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Abstract—Accurate attendance management is a very impor-
tant requirement in an educational institute. But the existing
methods have many practical problems. Traditional roll calls
take up class time and are subject to proxy attendance. A single
biometric scan, however, only verifies that the student is who they
say they are at the time of scanning, but does not indicate whether
or not the student remains in the classroom for the duration of
the class. This paper proposes a hybrid attendance monitoring
framework combining fingerprint based identity verification with
CCTV assisted FaceNet-SVM face recognition. The fingerprint
module authenticates the student at the entrance of the classroom
and video frames sampled during the class are used to identify
the students and estimate their overall presence. Face images are
converted into FaceNet embeddings, which are classified using a
Support Vector Machine (SVM). Attendance is considered valid
when the fingerprint authentication is successful and the student’s
recorded presence reaches a 75% threshold. The system was
evaluated on a classroom dataset of 10 students comprising 531
processed face images, together with a recorded classroom video
simulating a CCTYV stream. It achieved a recognition accuracy of
98.13% on the held-out test set and separated students with high
classroom presence from those with low or undetected presence.
The main contribution is a session-level attendance decision rule
that links entry-time fingerprint verification with repeated visual
evidence collected during the class.

Index Terms—Attendance Monitoring, CCTYV, Face Recogni-
tion, FaceNet, Fingerprint Authentication, Hybrid Attendance
System, Presence-Based Attendance, Support Vector Machine
(SVM).

I. INTRODUCTION

Monitoring students’ attendance is an important respon-
sibility of universities and colleges. It helps institutions to
keep track of students’ involvement and to maintain proper
academic records. In many institutions attendance is still taken
in the traditional way by roll calls. These techniques are easy
to implement, but they consume class time, increase manual
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work, and make proxy attendance more likely. These limita-
tions have led to the research of automated attendance man-
agement systems. Recent research has revealed that machine-
learning-based facial recognition can enable more efficient
attendance recording in college environments [1].

Biometric methods can improve the reliability of attendance
systems because records are directly linked to the student’s
identity. Fingerprint based systems are quick and convenient
for identity verification during registration [2], but they work
only at the time of scanning and hence cannot establish if
the student is still in the classroom. Camera-based systems
compensate for this by allowing contactless, repeated obser-
vation of presence throughout a class [3] but their performance
depends on visual information and can be affected by illumi-
nation, pose, image quality and partial occlusion [4].

Deep learning has also improved visual recognition.
FaceNet maps a face image to a compact embedding space
suitable for identity comparison [5], MTCNN can detect and
align faces before recognition, which is especially useful in
less controlled environments [6], and SVM remains useful
when deep embeddings are already discriminative and the
number of identities is moderate [7].

Motivated by these observations, this work proposes a
hybrid attendance monitoring framework that combines finger-
print authentication with FaceNet-SVM-based CCTV recogni-
tion. Fingerprint verification establishes the student’s identity
at the classroom entry point, while classroom video is sampled
to obtain repeated visual evidence of presence. The final
decision is based on aggregated observations, and attendance
is granted only when the fingerprint verification succeeds and
the recorded presence satisfies a 75% threshold.

The main contribution of this work is not a new face-
recognition model, but the integration of complementary bio-



metric and computer-vision mechanisms into a single session-
level attendance decision. Specifically, this paper makes the
following contributions:

o« A hybrid attendance framework in which entry-time
fingerprint verification and frame-wise face recognition
jointly determine the attendance status.

o A presence-percentage decision rule that converts re-
peated frame-level detections into an interpretable
Present/Absent outcome using a 75% threshold.

o A prototype evaluation on a 10-student dataset of 531
processed face images and a recorded classroom video,
with the code made publicly available.

The remainder of this paper is organized as follows.
Section II reviews related work and positions the proposed
framework against it. Section III describes the datasets and
implementation environment. Section IV presents the system
architecture and decision rule. Section V reports and discusses
the experimental results. Section VI concludes the paper, and
Section VII provides data and code availability information.

II. RELATED WORK

Automated attendance systems increasingly use biometric
and computer-vision methods to reduce manual work and
prevent proxy attendance. This section groups existing studies
by the type of evidence they use and identifies the gap
addressed by the proposed framework.

A. Fingerprint-Based Attendance

Fingerprint-based systems reliably verify identity using reg-
istered biometric templates and are often integrated with IoT
and web platforms for automated record management [2].
Deep learning has also been explored for fingerprint-based
attendance monitoring [8], and practical fingerprint systems
are easy to deploy in institutional environments [9]. However,
these systems mainly confirm a student’s identity at the time of
scanning and do not measure continued classroom attendance.

B. Camera-Based Attendance

Camera-based systems address this limitation by enabling
contactless observation of students in the classroom. Son
et al. developed a CCTV-based attendance support system
using deep face recognition [3]. Web-based face-recognition
attendance systems have also been proposed for university
classroom management [10], and recent CCTV-based studies
show that surveillance-camera footage can support automated
attendance monitoring [11]. These approaches demonstrate the
feasibility of using classroom cameras, but their performance
can be affected by illumination, pose, image resolution, and
classroom variation.

C. Embedding-Based and Alternative Recognition Pipelines

Deep facial representations have further improved
recognition-based attendance. FaceNet maps facial images
into a compact embedding space [5], and MTCNN supports
face detection and alignment before recognition [6]. FaceNet-
based attendance systems show that deep embeddings can

support student identification [12], and RetinaFace and
FaceNet have been combined for automated attendance
recognition [13]. Other studies have considered alternative
strategies: HOG features with SVM [14], anti-spoofing and
alert mechanisms to improve security [15], face segmentation
and recognition [16], and multi-task convolutional networks
[17]. These works contribute useful recognition or security
components, but most focus on identifying a face, and the
final attendance decision often remains tied to a single
recognition event or a short observation.

D. Session-Level Attendance and Research Gap

TABLE I

COMPARISON OF EXISTING ATTENDANCE APPROACHES WITH THE

PROPOSED SYSTEM.

Approach

Main outcome

Limitation addressed
by the proposed
system

Fingerprint-based
attendance [2],

Strong identity
verification at scan

Does not show
whether the student

[8], [9] time stays in class
CCTV face Contactless No entry-time
recognition [3], classroom biometric identity
[10], [11] observation check
FaceNet-based Compact Focus on identifying a
recognition [12], embeddings for fa.ce rather than
[13] . su_ldent. defining an attendance
identification rule
Session-level Attendance from Not combined with
monitoring repeated fingerprint-verified
[18]-[21] observations entry
Fingerprint-

verified identity
with FaceNet-SVM
Proposed system . . -
session monitoring
and a 75%

presence decision

Session-level approaches indicate that attendance should be
calculated from repeated observations during class. AttenFace
used face recognition for real-time attendance monitoring and
supports the idea of periodic visual checking [18], and recent
work highlights the value of automated attendance recording
from surveillance streams [19]. Recent 2026 studies have
placed cameras at the classroom entrance and inside the room
to record entry, exit, and periods of presence [20], [22], and
have added temporal analysis and adaptive thresholding to
CCTV-based recognition to reduce false positives [21]. Video-
based attendance with RetinaFace and FaceNet has likewise
been performed on frames captured at regular intervals [23].
These systems rely on face recognition at every stage, whereas
the proposed framework pairs fingerprint-verified entry with
frame-wise FaceNet-SVM presence estimation. Table I sum-
marizes how these groups of studies differ from the proposed
framework.

Taken together, these studies show that attendance automa-
tion has progressed from simple biometric verification to
continuous vision-based monitoring. However, many existing



systems still treat identity verification and attendance esti-
mation as separate tasks. A more reliable approach should
combine secure entry verification with continuous evidence
collected throughout the class session. This motivates the pro-
posed framework, in which fingerprint verification establishes
identity and frame-level face recognition estimates actual
classroom presence.

III. DATASETS AND IMPLEMENTATION ENVIRONMENT
A. Dataset

For the experimental evaluation, we constructed a mul-
timodal dataset of 10 students with enrolled roll num-
bers 22102001, 22102013, 22102017, 22102023, 22102024,
22102025, 22102026, 22102027, 22102029, and 22102042.
Facial data were captured from different angles and expres-
sions so that the recognition pipeline could learn from realistic
intra-class variation.

Fig. 1.
dataset.

Sample processed face images from the constructed multimodal

After face detection and preprocessing, the dataset contained
531 processed face images; samples captured from various
angles are shown in Fig. 1.

Processed Face Images by Student
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Fig. 2. Number of processed face images per enrolled student (identified by
roll number). The counts range from 35 to 75 images per student.

For the fingerprint component, we selected 10 distinct
fingerprint identities from the publicly available SOCOFing

dataset, which is intended for academic fingerprint-recognition
research [24], and assigned each one to the facial image set of
one enrolled student. This pairing created a complete hybrid
biometric profile for each student, allowing both fingerprint-
based entry verification and continuous classroom monitoring
to be represented in the evaluation. The distribution of the
processed face-image is summarized in Fig. 2. The dataset is
not perfectly balanced as the final count depends on successful
face detection and filtering: it is between 35 and 75 images
for each student, with mean 53.1 . We use this distribution
consistently in the paper.

TABLE I
DATASET AND EXPERIMENTAL CONFIGURATION USED IN THIS STUDY.

Item Value
Number of enrolled students 10
Processed face images 531
Images per student 35-75
Average images per student 53.1
Embedding dimension 128
Recognition classifier SVM
Reported test samples 107
Attendance threshold 75%
Train/test split 80/20
SVM kernel RBF
Regularization parameter C' 10.0
Frame-sampling interval (recorded video) 3s

Video frames for evaluation 20 sampled frames

Table II summarizes the dataset and experimental configu-
ration.

B. Implementation Environment

The prototype was implemented in Python. OpenCV was
used for image and video handling, FaceNet for embed-
ding extraction, scikit-learn for SVM training and evaluation,
and pandas/NumPy for tabular processing. The trained SVM
model, label encoder, and embedding files were saved for
later video-based attendance evaluation. The video test was
performed by sampling frames from a recorded classroom
video that simulates a CCTV stream.

C. Training and Sampling Parameters

The face embeddings were split 80/20 into training and test
sets (test size 0.20), giving the 107 held-out test samples.
The SVM uses a Radial Basis Function (RBF) kernel with
regularization parameter C' = 10.0. Frames were sampled at 3-
second intervals for the recorded-video experiments, producing
the 20 frames used for attendance evaluation, and at 180-
second (3-minute) intervals for real-time CCTV deployment
to limit the computational load. With 20 sampled frames, the
75% threshold corresponds to detection in at least 15 frames.

IV. PROPOSED SYSTEM ARCHITECTURE

The proposed system consists of four main stages: fin-
gerprint verification, video frame sampling, FaceNet-SVM
recognition, and attendance decision generation (Fig. 3). The
fingerprint scanner first verifies the student’s identity at the



classroom entrance and records a valid session entry. The
CCTV/IP camera then captures the classroom video, and
instead of processing every frame, the system selects frames
at regular intervals (3 seconds for recorded video, 180 seconds
for real-time CCTV deployment) to reduce the computational

workload.
Video Frame
= Sampling #

Fig. 3. Block diagram of the four main stages of the proposed system.

Fingerprint
Verification

FaceNet-SVM Attendance Decision
Recognition Generation

Each selected frame passes through face detection, prepro-
cessing, embedding extraction, and classification. The frame-
work is divided into modules. The authentication module
verifies the fingerprint and retrieves the corresponding roll
number from the registered student database. The video ac-
quisition module captures the classroom video stream and
selects the frames to be processed. The recognition module
employs the trained FaceNet-SVM model to identify students
from the detected faces. The attendance module integrates the
recognition results from multiple frames to establish the final
attendance status. The modular architecture makes testing,
maintenance and extension of the system easier.

Start class session
and initialize
log

frames

Verify student identity Capture classroom Detect face regions
through fingerprint video and sample from sampled

frames
Crop, resize, and Extract 128-D
normalize each FaceNet embedding
detected face vectors

Update frame-wise Calculate presence
detection counts | percentage at the
for each roll end of the session

Fig. 4. Step-by-step procedure of the proposed system.

Predict student roll
number using the
trained SVM 1

Absent using the
75% threshold

Assign Present or l

The whole procedure is summarized in Fig. 4. In each step,
an identity record, recognition result, or attendance decision
is generated. This will enable a teacher to check the output if
the result is ambiguous.

A. Face Image Preprocessing

Fig. 5. Face image preprocessing pipeline applied before FaceNet embedding
extraction.

The preprocessing step normalizes the input to the FaceNet
encoder. The raw student images are processed by face de-
tection, cropping with margin, resizing to 160 x 160 pixels
and quality filtering. The detection before resizing helps to
retain facial details in classroom images where the face may
occupy a small part of the entire frame. Figure 5 illustrates
our preprocessing pipeline.

B. FaceNet-SVM Recognition

Given the face image I detected, the FaceNet encoder
produces an embedding vector:

e=f(I),

where f(-) is the pre-trained FaceNet feature extractor. The
embeddings are then used to train an SVM classifier for the
10 enrolled student identities. The trained classifier predicts
the roll number of each detected face in a sampled video
frame.This design separates feature extraction and classifica-
tion, which is suitable for a compact dataset where training
a deep recognition model from scratch would be unnecessary

[S].

e c R (1)

C. Attendance Decision Rule

Attendance is calculated from multiple detections, not a
single frame. For a student s, the attendance percentage is
given by

D
P, = F x 100, )
where D, is the number of detected frames with student s and
N is the total number of processed frames. The final decision
is
Present, P, > 75%,

Ay = 3
Absent, P, < 75%. )

This threshold-based method derives classroom presence from
aggregated evidence rather than from a single recognition
result and gives an interpretable percentage for each student.

V. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we first analyze the quality of the learned
embeddings, then report the classification performance, and
finally evaluate the full attendance decision on the classroom
video.

A. Embedding Separability

The 128-dimensional FaceNet embeddings were visualized
using t-SNE to inspect whether identity clusters were distin-
guishable in two dimensions (Fig. 6). As shown in Fig. 6,
most clusters show visible separation, although some local
overlap exists. Because a two-dimensional projection discards
information, this supports applying the SVM to the original
128-dimensional embeddings, where more discriminative in-
formation is available.
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Fig. 6. t-SNE projection of the 128-dimensional FaceNet embeddings of the
10 enrolled students, colored by roll number.

B. Classification Performance

Confusion Matrix — FaceNet-SVM Classifier

Tue Label
H

Predicted Label

(Total samples: 167 | Corect: 105 | Accuracy: 98.13%)

Fig. 7. Confusion matrix of the FaceNet-SVM classifier on the 107 held-out
test samples.

The FaceNet-SVM classifier was tested on held-out test
embeddings and obtained 98.13% accuracy, which means the
embeddings are discriminative enough for the 10 enrolled
identities.

TABLE IIT
CLASSIFICATION RESULTS OF THE FACENET-SVM CLASSIFIER ON THE
HELD-OUT TEST SET (107 SAMPLES).

Metric Value
Test samples 107
Correct predictions 105
Incorrect predictions 2
Accuracy 98.13%
Macro precision 0.99
Macro recall 0.98
Macro F1-score 0.98
Weighted precision 0.98
Weighted recall 0.98
Weighted F1-score 0.98

Fig. 7 shows the confusion matrix for test samples, with
only 2 of the 107 samples misclassified. Most of the predic-
tions are on the diagonal, showing little confusion between

visually similar embeddings. The close macro and weighted
averages in Table III indicate that the performance is balanced,
although the number of images per student is not equal.These
figures are to show feasibility given the small test set and
controlled collection conditions, not general performance.

C. Video-Based Attendance Evaluation

The system processed 20 sampled frames of classroom
video for attendance evaluation. Student 22102013 was de-
tected in 18 frames (90.00% presence), student 22102017 in 17
frames (85.00%), and student 22102029 in 2 frames (10.00%).
The remaining enrolled students were not detected in the
sampled frames. Using the 75% threshold, the system marked
22102013 and 22102017 as Present, and marked 22102029
and the remaining students as Absent.

Video-Based Attendance Monitoring — Annotated Frame

Session: Active

Frame: 912 K
Processed Frame: 11

22102013 (96.7%). 22102017 (85.9%)

e

Presence Log: 22102013 v | 22102017 v/

Fig. 8. Representative annotated frame from the video evaluation, showing
face-detection boxes, roll-number labels with recognition confidence, and the
running presence log.

Fig. 8 depicts a representative frame; the displayed con-
fidence is for that single frame, whereas the final decision
uses the number of frames in which each student is detected.
Fig. 9 shows the per-student presence percentages against the
75% threshold: two students are classified as Present and eight
as Absent according to their frame detection rates. Student
22102029, detected in only 2 frames, illustrates the purpose
of the threshold, since a brief appearance does not qualify as
session-level presence.

Per-Student Presence Percentage vs. 75% Attendance Threshold

- resent (= 75%)
75%) g

e Threshold: 75
5%

oo

centage (%)

nce Per

10.00%

Student Roll Number

Fig. 9. Per-student presence percentage over the 20 sampled frames, compared
with the 75% attendance threshold (dashed line). Students above the line are
marked Present.

D. Discussion

The results show that fingerprint verification at entry and
repeated visual recognition during the session provide com-
plementary attendance evidence. The high accuracy suggests



that FaceNet embeddings with a simple SVM are sufficient for
a small enrolled population, so recognition is not the limiting
stage. Basing the decision on multiple frames makes it less
sensitive to an isolated missed detection and gives teachers
an interpretable presence percentage. The study is limited by
its 10-student dataset, 20 sampled frames, and the lack of a
separate evaluation of the fingerprint component.

VI. CONCLUSION

This paper presented a hybrid attendance monitoring frame-
work that combines fingerprint-based authentication with
FaceNet-SVM-based classroom monitoring. The system veri-
fies student identity at the classroom entry point and evaluates
continued presence from sampled video frames, with the
final attendance determined using a 75% presence threshold.
Evaluation on a 10-student prototype dataset containing 531
processed face images achieved 98.13% face-recognition accu-
racy and demonstrated the feasibility of distinguishing students
with high session presence from those with low or no detected
presence. Compared with single-event attendance approaches,
the proposed system provides a more automated and presence-
based attendance decision.

The current evaluation is limited by the small dataset,
controlled classroom setting and use of sampled frames which
requires further evaluation for real-time deployment.Future
research will test and enhance the system in larger and more
diverse classroom settings.Other improvements include multi-
camera testing, real-time processing, secure storage of biomet-
ric information and access-controlled attendance management
that will support the evaluation of the framework for large-
scale institutional deployment.

VII. DATA AND CODE AVAILABILITY

The source code, dataset and experimental scripts for face-
image preprocessing, FaceNet embedding extraction, SVM-
based recognition and video-based attendance calculation are
publicly available at https://github.com/mehedinaecem/Hybrid_
Attendance_System.
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