to
support identity consistency and reduce ambiguity
in the final decision.

Table 2  summarizes the  main
characteristics of selected lightweight transformer-
based models suitable for identity matching in
constrained environments.

Table 2. Literature-based comparison of candidate text-
processing modules for mobile or edge-oriented

Model Role in Reporte | Reporte Rationale
system d d for
accurac | latency inclusion
y range range
(%) (ms)
MobileNet Face 88-91 30-50 Lightweigh
identificatio t visual
n branch
suitable for
edge
deploymen
t
YOLOVS Face/object 88-91 ~45 Balanced
Distilled detection detection
quality and
inference
speed
EfficientN | Alternative 90-94 45-70 Higher
et visual visual
model accuracy
with
moderate
additional
cost
VGG-16/ Heavier 92-96 / 120~ Strong
ViT reference 93-96 150/ benchmark
models 100- performanc
130 e but
limited
edge
suitability

inference.
Model Role in Reporte | Reporte | Rationale
system d d for
accurac | latency | inclusion
y range range
(%) (ms)

BERT Contextual 90-95 80-120 Strong
semantic text
matching modeling

but too
heavy for
efficient
edge
deployme
nt
DistilBERT | Text/databa 85-90 40-60 Better
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trade-off
between
semantic
quality
and real-
time
suitability

se matching

Table 3. Literature-based comparison of candidate
speech-processing modules for edge-oriented classroom

MobileBE Compact 84-89 35-55 Alternativ
RT text e
inference lightweig
ht NLP
module
for
constraine
d devices

In the proposed system, the text/database
branch is considered a consistency-supporting
component rather than the dominant recognition
source. This role is important because it allows
automatic recognition to be checked against
institutional information while preventing database
records alone from being treated as proof of
physical classroom presence.

2.4. Audio-Based Participation and Activity
Cues

Audio analysis can provide useful
complementary evidence in smart classrooms,
especially when visual recognition is temporarily
degraded. For example, speech activity,
participation cues, or voice-related patterns may
help support the presence of a student when
camera-based recognition is affected by occlusion,
pose changes, or poor lighting. Modern deep
learning approaches such as wav2vec 2.0 provide
robust speech representations, while CNN-LSTM
models remain attractive for real-time systems
because they combine temporal modeling with
moderate computational complexity.

At the same time, audio is one of the most
context-sensitive ~ modalities in  classroom
environments. Its reliability may decrease because
of overlapping speech, background noise,
microphone distance, hallway sound leakage, air-
conditioning noise, or reverberation. For this
reason, audio evidence should not be treated as
equally reliable under all operating conditions. A
practical multimodal attendance system should be
able to reduce the contribution of the audio branch
when acoustic quality is poor.

Table 3 presents a comparison of candidate
speech-processing ~ models considered  for
classroom-scale deployment.

155

applications.
Model Role in Reporte | Reporte | Rationale for
system d d inclusion
accurac | latency
y range range
(%) (ms)
CNN- Audio 85-90 40-50 Suitable
LST™M activity compromise
analysis between
temporal
modeling and
practical
inference
wav2v Advanced 88-93 40-60 More robust
ec 2.0 speech audio branch
representati when acoustic
on evidence is
informative
HMM Classical 70-75 3040 Computationa
lightweight lly efficient
baseline but less robust
under realistic
noise
conditions

The comparison indicates that compact deep audio
models are more suitable than classical HMM-
based approaches for multimodal classroom
systems. However, their contribution should remain
adaptive because the acoustic environment of a
classroom is not stable over time.

2.5. Reliability-Aware Multimodal Fusion

Multimodal artificial intelligence systems
combine evidence from visual, audio, and
text/database channels to improve decision
reliability and reduce ambiguity. In attendance
monitoring, each modality has a different role. The
visual branch provides the main identity evidence,
the audio branch contributes supplementary
activity-related information, and the text/database
branch checks identity consistency against
institutional records. The combination of these
channels can make the system more robust than a
single-modality configuration.

However, multimodal fusion is not only a
matter of combining several model outputs. In real
classroom environments, the reliability of each
modality changes according to input quality. Visual
evidence may become unreliable when a face is
occluded, blurred, or poorly illuminated. Audio
evidence may become unreliable when the
classroom is noisy or when several students speak
simultaneously.  Text/database evidence may
become unreliable when identity records are
incomplete, delayed, or inconsistent. Therefore, a
practical fusion mechanism should assign modality
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weights according to the quality of available
evidence.

The relationship between the modalities
can be represented as a general multimodal
recognition pipeline, where visual, audio, and
text/database evidence are processed separately and
then integrated within a fusion and decision layer,
as shown in Figure 1.

Such a pipeline is useful for smart
classroom environments because it supports both
automatic attendance logging and uncertainty
management. When the fused evidence is strong,
the system can record attendance automatically.
When the evidence is weak or contradictory, the
decision can be redirected to an abstention or
manual-review state. This mechanism reduces the
risk of false attendance records and improves the
operational reliability of the system under non-ideal
classroom conditions [26], [11], [27].

Camera Microphone Database/Te

Inout Innut xt Innut

Visual Audio Text

Processing Processing Processing
Multimodal

Fusion Laver

v

Decision
Module

'

Attendance
Output /

Figure 1. General multimodal recognition pipeline with
visual, audio, and text/database branches followed by a
fusion and attendance decision layer.

2.6. Limitations of Existing Systems and
Research Gap
Existing attendance-monitoring systems

can be grouped into three main categories: visual-
only systems, card/QR/database-based systems, and
multimodal systems. Visual-only systems are
contactless and intuitive, but their reliability
decreases under occlusion, shadowing, pose
variation, motion blur, or crowded seating
conditions. Card-, QR-, and database-based systems
are computationally simple, but they mainly
confirm identifier presentation rather than
continuous physical presence. Multimodal systems

can reduce these limitations, but they also require
careful design of fusion logic, latency control, and
uncertainty handling.

Several research gaps remain. First, many
existing systems are evaluated offline or under
controlled conditions that do not reflect continuous
classroom operation. Second, some systems depend
on comparatively heavy hardware, which reduces
their suitability for real-time edge deployment.
Third, many studies report overall recognition
accuracy without clearly separating literature-level
model characteristics from the final performance of
the integrated system. Finally, uncertainty handling
and abstention mechanisms are often insufficiently
discussed, although they are essential for practical
and trustworthy classroom deployment.

To address these limitations, the present
study separates two analytical levels: literature-
based module selection and pilot-scale system-level
evaluation. The proposed system uses lightweight
visual, audio, and text/database modules as
candidate components, but the final contribution is
evaluated at the level of integrated attendance
decisions. This distinction makes it possible to
analyze not only recognition performance but also

latency, reliability, uncertainty handling, and
deployment feasibility in a smart -classroom
environment.

Within this scope, the study contributes to
the literature in four main ways. First, it proposes a
reliability-adaptive probabilistic fusion rule with an
abstention option for uncertain identities. Second, it
develops a pilot deployment scenario for a 22-seat
smart classroom using edge-oriented Al modules.
Third, it explicitly separates candidate-module
comparison  from  final  integrated-system
evaluation. Fourth, it discusses environmental
stressors, failure modes, and scalability limits
relevant to realistic classroom operation [28-30].

Table 4 summarizes the candidate Al
modules selected for the design stage of the
proposed system.

Table 4. Literature-based comparison of candidate Al
modules used for system design.

Module Role in Report | Report Rationale
system ed ed for
accurac | latency inclusion
y range range
(%) (ms)
MobileNe Face 88-91 30-50 Lightweight
t identificati visual
on branch
suitable for
edge
deployment
YOLOv5 | Face/object 88-91 ~45 Provides
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Distilled detection balanced
detection
quality and
inference
speed
DistilBER | Text/databa 85-90 40-60 Supports
T se context-
matching aware
identity
verification
CNN- Audio 85-93 40-50 Useful
LSTM/ activity when visual
wav2vec analysis evidence is
2.0 partially
degraded
EfficientN | Alternative 90-96 45-130 Higher
et/ ViT/ stronger computatio
BERT models nal cost;
less suitable
for real-
time edge
use

This comparison clarifies that the reported
ranges describe candidate module characteristics
used for system design. They should not be
interpreted as the final performance of the proposed
system. The final evaluation of the proposed
framework is reported at the integrated attendance-
decision level rather than at the isolated model
level.

3. PROPOSED METHOD
RELIABILITY-AWARE
FRAMEWORK

3.1. Real-Time Processing Pipeline of the

Proposed System

The proposed attendance monitoring system
is designed as a reliability-aware multimodal
artificial  intelligence framework for smart
classroom environments. Its main objective is to
combine visual, audio, and text/database-level
evidence in order to generate reliable attendance
decisions under practical classroom conditions.

Unlike conventional attendance tools that only

record an identifier or require manual confirmation,

AND
DECISION

the proposed system performs automatic
recognition, evaluates the reliability of each
modality, and redirects uncertain cases to

abstention or manual review.

The system workflow consists of five main
stages: multimodal data acquisition, preprocessing
and normalization, modality-specific recognition,
reliability-aware multimodal fusion, and attendance
logging with optional manual review. During data
acquisition, the system receives synchronized
inputs from classroom cameras, microphones, and
institutional database records. Visual frames are
prepared for student detection and face-oriented
identification, audio segments are denoised and

segmented for activity analysis, and text/database
records are converted into structured identity-
related information.

The visual branch performs student
detection and face-based identification. The audio
branch extracts participation- or activity-related
cues from classroom sound signals, while the
text/database branch verifies identity consistency
using institutional records or ID-linked information.
These branch-level outputs are not treated as
equally reliable in all situations. Instead, they are
passed to a reliability-aware fusion layer, where the
contribution of each modality is adjusted according
to the estimated quality of the available evidence.

The final attendance decision is generated
through a threshold-and-consensus mechanism. If
the fused evidence is sufficiently reliable, the
student’s attendance is recorded automatically and
synchronized with the electronic attendance
register. If the evidence is weak, incomplete, or
contradictory, the system redirects the case to an
abstention or manual-review state. This mechanism
reduces the risk of forced incorrect recognition and
improves the operational reliability of Al-supported
attendance monitoring. Figure 2 illustrates how
camera, microphone, and database inputs are
processed through separate recognition branches
and then combined in a reliability-aware decision
layer.

Camera Microphone Database / QR /
Input System ID
YOLOvS wav2vec / DistilBERT
Detection CNN-LSTM Matching

MobileNet Face
ID

Multimodal Fusion P
> (Probabilistic <
Model)

y

Decision Module

v

Attendance Logging
System/ Log

v

Server / Smart Classroom
DB
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Figure 2. Proposed reliability-aware multimodal Al
system for smart classroom attendance monitoring,
integrating visual, audio, and text/database branches
within a unified fusion and decision framework.

As shown in the architecture, the system is
not limited to automatic recognition. It also
includes reliability estimation, decision validation,
attendance logging, and manual review when the
available evidence is insufficient.

3.2. Reliability-Aware Multimodal Decision Rule

Let Xv, Xa, and Xtdenote the visual,
audio, and text/database observations collected for

a candidate student identity 'iduring a short decision
window. The proposed system does not use a
simple unweighted average of modality outputs.
Instead, it computes a reliability-aware posterior
score that combines branch-specific confidence
values with adaptive modality weights:

P(L | xv-xa-xt) X - [pv(i | xv)]wv :

[Pa(i | xa)]"e - [pe (0] x)]™

where Tiis the prior probability associated

with identity i, and Pv, Pa, and DPtare the
confidence scores produced by the visual, audio,
and text/database branches, respectively. These
confidence scores are normalized to the interval

[0 1] The parameters Wi, Wa, and Wtrepresent
adaptive modality weights and satisfy the following
condition:

w,+w, +w, =1

This formulation allows the system to
increase or decrease the influence of each modality
depending on its reliability. For example, the visual
modality should have lower influence when the
face is blurred, occluded, or affected by poor
lighting. Similarly, the audio modality should have
lower influence when background noise or
overlapping speech reduces signal quality. The
text/database modality should also be down-
weighted when identity information is incomplete,
delayed, or inconsistent.

Each modality weight is calculated using a

branch-quality indicator @m:

_ Im
QP+Qa+Qt+£

Wi ,meE {v,a,t}

where v, @a, and @irepresent the
estimated quality of the visual, audio, and
text/database branches, respectively. The parameter

£is a small stabilization constant used to avoid
numerical instability when the total signal quality is
low.

The final attendance decision is not based

only on the highest fused score. Let Sidenote the

fused score of candidate identity i, Attendance is
recorded only when the following condition is
satisfied:

S5 =1

In addition, at least two modalities must
exceed their local confidence thresholds. If these
conditions are not satisfied, the observation is
transferred to an abstention or manual-review state.
This decision logic reduces the risk of false
acceptance and prevents the system from recording
attendance when the evidence is weak or
contradictory.

Thus, the proposed decision framework
combines three principles: probabilistic evidence
aggregation, reliability-adaptive weighting, and
threshold-based consensus validation. Together,
these principles make the system more suitable for
non-ideal classroom conditions, where one or more
modalities may be temporarily unreliable.

3.3. Computational Complexity and Real-Time
Feasibility

The proposed system is intended for real-
time classroom operation. Therefore, computational
feasibility is an important part of the system design.
The approximate computational cost of one
decision cycle can be expressed as follows:

Ctotar = Caer + N(Cface +
+Caud:’o + Ctext) + Cfuse

where Caetdenotes the cost of scene-level

student or face detection, Nis the number of

candidate students in the decision window, Cf aceis
the cost of face-oriented identity inference,

Caudiois the cost of audio processing, Ctextis the

cost of text/database matching, and Cf usejs the cost
of multimodal fusion.

This decomposition shows that the main
computational burden is related to detection and
candidate-level recognition rather than to the fusion
rule itself. As the number of students increases, the
cumulative cost of face, audio, and text/database
processing becomes more significant. In contrast,
the fusion stage introduces only a small additional
overhead. For this reason, the use of lightweight
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models such as YOLOVS5, MobileNet, DistilBERT,
and compact audio models is important for
maintaining real-time operation in a smart
classroom environment.

From a system implementation
perspective, latency is not only a technical
parameter but also an operational requirement. If
attendance decisions are delayed, the system may
interrupt the classroom workflow or reduce user
trust. Therefore, the proposed architecture is
designed to balance recognition accuracy,
computational cost, and response time.

3.4. Pilot Deployment Scenario and Practical
Implementation Context

The proposed system is designed for pilot
deployment in a smart classroom equipped with
cameras, microphones, and a database-linked
attendance infrastructure. In this study, the
deployment scenario corresponds to a 22-seat
classroom operating under practical educational
conditions, including different student positions,
partial  visibility, non-uniform lighting, and
moderate acoustic interference.

Visual monitoring, audio activity capture,
and database-level verification are synchronized
through a local processing pipeline. The resulting
attendance decisions are transmitted to the
electronic registration system for storage and
reporting. In cases where the fused evidence is
insufficient, the system does not automatically
register attendance. Instead, the case is marked for
abstention or manual review. This function
improves decision safety and reduces the likelihood
of incorrect attendance records.

The purpose of the pilot-scale setup is not
to claim full institutional validation or universal
generalization. Rather, it is intended to demonstrate
the operational feasibility of the proposed
reliability-aware multimodal decision framework
under realistic smart classroom conditions. Future
large-scale deployment would require validation
across more classrooms, different seating layouts,
larger student groups, and longer academic periods.

To make the operational workflow of the
proposed system more explicit, Table 5 summarizes
the main functional stages, their input data,
processing operations, and expected outputs.

This staged representation shows that the
system is designed as an end-to-end applied Al
pipeline, from multimodal data acquisition to final
attendance logging or manual review.

Table 5. Functional stages of the proposed multimodal
attendance monitoring pipeline.

Stage Input Main operation Output
Data Camera, Synchronous Raw
acquisition | microphon multimodal multimodal

e, and capture observation
database s
input
Preprocessi Images, Normalization, Clean
ng audio, and denoising, and branch-
text structuring specific
records inputs
Visual Image Student detection Visual
branch frames and face-oriented confidence
recognition score
Audio Audio Participation/activ Audio
branch segments ity analysis confidence
score
Text/databas | Institution | Identity matching | Text/databa
e branch al records and consistency se
or ID data checking confidence
score
Fusion Branch Reliability- Fused
confidence adaptive decision
values probabilistic score
aggregation
Decision Fused Threshold-and- Attendance
and logging score and consensus record or
modality validation manual-
thresholds review case

4. EXPERIMENTAL SETUP, EVALUATION
PROTOCOL AND MULTIMODAL
DECISION RESULTS

4.1. Pilot Classroom Deployment Scenario

The pilot deployment was designed for the
Cybersecurity smart classroom at Mingachevir
State University. The classroom has an area of
approximately 40.88 m? and includes 22 student
workstations. The operational setup consists of
fixed classroom cameras, a microphone subsystem,
a local or campus-connected attendance database,
and a GPU-supported processing server used for
synchronized inference and attendance logging.

The purpose of the pilot deployment was
not to establish a large-scale institutional
benchmark. Instead, it was designed to examine
whether the proposed reliability-aware multimodal
Al system can support stable attendance decisions
under realistic classroom conditions. These
conditions include partial face occlusion, non-
uniform illumination, moderate acoustic
disturbance, seating variability, and temporary
uncertainty in identity evidence.

From a system evaluation perspective, the
pilot environment is important because the
attendance decision is not treated as an isolated
recognition output. The system is designed to
record reliable attendance decisions automatically
when the available evidence is sufficient and to
redirect uncertain cases to an abstention or manual-

e ——
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review state when the evidence is weak or
contradictory. This design allows the system to
reduce forced incorrect recognition and improve the
reliability of attendance logging under practical
classroom constraints.

4.2. Evaluation Protocol and Reproducibility-
Oriented Clarifications

The evaluation protocol separates branch-
level evidence from final decision-level
performance. This distinction is important because
the purpose of the study is not to report isolated
benchmark results for individual AI models, but to
evaluate the integrated attendance monitoring
system under pilot classroom conditions.

The visual branch was evaluated using a
classroom image set containing 5,000 images.
These images were used to support student
detection and face-oriented identification. The
audio and text/database branches were evaluated as
synchronized components of the same classroom-
session workflow. The audio branch provided
participation- or activity-related evidence, while the
text/database branch supported identity consistency
checking against institutional records.

The final system-level evaluation was
repeated five times under the same pilot conditions.
The integrated attendance accuracy was reported as
mean + standard deviation. The final metrics refer
to attendance decision outcomes rather than only to
isolated branch outputs. This reporting approach is
more appropriate for an applied Al-based
attendance monitoring system because it reflects

both recognition performance and decision
reliability.

The main conditions of the pilot
deployment and evaluation procedure are

summarized in Table 6 in order to clarify how the
system-level results were obtained.

Table 6. Pilot deployment and evaluation protocol used
in this study

evidence visual cases pilot
workflow
Repetition Five repeated Statistical Provides the
protocol runs under stability of basis for
identical final decision mean + SD
conditions accuracy reporting
Final Attendance System-wide Separates
reporting decision level validation final system
level performance
from
literature-
level module
ranges

These conditions define the scope of the
reported results and show that the evaluation was
performed at the integrated attendance-decision
level rather than only at the isolated model level.

4.3. Algorithmic Workflow of the Proposed
Attendance System

The algorithmic workflow of the
proposed attendance monitoring system is
illustrated in Figure 3.

The process begins with synchronized
acquisition of visual, audio, and text/database-
linked inputs. These inputs are then processed
through preprocessing and quality-control stages.
Visual frames are normalized for detection and face
recognition, audio signals are denoised or
segmented, and database-linked identity
information is structured for matching.

After preprocessing, the visual branch
performs student detection and face-oriented
recognition.  The audio  branch  extracts
participation- or activity-related cues, while the
text/database branch verifies identity consistency.
The outputs of these branches are then passed to the
reliability-aware fusion mechanism described in
Section 3.

The final decision is produced through a
threshold-and-consensus rule. If the fused score and
local modality confidence values satisfy the
required decision conditions, attendance is recorded
automatically. If the evidence is weak, incomplete,

Component Reported Role in Clarification | or contradictory, the system does not force a
condition evaluation positive recognition decision. Instead, the case is
Classroom | Cybersecurity | Operational | Supportsthe | redjrected to an abstention or manual-review state.
scenario smart pilot case-study . . s
; This workflow improves decision safety and
classroom, environment component .
40.88 m2, 22 and prevents the system from recording attendance
workstations deployment when the available multimodal evidence is
— o real(;s;n insufficient.
Visual data > Face Used for To further clarify the decision process,
classroom detection and visual . d X
images identification | recognition Figure 3 presents the algorlt.hm}c workflow of the
branch under proposed attendance monitoring system from
ClaSSF(?Om sensor activation to attendance logging and report
conditions :
Audio/text Synchronized Support and Evaluated as generation. . .
channels classroom- disambiguate components The Workﬂow highlights t_he role .Of
session uncertain of the same threshold checking and manual review, which
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prevents the system from recording attendance
when the recognition evidence is weak or
contradictory.

[ Start System (Activate Sensors) ]

.

[ Capture Video, Audio & Metadata ]

!

[ Preprocess & Quality Check ]

Jyno

[ Detect Faces & Objects ] [ Discard Frame ]

'

yes

[ Face Recognition (MobileNet) ]

Voice Analysis

v

Text Matching

[ Multimodal Decision (Threshold Check) ]
no

¢ yes l
[ Record Attendance ] [ Not Recognized ]
Synec to Server & Database ]

[ Generate Logs & Reports ]

Figure 3. Algorithmic workflow of the proposed
multimodal attendance monitoring system, from
synchronized data acquisition and preprocessing to
reliability-aware fusion, threshold validation, attendance
logging, and manual review.

4.4. Multimodal Decision-Level Results

The proposed system was evaluated
using four main metric groups: overall attendance
accuracy, inference latency, misidentification rate,
and abstention/manual-review rate. Attendance
accuracy measures the proportion of correct final

attendance decisions. Inference latency represents
the average time required to produce one
attendance decision window. Misidentification rate
indicates cases where one student is incorrectly
attributed to another. Abstention or manual-review
rate reflects unresolved cases intentionally withheld
by the system when the available evidence is
insufficiently reliable.

This metric set is more appropriate for an
applied real-time attendance monitoring system
than model-centric accuracy alone. In practical
deployment, a useful attendance system must not
only recognize students accurately, but also manage
uncertainty, avoid false acceptance, and maintain
responsiveness during classroom operation.

The integrated multimodal system
achieved a mean attendance accuracy of 93.2 =+
0.7% across five repeated runs under pilot
classroom conditions. The final decision latency
was in the range of 45-55 ms, indicating that the
proposed approach is suitable for real-time
attendance monitoring in a medium-size smart
classroom. The fused decision result was higher
than the representative branch-level ranges of the
individual modalities, showing that reliability-
aware multimodal fusion improves the stability of
attendance decisions compared with single-
modality configurations.

The use of an abstention mechanism is
also important from a deployment perspective.
When the system receives weak or contradictory
evidence, it avoids making a forced automatic
decision. Such cases are redirected to manual
review, which reduces the risk of false attendance
records and improves the operational reliability of
the system.

Overall, the pilot results demonstrate that
the proposed reliability-aware multimodal Al
framework can provide stable attendance decisions
under non-ideal classroom conditions. At the same
time, the reported results should be interpreted as
pilot-scale evidence rather than as a large-scale
institutional benchmark. Broader validation across
different classroom layouts, student group sizes,
lighting conditions, and acoustic environments is
required for future deployment.

5. RESULTS AND DISCUSSION

The pilot results are interpreted from a
deployment-oriented and applied Al system
perspective. The study does not claim universal
generalization across all classroom environments.
Instead, it demonstrates the operational feasibility
of a reliability-aware multimodal attendance
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monitoring system under the conditions of a
medium-size smart classroom.

The main result is that the integrated
decision layer achieved an attendance accuracy of
93.2 + 0.7% over five repeated runs, with final
decision latency in the 45-55 ms range. These
values indicate that the system can operate in real
time without introducing a significant delay into the
classroom workflow. This is important because an
attendance monitoring system should support
classroom administration without interrupting
teaching activities.

The benefit of the proposed fusion
strategy is not limited to accuracy improvement. Its
main advantage is greater decision stability when
one modality becomes unreliable. Under normal
seating and lighting conditions, the visual branch
provides the primary identity evidence. When
visual confidence decreases because of face
occlusion, side-view pose, motion blur, or uneven
lighting, the audio and text/database branches
provide complementary support. Similarly, when
acoustic evidence becomes unreliable because of
background noise or overlapping speech, the
system can reduce the weight of the audio branch
and rely more strongly on visual and database-
linked evidence.

The fusion layer should therefore be
understood as a decision stabilizer rather than a
replacement for individual recognition branches.
The visual branch remains the main source of
identity evidence, the audio branch provides
supplementary participation- or activity-related
information, and the text/database branch acts as a
consistency constraint that reduces identity
ambiguity. This division of roles improves the
interpretability of the final decision and supports
more reliable attendance logging under non-ideal
classroom conditions.

The quantitative pilot observations are
summarized in Table 7, where the branch-level
ranges are compared with the final multimodal
decision result.

The comparison indicates that the fused decision
layer provides the most stable attendance output,
while the individual branches remain important as
complementary sources of evidence. The final
multimodal decision achieves higher stability than
any single branch alone because the reliability-
aware fusion mechanism adapts modality weights
according to signal quality. This result supports the
main assumption of the study: attendance
monitoring in practical classroom environments
benefits from adaptive multimodal evidence

aggregation rather than from a single recognition
source.

At the same time, the reported values should
be interpreted as pilot-scale results rather than as a
large-scale institutional benchmark. The evaluation
was conducted in a 22-seat smart classroom under
controlled pilot conditions. Therefore, broader
validation across different classrooms, lighting
conditions, acoustic environments, student group
sizes, and longer academic periods would be
required before making stronger generalization
claims.

Table 7. Pilot-scale results of the proposed attendance
monitoring system.

Decision Observe | Latenc | Decision role | Status
branch d y (ms) in this
accurac study
y
MobileNet- 88-91% 30-50 Primary face- | Branch
based visual based -level
identificatio evidence pilot
n range
DistilBERT | 85-90% 40-60 Identity Branch
text/databas consistency -level
e check pilot
verification range
CNN- 85-93% 40-50 | Supplementar | Branch
LSTM/ y activity -level
wav2vec evidence pilot
2.0 audio range
analysis
Final 932+ 45-55 Attendance Final
multimodal 0.7% logging pilot
fusion output result
decision reporte
din
this
work

6. FAILURE CASES, ROBUSTNESS AND
SCALABILITY LIMITS

A structured discussion of failure cases is
necessary because the advantage of multimodal
fusion cannot be established by accuracy alone. In
real classroom environments, recognition errors
may occur for different reasons, and each modality
has its own limitations. For this reason, the
proposed framework is designed not only to
improve recognition performance, but also to
manage uncertainty when one or more sources of
evidence become unreliable.

The main visual failure cases observed in the
pilot scenario are partial face occlusion, side-view
head pose, motion blur during student entry, and
non-uniform illumination near windows or
projectors. These conditions reduce detector and
identifier confidence and may lead to uncertain
visual recognition. In such cases, the proposed
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fusion framework lowers the contribution of the
visual modality and requires support from other
sources of evidence or redirects the case to manual
review.

The audio branch is sensitive to overlapping
speech, background noise, air-conditioning noise,
hallway sound leakage, and room reverberation.
Because of these factors, audio evidence should not
be treated as equally reliable in all classroom
situations. The proposed framework reduces the
audio weight when acoustic quality is low,
preventing the system from making audio-dominant
decisions under noisy conditions.

The text/database branch is computationally
efficient and wuseful for identity consistency
checking, but it cannot independently verify
continuous physical presence. For this reason, it
should not be used as the dominant attendance
indicator. Instead, it acts as a supporting component
that helps reduce ambiguity when visual or audio
evidence is incomplete.

Scalability remains an important limitation.
A 22-seat classroom is suitable for pilot validation,
but larger lecture halls may require additional
cameras, multi-view fusion, distributed edge
inference, or synchronized capture during peak
entry periods. Multi-classroom deployment would
also introduce additional requirements related to
network stability, storage, privacy governance,
model updates, and system maintenance. These
issues are outside the scope of the present pilot and
should be considered in future work.

To support a more practical interpretation of
the system limitations, Table 8 summarizes the
main failure conditions, affected modalities,
expected impact, and mitigation logic used in the
proposed framework.

This analysis shows that the proposed
system does not treat all errors uniformly. Instead,
it adapts the fusion weights or redirects uncertain
cases to review depending on the type of failure.
Within these limits, the proposed system should be
interpreted as an edge-oriented proof of concept for
medium-size smart classrooms. The pilot results
indicate that reliability-aware multimodal fusion
can improve attendance decision stability, but
further testing is required before deployment in
larger and more heterogeneous educational
environments.

Table 8. Critical failure modes and mitigation logic in
the proposed framework.

Failure Most Expected Mitigation
condition affected impact in the
modality proposed
framewor
k
Face partially Visual Reduced Lower w,
blocked or detector and require
turned away identifier support
confidence from
text/audio,
or redirect
to review
High Audio Unstable Lower
background speech/activit w, avoid
noise or y evidence audio-
overlapping dominant
speech decisions
Database Text/databas Weak Allow
mismatch or e consistency visual-
delayed check audio
identity agreement
lookup to proceed
only with
review
support
Many students | System-wide Temporary Use
entering latency batching,
simultaneousl increase staggered
y capture, or
additional
edge nodes
Large lecture Visual and Missed Use
hall with system-wide | detections and additional
limited camera blind zones cameras
coverage and multi-
view fusion

7. CONCLUSION

This study presented a reliability-aware
multimodal artificial intelligence framework for
autonomous attendance monitoring in smart
classroom environments. The proposed system
integrates  visual  recognition,  audio-based
participation or activity cues, and text/database-
level identity verification within a unified
probabilistic fusion model. Unlike single-modality
attendance systems, the proposed approach adjusts
the contribution of each modality according to
signal quality and redirects uncertain cases to an
abstention or manual-review state. This design
improves decision safety and reduces the risk of
forced incorrect attendance registration under
practical classroom conditions.

The pilot deployment scenario demonstrated
the feasibility of the proposed system in a medium-
size smart classroom. The integrated multimodal
decision layer achieved an attendance accuracy of
93.2 + 0.7% with a final decision latency of 45-55
ms, indicating that the system can support real-time
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classroom operation. The results show that
reliability-aware fusion can improve decision
stability when one modality is degraded by
occlusion, illumination variability, background
noise, or incomplete identity evidence. In this
context, the fusion layer acts as a decision stabilizer
that combines the strengths of visual, audio, and
text/database branches while reducing the influence
of unreliable evidence.

The study also clarified the distinction
between literature-based module characteristics and
pilot-scale integrated-system performance. This
distinction is important because the proposed
system should be interpreted as a deployment-
oriented proof of concept rather than as a universal
benchmark solution. The obtained results are
promising for medium-size smart classrooms, but
they remain limited to the specific pilot
environment, classroom  configuration, and
evaluation conditions considered in this study.

Future research should focus on broader
validation across different classroom layouts,
lighting conditions, acoustic environments, and
student group sizes. Longer-term deployment
studies are also needed to evaluate system stability
over full academic periods. In addition, future work
should investigate privacy-aware multi-camera
deployment, distributed edge inference, secure
attendance data management, and improved
interfaces for reviewing uncertain cases. These
developments would help transform the proposed
pilot framework into a more mature and scalable
Al-supported attendance monitoring system for
smart educational environments.
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