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Abstract. Attendance monitoring deployed at entrance areas offers reliable
tracking for institutional environments. We propose an efficient face-recognition-
based framework combining YOLOvI1-based face detection, motion-based
tracking, and FaceNet-based recognition. Our key contribution is a confidence-
driven face selection method that collects multiple face images per track and
selects the highest-quality image for recognition. Experiments on real-world 60-
second hallway footage (1,800 frames at 30 FPS) demonstrated up to 77.7%
improvement in processing speed (79.36 FPS vs. 44.66 FPS baseline) while
maintaining equivalent recognition accuracy. Collection windows of 5 to 7 images
provide optimal balance between latency and throughput (73.67-75.86 FPS),
demonstrating that strategic recognition frequency reduction enables real-time
attendance monitoring suitable for resource-constrained environments.

Keywords: attendance monitoring, face detection; face recognition; face tracking;
quality-driven selection.

1 Introduction

Attendance monitoring is an important aspect in various environments, such as
educational institutions or workplaces, particularly where security is a concern
and attendance records need to be accurate and real-time. Due to advancements
in digital and Al technology, computer vision-based attendance monitoring
systems provide efficient alternatives to traditional methods [1-3].

One of the attendance monitoring methods is an entrance-based system. Face
recognition systems can be deployed at hallway entrance areas to enable such
monitoring. However, that implementation faces several challenges: (1) dynamic
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input due to continuous movement of subjects through the camera’s field of view
and varying angles and distances of faces [3, 4], and (2) significant computational
power is needed to process real-time data while handling occlusions for multiple
individuals simultaneously [5—7]. Moreover, if the system is to be deployed in
resource-constrained environments, it must be optimized for efficiency without
sacrificing recognition accuracy. Although some deep learning models are
designed for resource-constrained computing machines [8], they are still
considered to require much computation unless the model is too simple, leading
to inaccurate detection.

The typical workflow of a face recognition-based attendance monitoring system
consists of three main stages: face detection, face tracking, and face recognition,
which are currently available in today’s technology [5, 9, 10]. Face detection
identifies and localizes faces in video frames, often using object detection
technology such as YOLO [9]. Face tracking maintains identity associations
across frames, or it could be said that one track may represent one identity. Face
recognition matches detected faces against a reference database, often using an
embedded method such as FaceNet [10] to identify individuals. However, the
computational cost of these stages, particularly face recognition, can be
significant, especially when processing multiple faces in real-time, since the face
recognition phase mostly relies on deep learning inference [4, 10]. Moreover, if
the entrance area is crowded, the system must efficiently handle multiple
simultaneous tracks without overwhelming computational resources [11]. Hence,
optimizing the recognition stage is important to preserving computational
resources.

Considering the challenges previously mentioned, this paper makes the following
contributions:

1. We propose a framework that integrates YOLO-based face detection,
motion-based tracking, and FaceNet recognition optimized for hallway
attendance monitoring scenarios.

2. We propose a confidence-driven face selection method for the recognition,
based on the number of multiple face images per track, selecting the highest-
quality image based on detection confidence scores.

3. We conducted comprehensive experiments that compared the immediate
recognition (baseline method) versus delayed recognition with quality-based
selection (our method) across a range of fixed collection-window sizes.

The rest of this paper is organized as follows: Section 2 discusses related works,
Section 3 describes our proposed framework, Section 4 presents the experimental
methodology, Section 5 discusses results in comparison with the baseline method,
and Section 6 contains the conclusion and future work of this research.
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2 Related Work

2.1 Face Detection and Recognition

Face recognition has evolved from traditional approaches like Local Binary
Patterns (LBP) [12] and Histogram of Oriented Gradients (HOG) [13] to modern
deep learning methods. Convolutional Neural Networks (CNNs) now provide
superior accuracy through automatic hierarchical feature learning, as confirmed
by Boe et al. [14] in classroom attendance systems. We use YOLO (You Only
Look Once) [9] for face detection due to its speed-accuracy balance [15-17], and
FaceNet [10] for recognition based on its 98.4% accuracy performance [18].

2.2 Attendance Monitoring Systems

Various face recognition-based attendance systems have been proposed for
different deployment scenarios. Rao [2] created AttenFace, which captures
classroom images every 10 minutes rather than processing all frames, reducing
computational load. Mukhitdinov et al. [19] proposed a lightweight access control
system using quantized MobileNetV2 on Raspberry Pi 4, achieving 96.8%
recognition accuracy with 850 ms response time. Thai et al. [20] proposed
mobile-based attendance systems for SME environments using ResNet34,
achieving 92% accuracy.

Most existing systems target controlled environments where subjects are
relatively stationary, such as classrooms. Our work addresses the more
challenging scenario of continuous hallway monitoring, where subjects move
freely with varying distances and potential occlusions. While prior work often
does not explicitly optimize computational costs for all recognition attempts [21],
we optimized for efficiency through confidence-driven selection, similar to the
resource-optimization goals of Thai et al./20] and Mukhitdinov et al.[19] but
tailored for dynamic hallway scenarios.

Compared to recent attendance and face-recognition systems—AttenFace [2]
(periodic sampling), Thai et al. [20] (ResNet34, 92% accuracy, mobile), and
Mukhitdinov et al. [19] (quantized MobileNetV2 on Raspberry Pi, 96.8%
accuracy, 850 ms response)—our work differs by targeting continuous,
unconstrained hallway motion and by reducing recognition frequency through
confidence-driven selection rather than compressing the recognition model. This
yields substantial throughput gains (up to 79.36 FPS) while preserving
recognition completeness.
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3 Proposed Framework

3.1 System Architecture

We propose a framework that considers efficiency as the primary goal. Overall,
there are four main components in the system. It combines Al-based face
detection, motion-based tracking, confidence-driven face selection, and deep
learning-based face recognition, as described below:

1. Face Detection Module: Real-time face localization where we acquire a
bounding box for every detected face along with its confidence score

2. Tracking Module: Motion-based identity association across frames to
identify existing identity across footage

3. Quality Evaluation Module: Confidence-driven best face selection per
identity track to be supplied into the face recognition module

4. Face Recognition Module: Al-based identifier matching against reference
database, recognizing the attendance if the result matches

The pipeline of our proposed system, shown in Figure 1, processes video frames
sequentially through detection, tracking, quality evaluation, and recognition
stages. The recognition is executed by considering the embedded face dataset
previously loaded.

Proposed Pipeline

Video Input

Face Detection Module

Motion-Based Tracker
Quality Evaluator
(Confidence-Driven Selection)

/ > clear by
| Ere t

v \

P Reference

( Face Recognition Module }

Figure 1 System architecture showing the complete pipeline of face detection,
tracking, quality evaluation, and recognition.
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3.2 Face Detection

We employ an Al-based object detection model with pre-trained face weights to
detect faces in a frame. The model processes input frames and produces bounding
boxes with associated confidence scores. These scores are later used in the quality
evaluation stage. Several parameters are provided to configure the detection
process, including confidence threshold (74y) and IoU threshold (7j,).
Additionally, the optional device parameter specifies whether to use CPU or GPU
for inference, although GPU is preferred for real-time performance, and we
assume that the system is mostly applied in environments with GPU availability.
Each detection d; = (b, c;,I;) at frame t includes bounding box b, =
(x,y,w, h), confidence score ¢; = T4y, and cropped face image 1.

33 Motion-based Tracking

The tracking component maintains consistent identities across frames using the
following parameters: distance factor (), minimum hits (k,,;,), aging threshold
(amax), and maximum collection size (Np,). Our tracker maintains active
tracks T ={Ty,T,,...,T,}, where each track represents a unique individual.
Detections are assigned to tracks using Fuclidean distance in Eq. (1),

dist(b;, b;) =
\/(cxi - cxj)2 + (cy, — cyj)2 (1
with threshold in Eq. (2),

Tmax = & * w? + h2’ (2)

where (cx, cy) are bounding box centers and (w, h) are dimensions.

Track state management uses the following rules:

1. Confirmation: Track confirmed after k,,;, consecutive hits
2. Aging: Track deleted after a,,,, frames without detection
3. Collection: Track accumulates up to N, face images

34 Confidence-driven Face Selection

This component is our main proposed method that differentiates our framework
from conventional immediate recognition approaches. The quality evaluator
collects multiple face images per track and selects the highest-quality image
based solely on the detection confidence scores produced by the face detector. To
clarify the distinction of our method, we compared it against the baseline
immediate recognition approach.
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3.4.1 Baseline Method

The baseline approach performs immediate recognition upon track confirmation
(after kmin consecutive hits), using the latest available face image. If recognition
fails, further attempts are made on subsequent frames for that track, which can
lead to redundant recognition operations and increased computational load.

3.4.2 Proposed Method

We designed our proposed method to reduce computational load while keeping
recognition accuracy sufficient. The proposed method delays recognition until
the collection window (N,,,,) is filled, then selects the image with the highest
detection confidence score for recognition. If recognition fails, the image buffer
is cleared and a new set of (N,,;) images is collected for another attempt. This
approach minimizes redundant recognition attempts and leverages the best
available image per track. The algorithm of our proposed method is described in
Algorithm 1.

Algorithm 1. Our Method — Confidence-driven Selection

Require: Track T with images {(I;, ¢;), ..., (In, ¢x)}

Ensure: recognized identity, or “Unknown” if no match is found.
1. Append the current detection (I;, ¢;) to the track buffer
2. if (n = Npayx) OR (Track T is aging out) then
3 if Track T not yet recognized then
4. i « argmax; c; // Select highest confidence
5. Irec < Iir
6 identity « Recognize (Iyec)
7 if (recognition fails) AND (Track T still active) then
8 Clear image buffer

9. Re-collect images and retry
10. end if

11. end if

12. endif

The confidence-only approach offers several advantages. The first advantage is
minimal additional computation, since confidence scores are already produced by
the face detector. Secondly, confidence scores can be utilized to determine the
best-quality face image, since higher confidence usually correlates with better
quality. Lastly, the implementation is straightforward, which avoids additional
computation to assess image quality. Overall, this method provides a lightweight
yet effective means of enhancing recognition efficiency without sacrificing
accuracy.
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We adopted detection confidence as a principled proxy for face image quality: a
face detector assigns higher confidence to faces that are frontal, well-illuminated,
in-focus, and unoccluded—precisely the conditions that also yield more
discriminative recognition embeddings. Face image quality assessment studies
note that detector confidence can itself serve as a quality signal [24], [25] and
recent work explicitly calibrates such confidence against objective quality
factors, including pose, blur, occlusion, and illumination [26]. Using confidence
therefore requires no additional computation, since it is already produced by the
detector, whereas dedicated quality networks (e.g., SER-FIQ) add inference cost.
We adopt it as a deliberate lightweight approximation and note its limitations
below.

3.5 Face Recognition

We employ an Al-based face recognition model in this component to perform
face embedding. The embedded face is then compared against a reference
database for identification. The comparison is done by computing the L2 distance
between embeddings, where a lower L2 distance value indicates a closer match.
In this process, the adjustable parameter is a recognition threshold (7,..), where
an acceptable match is one with a distance below this threshold.

To enable face recognition in the system, the identity reference should be placed
in the identity reference folder/database to be embedded using an Al model. For
each identity in the reference database, the image is loaded and preprocessed,
then the embedding is extracted using the Al model. The embeddings are stored
along with their associated identity labels for later comparison during the
recognition phase.

Recognition is performed for every detected face (baseline method) or every
selected face among a collection of images (proposed method). For each face
image, the embedding is extracted and compared against all reference
embeddings using L2 distance. The identity with the minimum distance below
the recognition threshold (zwc) is returned as the recognized identity; otherwise,
the face is labeled as ‘Unknown’.

3.6  Performance Monitoring

To enable comparison of our proposed method against the baseline, we included
a comprehensive performance monitoring feature that tracks metrics related to
processing speed, resource utilization, and recognition performance. Metrics are
logged per-frame to CSV files and aggregated to JSON summaries for analysis.
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4 Experimental Methodology
4.1 Dataset and Setup

4.1.1 Data Acquisition

Experiments were conducted on a 60-second hallway video captured at 30 FPS
(1,800 total frames) with resolution 1920 x 1080 pixels. The video contains
natural hallway traffic with multiple individuals walking through the camera’s
field of view at various distances and angles. The data was captured using a
Raspberry Pi 5 with Camera Module 3 Wide, positioned to monitor a typical
hallway entrance area with fixed placement, as can be seen in Figure 2. Example
footage can be seen in Figure 3.

The dataset is self-collected and not publicly available. It comprises 1,800 frames
(60 s at 30 FPS, 1920 x 1080) yielding 23 person tracks across 11 registered
identities. The footage was acquired by the authors at a single hallway entrance;
reference images were captured manually from the same footage under controlled
framing.

Edge device
¢ with its camera
' pointing angle

&* Router
[j Edge Server

Figure 2 Camera placement.
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Figure 3 Example of hallway footage.

4.1.2 Reference Database

A reference database of known identities was constructed from pre-registered
face images taken manually from the video footage. The total number of identities
registered in the database was 11. Each identity has one reference photo captured
under controlled conditions.

4.1.3 Hardware Configuration

All experiments were conducted on the following hardware:

1. GPU: NVIDIA RTX 5060 TI (CUDA-enabled)
2. CPU: AMD Ryzen 5 4600G

3. Memory: 32 GB DDR4 RAM

4. OS: Ubuntu 24.04 LTS

4.1.4 Al Models Used

The two main Al-dependent components, i.e., face detection and face
recognition, utilized in the experiments are the YOLOv11s model pre-trained on
the WIDER FACE dataset [22] for face detection and FaceNet
(InceptionResnetV1) pre-trained on the VGGFace2 dataset [10, 23] for face
recognition. As explained in Section 2, YOLOv11s was chosen due to its speed-
accuracy trade-off, while FaceNet is selected for its high recognition accuracy.
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4.2 Experimental Design

We conducted 10 experiments to compare the baseline method against our
method with varying collection window sizes. The experiments were as follows:

1. Experiment 1: Baseline method
2. Experiments 2-10: Our method with N, € {2,3,4,5,6,7,8,9,10}

We focused on evaluating how the collection window size (N,) affects
recognition distance, processing speed, and resource utilization. All other
parameters were held constant: 74, = 0.25, T;p, = 0.45, @ = 1.5, a,, =
30 frames, k,;, = 3 frames, and 7., = 0.7.

4.3 Evaluation Metrics

We evaluated system performance across three main dimensions: recognition
performance, processing performance, and resource utilization. The specific
metrics tracked were as follows:

Recognition Performance

1. Total tracks detected
a. Number of recognized identities
b. Recognition distance (L2 distance)
c. Recognition rate (proportion of registered identities recognized)

Processing Performance

2. Average FPS (frames per second)

Frame processing time (ms)

Detection time (ms)

Tracking time (ms)

Quality evaluation time (ms, our method only)
Recognition time (ms)

o po o

Resource Utilization

3. CPU usage (average, max, min)
a. Memory consumption (MB)
b. GPU utilization (average)
c. GPU memory usage (MB)
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5 Results and Discussion

5.1 Recognition Performance

There were 23 tracks detected in the video, containing 11 identities. All the
experiments detected a total of 11 recognized identities, indicating that
confidence-driven selection maintains recognition accuracy equivalent to
immediate recognition. This suggests that even with a high number of collection
windows, e.g., (Ny.x = 10), selecting the highest-confidence image provides
sufficient quality for accurate recognition.

The consistent recognition rate in our method indicates that it successfully
identifies correct face images. Based on the video footage, the 12 unrecognized
tracks likely represent tracks with insufficient quality across all collected images,
including tracked distant persons, persons walking in the opposite direction, and
occluded persons. Based on the footage example shown in Figure 3, Track 6
represents a person walking in the opposite direction, which is later occluded by
Track 3. Moreover, Track 7 shows a distant face detected in the footage, which
is later occluded as well, before the face appears again.

In terms of recognition rate—the proportion of registered identities successfully
recognized—both the baseline and the proposed method achieved 11/11 (100%)
identity recognition, while 12 of the 23 tracks remained unrecognized (distant,
opposite-direction, or occluded subjects). This confirms that the proposed method
preserves recognition completeness while substantially improving throughput. A
full per-track precision/recall evaluation is left for future work.

As shown in Figure 4, recognition distance distributions remained similar across
methods, indicating that our method can match the baseline method in
recognizing faces. This is also shown in Table 1 by looking at the statistical result.
Based on the table, the baseline method shows a mean L2 recognition distance of
0.656 (min 0.602, max 0.694; n=11). Our method ranges between 0.600 and
0.669 in mean distance across Ny, = 2 ... 10 (mins 0.408-0.515, maxes 0.694-
0.697; all n = 11). Figure 5 shows the recognition timing, where our method
recognizes later in a track lifecycle, because the face selection is previously
conducted before face recognition occurs but still remains within an acceptable
time in the attendance system.
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Recognition distance distribution
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Figure 4 Recognition distance distributions (L2) remain similar across methods.
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Figure 5 Recognition timing over frames.
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Table 1 Recognition distance (L2) by configuration.

Method N,.x Count Mean Min Max
Baseline - 11 0.656 0.602 0.694
Our method 2 11 0.666 0.588 0.694
Our method 5 11 0.655 0.515 0.694
Our method 7 11 0.605 0.449 0.694
Our method 10 11 0.654 0.515 0.697

5.2 Processing Performance

Table 2 presents detailed processing performance metrics.

Table 2 Average processing performance comparison for every identity.

Frame Det. Track Qual. Rec.

Method S ) m9)  ms)  (my)  (ms)
Baseline 44.66 22.39 9.05 0.03 - 18.59

Our method (N, = 2) 62.49 16.00 9.38 0.03 4.02 15.81
Our method (N, =5) 73.67  13.57 9.23 0.03 1.73 14.49
Our method (Npyy = 7)  75.86 1318 9.19 0.03 139 14.57
Our method (N, = 10) 7936 12.60 9.08 0.03 0.93 13.61
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Our method achieved substantial FPS improvements: 62.49 FPS (N,, +39.9%),
73.67 FPS (N, +64.9%), and 79.36 FPS (N;q, +77.7%) versus 44.66 FPS
baseline. This improvement stems from delayed recognition strategy, where our
method performs recognition only when N,,, images are collected, versus per-
frame recognition in the baseline. Detection times remain stable (9.05-9.38 ms)
across methods, while quality evaluation overhead decreases with
larger N, (4.02 ms at N, to 0.93 ms at N;,). Figures 6-8 demonstrate steady
throughput improvement and more stable per-frame FPS with increasing N,y.

Average FPS vs. Npax
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@ ~—®— Our method

E60 [ e Original (44.66 FPS)

g

5

50
2 4 6 8 10
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Figure 6 Average FPS vs N .
Average frame time vs. Npax
@ 225 e e
£
£ 200
=
g 175 ~®— Our method
- R B Original (22.39 ms)
&
& 15.0
i
g
< 12.5
2 4 6 8 10
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Figure 7 Average frame time vs N .
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Per-frame FPS timeline (smoothed)
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Figure 8 Per-frame FPS over time: baseline vs our method (e.g., N, = 10).

5.3 Resource Utilization

Table 3 presents resource utilization metrics.

Table 3 Resource utilization comparison.

Method CPU (%) Mem (MB) GPU (%) VRAM (MB)
Baseline 116.3 1845.1 16.5 177.4
Our method (N,)  119.4 1837.1 15.0 179.3
Our method (N;)  120.6 1836.4 14.9 179.2
Our method (N;o)  123.1 1835.6 14.2 178.5

Resource utilization remained remarkably consistent across methods:

1. CPU usage: 116—123% (slightly higher for our method due to increased
throughput)

2. Memory: 1835-1845 MB (stable across sampled methods)

3. GPU usage: 14.2-16.5% (slightly lower for our method)

4. GPU memory: 177.4-179.3 MB (stable across sampled methods)

The insignificant resource overhead confirms that confidence-driven selection is
extremely lightweight. The small increase in CPU usage for our method is
primarily due to processing more frames per second rather than per-frame
overhead.

Figure 9 presents resource time series that remained stable throughout processing
for both methods.
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Resource timelines (smoothed, 30-frame median)

200

—— Original @ 1800
=2 = Nmax =10 g‘
s >
E 150 5
S 2 1600
L7
=
100
20
=)
ES 2175
z 10 =
E :
> 150
0
0 500 1000 1500 0 500 1000 1500

Frame

Figure 9 Resource timelines over frames: baseline vs our method (N,, = 10).

5.4  Analysis and Discussion

Our method achieved better performance by delaying recognition
until N,,,, images are collected, performing fewer recognition operations per
frame while selecting the highest-confidence image. The confidence-only
selection introduces negligible computational overhead compared to recognition
savings. The results suggest that N,,,, = 5—7 provides an optimal balance
between recognition latency and processing throughput, achieving 73.67—75.86
FPS.

This study had several limitations. The evaluation used a single 60-second
hallway video with 11 identities and one reference image per identity, captured
at one location and lighting condition. Detection confidence was used as an
approximate quality signal rather than a learned metric, and recognition was
validated on identity completeness rather than full precision/recall ground truth.
These factors constrain generalizability; broader and more diverse datasets and
learned quality metrics are left to future work.

6 Conclusions and Future Work

This paper proposes a framework for hallway attendance monitoring that
combines deep learning-based face detection, motion-based tracking, and
confidence-driven face selection. Through comprehensive experiments on real-
world hallway video footage that we collected, we showed that our recognition
approach with confidence-driven selection achieves up to 77.7% improvement in
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processing speed (79.36 FPS at N,,, = 10 vs. 44.66 FPS baseline) while
maintaining equivalent recognition accuracy (between 0.600 and 0.669
for N,.x = 2 — 10 recognition distance vs 0.656 baseline recognition distance).

Based on our experiments, we found that confidence-driven selection provides an
effective, lightweight mechanism for face quality assessment, introducing
minimal computational overhead (0.93 ms at N,,, = 10). Thus, collection
windows of 5—7 images offer an optimal balance between recognition latency and
throughput (73.67-75.86 FPS). Lastly, the framework shows that strategic
recognition frequency reduction enables real-time attendance monitoring suitable
for resource-constrained environments.

Future research directions include evaluating the framework on larger and more
diverse datasets with varying lighting conditions and crowd density,
implementing dynamic collection window size adjustment based on tracking
confidence and scene characteristics, and deploying the system on embedded
platforms to assess real-world performance within practical resource constraints.
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