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Abstract: - This study benchmarks geometric and deep learning architectures for vision-based assessment of
behavioral risk factors associated with Computer Vision Syndrome (CVS). Eye blinking, head pose deviation,
and body twist were the three behaviors assessed. With accuracies of 0.9034 for blink detection and 0.9037 for
head pose estimation, the results demonstrate that DIib offered the most dependable performance for facial
analysis. For head pose analysis, the highest Fl1-score was 0.7896 at a yaw threshold of 11°, with stable
performance across the 9°—11° range. MediaPipe showed greater practical suitability for real-time body twist
detection, with processing speeds of 29.98—32.79 FPS, although its maximum accuracy was 0.4668. In contrast,
the CNN-based model was constrained by low processing speed, ranging from 4.22 to 7.32 FPS, making it less
suitable for immediate deployment. These findings indicate that effective CVS risk assessment requires a
balance between detection reliability and computational efficiency. DIlib is more appropriate for accuracy-
sensitive facial measurements, whereas MediaPipe offers better practical value for real-time posture and
movement monitoring.
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1 Introduction system should not rely on a single visual cue but
Computer and electronic device use has become ?hOUIq ana}yzc? multiple ' behE}V10ral factors,
routine in work and learning settings, increasing the including blinking, head orientation, and upper-
need to monitor Computer Vision Syndrome body movement.

Computer vision technology has evolved

(CVS), which involves both ocular symptoms and - 10 !
significantly from traditional geometric

musculoskeletal discomfort. CVS-related risk

behaviors should be monitored continuously approaches, such as Dlib-based landmark detection,
because early detection can support prevention and to neural-network-based _ m;thods anq modern
timely user feedback. A previous study reported frameworks such as MediaPipe. For b'lml.<-related
that a reduced blink rate is directly associated with detection, [3], compared CNN, MediaPipe, and
the severity of CVS, [1]. However, CVS symptoms Dhb3 reporting that Dlib can be limited .u'nder
are not limited to the eyes; they may also include varying illumination 'anq face-aqgle conditions,
neck and shoulder discomfort associated with while CNN and MediaPipe prov1d§ more stable
improper head orientation and body posture. performance. For head pose estimation, [4],
Clinical head pose estimation has been noted as a confirmed that MediaPipe algorithms are more
useful approach for identifying indicators of human robust against sudden movement .and OC_CIUS“)“
motor control and physiological abnormalities, [2]. tha? Dlib. This observatlop is consistent w1j[h, [5.],
Therefore, an effective CVS risk assessment which found that MediaPipe 1is effective in

capturing 3D facial landmarks during movement.
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In parallel, machine learning and deep learning
approaches have continued to advance. An SVM-
based approach using glabellar length features was
proposed, [6]. while advanced deep learning
models, including EyeNet and Auto-Encoder
Feature Union (AEFU), were introduced, [7], [8],
to improve detection accuracy. Furthermore, model
interpretability has become increasingly important
in medical and health-related detection systems.

Although computer vision techniques have
advanced rapidly, further comparative evaluation is
still needed to determine which architecture is most
appropriate for practical CVS risk assessment,
particularly in resource-limited settings. Previous
studies have often focused on detection accuracy,
whereas latency, computational demand, and real-
time feasibility have been examined less
extensively. However, these factors are essential
when a system is intended for deployment on
standard consumer devices. Recent studies have
increasingly highlighted this issue. A benchmark
comparison of YOLO architectures showed that
appropriately sized models can achieve high
accuracy while maintaining real-time processing
speed, [9]. This finding is consistent with evidence
that Random Forest combined with MediaPipe
features can outperform heavier deep learning
models in both accuracy and speed, [10].

Building upon this research direction, the
present study extends lightweight and real-time
model benchmarking to the specific context of
CVS risk assessment. Rather than reusing
previously published datasets or experimental
results, this work provides new task-specific
benchmarking data for CVS-related behavioral
detection, including blink detection, head pose
estimation, and body twist detection. The study
compares three primary architectures—DIib,
MediaPipe, and CNN-—across these behavioral
dimensions and evaluates their trade-offs in terms
of accuracy, precision, recall, F1-score, and FPS. In
addition, threshold sensitivity analysis is conducted
to identify balanced configurations for real-time
use. The main contribution of this study is therefore
a systematic benchmarking and threshold
optimization framework for selecting appropriate
architecture for a practical, real-time CVS risk
warning system on standard consumer devices.

The main contributions of this study are
summarized as follows. First, this study presents a
systematic benchmarking framework for CVS-
related behavioral risk assessment by comparing
Dlib, MediaPipe, and CNN across three detection
tasks: blink detection, head pose estimation, and
body twist detection. Second, new experimental
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benchmarking data are provided using task-specific
datasets rather than reusing previously published
datasets or experimental results. Third, the study
introduces F1-score-based parameter optimization
for Eye Aspect Ratio (EAR) Threshold, Yaw
Threshold, Twist Threshold, and Lean Threshold
parameters. Finally, the study evaluates both
detection performance and real-time feasibility
using classification metrics and FPS, supporting the
selection of practical architecture for real-time CVS
risk warning systems on standard consumer
devices.

2 Related Works

This section reviews the evolution of vision-based
monitoring systems, ranging from ocular fatigue
detection to comprehensive posture analysis. It
highlights the transition from traditional geometric
approaches to modern deep learning frameworks
and discusses the trade-offs between accuracy and
computational efficiency in the context of
Computer Vision Syndrome (CVS) and drowsiness
detection.

2.1 Vision-based

Monitoring
The proliferation of digital devices has necessitated
the development of non-intrusive systems to
monitor visual fatigue. A previous exploratory
study, [1], established the physiological foundation
for these systems by investigating blink behavior in
real-life settings. The study confirmed that a
decrease in blink rate, approximately 9—17 blinks
per minute was significantly correlated with the
severity of CVS symptoms, thereby supporting the
use of webcam-based monitoring as a reliable
approach for risk assessment. Expanding on feature
extraction, various eye-tracking features, including
pupil size and saccade distance, were explored, [8].
An  Auto-Encoder Feature Union (AEFU)
algorithm was proposed, demonstrating that
combining manually extracted features with deep
learning representations significantly enhances
fatigue detection accuracy compared to using raw
signals alone.

In terms of application, several platforms have
been proposed. A web-based platform called
"iISVC" was developed to utilizing the Dlib library
to calculate the EAR for preventing CVS, [11].
While effective, their system relied on fixed
thresholds, which may lack adaptability. In the
context of online learning, EyeNet, a lightweight
model optimized through knowledge distillation

Systems  for CVS
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from ResNet-18, was proposed to monitor student
fatigue in real time on resource-constrained
devices, [7]. Nevertheless, many existing systems
rely primarily on blink rate as a single indicator,
with limited consideration of broader behavioral
patterns such as head orientation and body posture,
which are important for comprehensive CVS
assessment.

2.2 Eye State Analysis Techniques

The methodology for detecting eye states has
evolved from geometric calculations to advanced
neural networks. The effectiveness of Support
Vector Machines (SVM) using facial landmarks
has been demonstrated for detecting frowning
associated with strain, [6]. Novel facial features,
such as glabellar length, were introduced to support
strain-related detection. Similarly, accessibility has
been focused on the implementation of a YOLOvVS-
based blink counter on a Raspberry Pi, [12]. This
demonstrates that deep learning can be adapted for
low-cost embedded systems.

However, the robustness of these algorithms
varies under different environmental conditions. A
comparative evaluation of CNN, MediaPipe, and
Dlib was conducted, [3]. The findings showed that
although Dlib performs well in controlled settings,
it is highly sensitive to face angles and lighting
variations. In contrast, CNN and MediaPipe
exhibited superior robustness, maintaining high
accuracy even in challenging lighting. To further
mitigate false positives in real-time detection, A
hybrid approach combining MediaPipe-based
feature extraction with Fuzzy Logic was proposed,
[13]. This approach effectively filters out noise that
traditional binary classifiers may misinterpret.
Despite these advancements, there remains a lack
of systematic sensitivity analysis regarding optimal
thresholding parameters for these algorithms,
specifically within the context of CVS, where
micro-expressions like partial blinks are common.

2.3 Head and Body Pose Estimation

Since CVS  encompasses  musculoskeletal
symptoms, such as neck and shoulder pain,
monitoring head and body posture is crucial.
Although optoelectronic motion-capture systems
are considered the gold standard for kinematic
assessment, they are impractical for daily use.
Video-based pose estimation algorithms, including
OpenFace, MediaPipe, and 3DDFA_V2, have been
validated against an optoelectronic baseline, [2].
The results demonstrated that modern RGB-based
algorithms can achieve clinically acceptable
accuracy, with an error of less than five degrees,
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thereby supporting their use in non-clinical
settings.
Regarding  algorithm  robustness  under

challenging conditions, DIlib and MediaPipe were
compared in scenarios involving facial occlusions
and spontanecous movements, [4]. The results
confirmed that MediaPipe maintains higher
accuracy and stability than DIlib when the face is
partially ~ obstructed or moving rapidly.
Furthermore, for full-body pose estimation, the
depth-ambiguity problem inherent in 2D images
has been addressed using an optimization method
based on a humanoid model combined with
MediaPipe Pose, [14]. This approach enables more
accurate estimation of 3D joint angles and supports
the analysis of complex body activities. While
these studies validate the accuracy of pose
estimation, few have explicitly benchmarked the
computational cost (latency) of these methods
when running concurrently with eye-tracking
modules on standard consumer hardware.

2.4 Comparative Analysis of Architectures
A comparative evaluation of Convolutional Neural
Networks (CNNs) and computer vision approaches
using Dlib and MediaPipe was conducted for
driver-assistance applications, [5]. The results
indicated that although CNNs are powerful,
MediaPipe provides a more efficient solution for
extracting 3D facial key-point coordinates in real-
time applications.

Most notably, transfer learning models,
including VGG16 and  ResNet50, were
benchmarked against traditional machine learning
classifiers, including Random Forest and XGBoost,
using features extracted by MediaPipe, [10]. The
results indicated that a Random Forest classifier
trained on MediaPipe features achieved the highest
accuracy of 97% and lower latency than heavier
deep learning models, such as ResNet50. This
finding challenges the assumption that "deeper is
always better" and supports investigation into
lightweight, geometry-based architecture for real-
time risk assessment systems like CVS monitoring.
Consequently, this study aims to bridge these gaps
by conducting a comprehensive benchmarking of
Geometric versus Deep Learning architectures,
specifically focusing on the trade-offs between
detection sensitivity and computational latency for
multi-modal CVS risk factors.
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3 Methodology

This study employs a systematic process to
benchmark and optimize computer vision
architectures for CVS risk assessment. The
methodology consists of four components: dataset
preparation, sensitivity analysis and threshold
optimization, architecture benchmarking and model
selection, and statistical performance evaluation.

3.1 Dataset Preparation and Experimental
Setup

To simulate real-world Computer Vision Syndrome
(CVS) risk scenarios, a custom dataset was
constructed from video data collected from 10
volunteers, consisting of 5 males and 5 females.
Each participant recorded one continuous video
clip simulating computer usage behavior, with each
clip lasting 1 minute, resulting in a total of 10
minutes of video footage. The recorded videos
served as the common experimental source for
three CVS-related behavioral detection tasks: blink
detection, head pose estimation, and body twist
detection.

For the CNN-based approaches, the recorded
videos were cropped into task-specific static image
datasets. Three separate image datasets were
prepared according to the target behavior. The
blink detection dataset consisted of two classes:
closed eyes and open eyes. The head pose
estimation dataset consisted of three classes:
looking forward, looking left, and looking right.
The body twist detection dataset included three
classes: sitting straight, twisting left, and twisting
right. Each class provided at least 3,000 images for
model training and evaluation. The CNN datasets
were then split into training, validation, and testing
subsets at an 80:10:10 ratio. Training data were
used to learn model parameters, validation data
supported performance monitoring and overfitting
control, and the test data were reserved for final
evaluation. The testing subset was not used during
model training, threshold tuning, or hyperparameter
selection.

For the Dlib- and MediaPipe-based approaches,
no model retraining or fine-tuning was performed.
Dlib employed a pre-trained 68-point facial
landmark predictor for blink detection and head
pose estimation, while MediaPipe employed a pre-
trained Face Mesh for facial landmark extraction
and MediaPipe Pose for body landmark extraction.
The original video streams were processed directly,
and the extracted landmarks were converted into
task-specific features, including the Eye Aspect
Ratio (EAR) for blink detection, Yaw-angle-based
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indicators for head pose estimation, and the
shoulder-depth-based Twist Index for body twist
detection.

For Dlib and MediaPipe, the training subset was
not used because these methods rely on pre-trained
landmark detectors and rule-based thresholding
rather than supervised model training. Their
threshold-based parameters were selected using
validation data and then evaluated using testing
data. This design ensured a consistent evaluation
protocol across all architectures while clearly
distinguishing between trainable CNN-based
models and pre-trained landmark-based
approaches.

Ground-truth labels served as the reference for
calculating the confusion matrix, accuracy,
precision, recall, Fl1-score, and inference speed in
frames per second (FPS) for each task. All
experiments were run on a standard workstation
with an AMD Ryzen 7 4800H processor operating
at 2.90 GHz and 16 GB RAM, without a discrete
GPU.

3.2 Sensitivity Analysis and Threshold
Optimization

The objective of this section was to determine the
optimal threshold parameters for the landmark-
based detection tasks. Sensitivity analysis was
conducted by systematically varying task-specific
threshold values over predefined candidate sets.
For each candidate configuration, precision, recall,
and Fl-score were measured using the validation
subset. The configuration with the highest F1-score
was selected, as this metric accounts for both false
detections and missed events, making it suitable for
imbalanced behavioral detection tasks.

Blink Detection Optimization: Blink detection
relies on the eye aspect ratio (EAR) method for
eye-closure analysis, [15]. Let pq,py, ... pg denote
the six eye landmarks. The EAR is defined as:

EAR = lp2—p6ll+Ilp3—p5||
2|lp1-p4ll

(1

A blink event is detected when the EAR value
remains below a predefined threshold 7g4pfor a
specified number of consecutive frames c. Instead of
using a fixed empirical threshold, the EAR threshold
and the consecutive-frame parameter were jointly
optimized to maximize the balance between
precision and recall. The candidate EAR threshold
set was defined as Tgag =
{0.01,0.02,0.03,0.05,0.10,0.15}, and the candidate
consecutive-frame set was defined as C = {1,2}.
The optimal blink detection configuration was selected
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by maximizing the F1-score on the validation subset,

as shown in Equation (2):
(T* C*) = ar max (2»Precision(T,c)<Recall(‘r,c))
EARY - & TETEAR, CEC Precision(t,c)+Recall(z,c)

2

Head Pose Sensitivity: For head pose estimation,
the yaw angle 6, (t) was extracted from facial
landmarks and compared against a Yaw Threshold
Tyaw- In this study, head orientation was classified
into three classes: looking left, looking right, and
looking forward. The decision rule is defined in
Equation (3):

Left, Hy(t) < —Tyaw
H(t) = Right, Qy(t) > Tyaw
Forward, |6,(t) I< Ty

3)

The candidate Yaw Threshold set was defined
as:
Tyaw = {3°,5°,7°,9°,11°,13°,15°}  (4)

The optimal Yaw Threshold was selected by
maximizing the Fl-score on the validation subset,
as shown in Equation (5):

Toaw = arg max Fl(t
yaw gTETyaw ()

(5)
where F1(t) denotes the Fl-score obtained for
each candidate Yaw Threshold 7. This formulation
enables the optimal threshold to be selected based
on the balance between false head-turn detections
and missed head-turn events.

Body Twist Sensitivity and Twist Index
Formulation: For body twist detection, MediaPipe
Pose was used to extract the left and right shoulder
landmarks. Let pis = (X5 Vi) Z1s)and — prg =
(%rs) Vrs» Zrs )denote the left and right shoulder
landmarks, respectively. The 2D shoulder distance
on the image plane is defined as:

Dshoutder = \/(xls - xrs)2 + (Vis — yrs)z
(6)

The Twist Index Ty, is computed by normalizing
the absolute relative-depth difference between the
left and right shoulders by the 2D shoulder

distance:
|Z1s—Zys]

TW - Dshoulder+€ (7)
where z;; and z,¢ are the relative depth values of
the left and right shoulder landmarks, and €
prevents division by zero. A larger shoulder-depth
difference indicates greater upper-body rotation.
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Dividing this value by Dgpouider adjusts the index
for differences in body size, camera distance, and
image resolution. This normalization reduces the
influence of subject scale, camera distance, and
image resolution, allowing the Twist Index to
represent relative body rotation rather than absolute
pixel displacement.

A body twist event is detected when the Twist
Index exceeds a predefined Twist Threshold t;,y;s;-
In addition, a Lean Threshold 7., Was considered
to account for lateral upper-body displacement. The
candidate threshold sets were defined as:

Ttwist =

{0.01,0.03,0.05,0.08,0.10,0.15,0.20,0.25} (8)

and
Tiean = {0.05,0.10,0.15,0.25} 9)
The optimal body twist configuration was
selected by maximizing the Fl-score on the
validation subset:

* * _
(Ttwist'Tlean) = arg max

Tt€T twist, T1€T 1ean

Fl(‘[t,’l‘l)
(10)

where F1(7;,7;) denotes the F1-score obtained from a
given Twist Threshold 7;and Lean Threshold ;.

3.3 Architecture Benchmarking and Model

Selection
After defining the threshold optimization
procedure, the selected computer vision

architectures were benchmarked across the three
CVS-related behavioral detection tasks. For blink
detection, Dlib, MediaPipe, and the CNN-based
model were compared. Dlib and MediaPipe relied
on landmark-based EAR computation, whereas the
CNN model performed image-based classification
between open-eye and closed-eye states.

For head pose estimation, Dlib, MediaPipe, and
the CNN-based model were evaluated for three-
class head orientation classification, consisting of
looking forward, looking left, and looking right.
Dlib and MediaPipe used landmark-based Yaw-
angle estimation, while the CNN-based model
classified cropped facial images into the
corresponding head orientation classes.

For body twist detection, MediaPipe Pose and
the CNN-based model were compared. Dlib was
excluded from this task because it does not provide
full-body posture landmarks. MediaPipe Pose
estimated body landmarks and computed the Twist
Index, whereas the CNN model classified body
posture images into sitting straight, twisting left,
and twisting right classes.
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Model selection was performed using F1-score as
the primary criterion because the behavioral classes
were imbalanced and accuracy alone could
overestimate performance. FPS was used as a
secondary criterion to assess real-time feasibility.
Therefore, the selected architecture for each task
was the configuration that achieved the most
appropriate trade-off between detection reliability
and computational efficiency.

3.4 Statistical Performance and Real-Time
Efficiency Analysis
To evaluate both detection reliability and real-time
feasibility, each architecture was assessed using
classification performance metrics and
computational  efficiency  indicators. The
experiments were conducted using the recorded
video dataset and the independent testing subsets
prepared for the CNN-based models. Although the
experiments were conducted offline, the measured
inference speed provides an indicator of the
system’s potential for real-time deployment on
general-purpose hardware.

Classification Metrics: Since the behavioral
classes were imbalanced, accuracy was reported
together with precision, recall, and Fl-score to
provide a more complete evaluation of model
performance. These metrics were calculated for
each experimental task and are defined as follows:

TP+TN

Accuracy = (11)
TP+TN +FP+FN
Precision = _TP_ (12)
TP+ FP
Recall :L (13)
TP+FN
F1—Score = 2x Precision x Recall (14)

Precision + Recall

where TP, TN, FP, and FNrepresent true positives,
true negatives, false positives, and false negatives,
respectively. The Fl-score was used as the primary
criterion for threshold optimization and model
selection because it provides a balanced measure
between precision and recall, particularly in
imbalanced behavioral detection tasks.

Head Pose Error Margin: For head pose
estimation, the error analysis was based on the
discrepancy between the annotated head-orientation
labels and the predicted orientation classes. The
error analysis was based on misclassified samples

E-ISSN: 2224-3402

596

Mathuros Panmuang, Chonnikarn Rodmorn

in each head pose class, including looking forward,
looking left, and looking right. False positives,
false negatives, precision, recall, and F1-score were
reported for each class.

Computational Latency: Real-time feasibility
was examined using inference speed in frames per
second (FPS). For each architecture, FPS was
calculated from the processing time measured across
a continuous sequence of N = 2000 frames. FPS
was calculated as follows:

FPS = ——2

>N Ti/1000 (13)
where T; denotes the processing time of frame iin
milliseconds, and Ndenotes the total number of
processed frames. In this study, N was set to 2000
to obtain a stable measurement of inference speed.
In addition, CPU utilization was monitored to
assess computational resource consumption. The
final model selection considered Fl-score as the
primary indicator of detection reliability and FPS
as the secondary indicator of real-time feasibility,
ensuring that the selected architecture was both
sufficiently accurate and computationally efficient
for general-purpose devices.

4 Results and Discussion

This study evaluated and compared the
performance of three computer vision architectures:
Dlib, MediaPipe, and CNN. The evaluation
covered three CVS-related behavioral detection
tasks: blink detection, head pose estimation, and
body twist detection. The analysis focused on both
detection reliability and real-time feasibility, using
Accuracy, Precision, Recall, F1-score, and FPS as
evaluation indicators. In line with the methodology,
Fl-score was used as the primary criterion for
selecting balanced configurations because the
behavioral classes were imbalanced, while FPS was
used as a secondary criterion for assessing real-
time applicability.

In the performance testing of the CNN-based
models, CNN differed fundamentally from the
landmark-based approaches used in Dlib and
MediaPipe. CNN models were trained using task-
specific image datasets, whereas Dlib and
MediaPipe were evaluated using pre-trained
landmark extraction frameworks and threshold-
based decision rules. Therefore, CNN performance
depended mainly on the training process, including
the number of epochs and data augmentation
techniques, while Dlib and MediaPipe performance
depended mainly on the selected threshold
parameters. The CNN values reported in this
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section represent the results obtained from the best-
performing trained models.

4.1 Parameter Sensitivity Analysis for
Blink Detection
The blink detection performance of Dlib,

MediaPipe, and the CNN-based model under
varying EAR threshold values and consecutive-
frame settings is compared in Table 1 (Appendix).

According to Table 1 (Appendix), the Dlib-
based EAR approach provided the most balanced
blink detection performance among the tested
architectures. At an EAR threshold of 0.01 with
one consecutive frame, the model obtained the
highest accuracy. However, the best F1-score was
obtained with an EAR threshold of 0.02 with one
consecutive frame. Because it produced an
accuracy of 0.9034, a precision of 0.6269, a recall
of 0.1927, and an Fl-score of 0.2948, this
configuration was selected for blink detection.
Increasing the consecutive-frame parameter to 2
generally reduced Recall and Fl-score for Dlib,
suggesting that blink events in this dataset occurred
rapidly and could be missed when more
consecutive frames were required. This finding
aligns with [3], who noted that DIlib can provide
accurate results in controlled environments but
remains sensitive to environmental factors and
threshold variations when parameters are not
properly optimized.

MediaPipe achieved substantially higher FPS
than Dlib, with frame rates above 60 FPS across all
tested configurations. However, its Recall and F1-
score remained very low across all EAR threshold
settings, with the highest Fl-score reaching only
0.0084. This indicates limited sensitivity to blink
events in this dataset. Therefore, although
MediaPipe is computationally efficient, its blink
detection reliability was insufficient under the
tested conditions. This finding is consistent with
previous work showing that MediaPipe performs
efficiently in real-time facial landmark detection,
[5], However, detailed or subtle facial movements
may remain challenging depending on the task and
dataset.

The CNN-based model achieved an Accuracy
of 0.8865 but produced a very low Recall of 0.0046
and an Fl-score of 0.0084, with the lowest FPS
among the compared methods at 4.22 FPS. This
indicates that, in the present experimental setting,
the CNN-based model showed limited suitability
for real-time blink detection. The result suggests
that image-based CNN classification may require
larger or more diverse training data to improve
generalization for rapid blink events. Overall, the
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Dlib-based EAR method provided the most
balanced trade-off between detection reliability and
real-time feasibility for blink detection.

4.2 Head Pose Estimation Performance
Comparison

Table 2. (Appendix) presents the performance
comparison of Dlib, MediaPipe, and the CNN-
based model for head pose estimation. DIlib and
MediaPipe were evaluated using candidate Yaw
Threshold values ranging from 3° to 15°, while the
CNN-based model was evaluated as an image-
based three-class classifier without threshold
adjustment. The results demonstrate how variations
in the Yaw Threshold affected Accuracy, Precision,
Recall, F1-score, and FPS

Table 2. (Appendix) presents the performance
comparison for head pose estimation using
different Yaw Threshold values. The results show
that DIlib achieved the strongest overall
performance among the compared architectures.
The optimal Dlib configuration was found at a yaw
threshold of 11° using the F1-score-based selection
criterion specified in the technique. DIlib obtained
an accuracy of 0.9037, precision of 0.8391, recall
of 0.7456, Fl-score of 0.7896, and FPS of 10.70
with this cutoff. With an accuracy of 0.9005 and an
Fl-score of 0.7874, the 9° threshold likewise
performed similarly. According to these findings, a
yaw threshold of 9° to 11° offers a good
compromise between minimizing false detections
from minute, normal head motions and identifying
significant head rotations

MediaPipe achieved higher inference speed than
Dlib, with FPS values of approximately 75-79
across the tested yaw thresholds. Its best F1-score
was obtained at a yaw threshold of 3°, where
Accuracy, Precision, Recall, Fl-score, and FPS
were 0.8511, 0.6028, 0.5463, 0.5732, and 76.30,
respectively. MediaPipe is more suitable for
applications where a high frame rate is required,
while DIlib is better suited to tasks that require more
reliable classification.

The CNN-based model's results were 0.8033 for
accuracy, 0.2701 for precision, 0.3333 for recall,
0.2984 for F1-score, and 6.54 for FPS. Its F1-score
and processing speed were still behind the best Dlib
and MediaPipe settings, even if its accuracy was
comparable to certain MediaPipe results. In this
experiment, the CNN approach was therefore less
suitable for real-time head pose estimation. A
larger and more varied training dataset may be
needed to improve three-class head orientation
classification. This indicates that, in the present
experimental setting, the CNN-based model
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showed limited suitability for real-time head pose
estimation. The result suggests that image-based
classification may require larger or more diverse
training data to improve generalization for reliable
three-class head orientation estimation.

These findings support the importance of head
pose estimation for CVS-related behavioral risk
assessment. Previous studies have emphasized that
head pose detection can provide useful information
for assessing posture-related discomfort, including
neck and back pain, [2], [4]. The present results
further show that Dlib provides stronger
classification reliability for head orientation based
on yaw-angle estimation, whereas MediaPipe
provides higher real-time efficiency.

This finding is consistent with previous work
showing that MediaPipe is effective for real-time
landmark detection, [5]. However, it may still have
limitations in fine-grained head orientation
analysis. Furthermore, the lower FPS of the CNN-
based model supports previous observations that
deep learning models may be more suitable for
tasks that do not require immediate real-time
responsiveness, [12].

From the perspective of benchmarking novelty,
the results in Table 2 (Appendix) provide task-
specific evidence for selecting lightweight
computer vision architectures in CVS risk
assessment. Rather than evaluating head pose
estimation only by Accuracy, this study compares
Dlib, MediaPipe, and CNN using Accuracy,
Precision, Recall, Fl-score, and FPS under a
unified protocol. This supports the contribution of
the study by providing new benchmarking evidence
for real-time CVS-related head pose estimation.

4.3 Body Twist Detection Performance
Comparison

Body twist detection is important for evaluating
upper-body movement as a behavioral indicator
related to posture risk in Computer Vision
Syndrome (CVS). Such movement may be
associated with neck, shoulder, and back
discomfort during prolonged computer use or
improper sitting posture. This study compares the
performance of MediaPipe Pose and the CNN-
based model for body twist detection. Dlib was
excluded from this task because it provides facial
landmarks but does not provide full-body posture
landmarks. MediaPipe Pose was evaluated using
different Twist Threshold and Lean Threshold
values, whereas the CNN-based model was
evaluated as an image-based body posture
classifier. The results are shown in Table 3
(Appendix).
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The results indicate that MediaPipe Pose
achieved higher FPS than the CNN-based model
across all tested threshold settings, indicating better
real-time feasibility for body landmark analysis.
Based on Accuracy alone, the highest value was
0.4668 at a Twist Threshold of 0.25 with a Lean
Threshold of 0.05 or 0.25. However, model
selection was based on the Fl-score due to the
unbalanced behavioral classes. The MediaPipe
configurations with the highest Fl-score were
identified using a Twist Threshold of 0.10 and a
Lean Threshold of 0.05 or 0.15. The accuracy,
precision, recall, and F1-score for this arrangement
were 0.4176, 0.3167, 0.2955, and 0.3057,
respectively.

A Twist Threshold of 0.10 gave the most
balanced MediaPipe result for body twist detection,
particularly in terms of Precision and Recall.
Higher Twist Threshold values, such as 0.25,
improved Accuracy but reduced Recall and F1-
score. This pattern suggests that stricter twist
thresholds may fail to capture some body twist
events. The results also show that changes in the
Lean Threshold had a limited influence on the final
classification performance compared with the
Twist Threshold, indicating that the shoulder-
depth-based Twist Index played a more direct role
in body twist detection in this dataset.

The CNN-based model achieved an Accuracy of
0.4023, a precision of 0.3158, a recall of 0.3520, an
Fl1-score of 0.3329, and a FPS of 7.32. Although it
produced the highest Fl-score in Table 3
(Appendix), its FPS was much lower than that of
MediaPipe Pose. This result indicates that CNN
may provide better classification balance for body
posture images in the current dataset, but its low
inference speed limits its suitability for real-time
body twist detection. In contrast, MediaPipe Pose
provided a more practical trade-off for real-time
deployment because it maintained competitive
classification  performance while achieving
approximately 30-32 FPS across the tested
configurations.

Body twist detection is a relevant component of
CVS risk assessment because upper-body
movement and improper posture may contribute to
neck, shoulder, and back discomfort. Body
movement and posture-related behavior detection
has been emphasized as important for preventing
musculoskeletal discomfort and promoting long-
term postural correctness, [4], [14]. In this study,
MediaPipe Pose was considered more practical for
real-time body twist detection because it offered
full-body landmark extraction and maintained
substantially higher processing speed than the
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CNN-based model. This finding is consistent with
previous work showing that MediaPipe is efficient
for pose detection, particularly in scenarios where
processing speed is important, [5].

Table 3 (Appendix) provides task-specific
benchmarking evidence for body twist detection in
CVS risk assessment. Unlike previous studies
focusing mainly on facial behaviors or general pose
detection, this study compares MediaPipe Pose and
the CNN-based model under a unified protocol. It
also examines Twist Threshold and Lean Threshold
sensitivity, offering practical guidance for
parameter selection in real-time CVS risk warning
systems

5 Conclusion and Future Work

This study evaluated three computer vision
architectures for CVS-related behavior detection:
blink detection, head pose estimation, and body
twist detection. The findings show that model
suitability varies by task, particularly in the balance
between detection accuracy and real-time
feasibility.

For blink detection, the Dlib-based EAR
approach gave the most balanced result. The
selected setting was an EAR threshold of 0.02 with
one consecutive frame, producing an Accuracy of
0.9034, a precision of 0.6269, a recall of 0.1927, an
Fl-score of 0.2948, and a FPS of 10.54. MediaPipe
was faster, but its low Recall and F1-score suggest
limited sensitivity to blink events in this dataset.

For head pose estimation, Dlib performed best
overall. A yaw threshold of 11° produced an
Accuracy of 0.9037, a precision of 0.8391, a recall
of 0.7456, an Fl-score of 0.7896, and a FPS of
10.70. The comparable result at 9° suggests that the

9°-11° range 1is appropriate for detecting
meaningful head turns while reducing false
positives.

For body twist detection, MediaPipe Pose was
more practical for real-time use. It maintained
approximately 31-32 FPS, with its best F1-score of
0.3057 at a Twist Threshold of 0.10 and a Lean
Threshold of 0.05 or 0.15. Although the CNN-
based model achieved a higher F1-score of 0.3329,
its speed was limited to 7.32 FPS.

Overall, no single architecture consistently
outperformed the others across all CVS-related
behaviors. Dlib was more effective for facial
landmark-based tasks, particularly blink detection
and head pose estimation. MediaPipe Pose was
more practical for real-time body twist detection
because of its higher FPS and full-body landmark
capability. CNN-based models showed potential for

E-ISSN: 2224-3402

599

Mathuros Panmuang, Chonnikarn Rodmorn

image-based posture classification but were limited
by low inference speed. These findings support
task-specific architecture selection for CVS-related
behavior detection systems.

Future work should extend this benchmarking
study toward an integrated real-time CVS risk
assessment  framework.  Additional factors,
including screen distance, vertical and horizontal
viewing deviation, gaze direction, blink rate, eye
movement patterns, and continuous usage duration,
should be incorporated to support multi-factor risk
assessment. Future studies should also examine
session-based behavioral patterns over time and
evaluate the framework in real-user environments
with diverse lighting conditions, camera angles,
user distances, and working postures. This would
help assess robustness and practical applicability
for real-time CVS risk warning systems.
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APPENDIX
Table 1. Performance Comparison of Models for Blink Detection
Model Architecture | Threshold (EAR) | Consecutive Frames | Accuracy | Precision | Recall | F1-score | FPS
Dlib 0.01 1 0.9077 0.8095 0.1560 | 0.2616 9.58
0.02 1 0.9034 0.6269 0.1927 | 0.2948 10.54
0.03 1 0.8938 0.4746 0.1284 | 0.2021 10.52
0.05 1 0.8894 0.3333 0.0550 | 0.0944 10.23
0.10 1 0.8721 0.0200 0.0046 | 0.0075 10.44
0.15 1 0.8524 0.0000 0.0000 | 0.0000 10.49
0.01 2 0.8976 0.7273 0.0367 | 0.0699 10.38
0.02 2 0.8981 0.5938 0.0872 | 0.1521 10.96
0.03 2 0.8923 0.4167 0.0688 | 0.1181 10.83
0.05 2 0.8918 0.3871 0.0550 | 0.0963 10.22
MediaPipe 0.01 1 0.8841 0.0400 0.0046 | 0.0083 63.90
0.02 1 0.8832 0.0370 0.0046 | 0.0082 70.52
0.03 1 0.8851 0.0000 0.0000 | 0.0000 70.78
0.05 1 0.8856 0.0000 0.0000 | 0.0000 65.80
0.10 1 0.8635 0.0000 0.0000 | 0.0000 69.01
0.15 1 0.8827 0.0000 0.0000 | 0.0000 71.73
0.01 2 0.8865 0.0500 0.0046 | 0.0084 70.42
0.02 2 0.8846 0.0000 0.0000 | 0.0000 73.12
0.03 2 0.8856 0.0000 0.0000 | 0.0000 72.48
0.05 2 0.8861 0.0000 0.0000 | 0.0000 73.09
CNN - - 0.8865 0.0500 0.0046 | 0.0084 4.22
Source: created by the authors
Table 2. Performance Comparison of Models for Head Pose Estimation
Model Architecture Threshold (Yaw) Accuracy Precision Recall F1-score FPS
Dlib 3 0.4745 0.5025 0.6056 0.5492 10.57
5 0.7030 0.5962 0.6823 0.6364 10.67
7 0.8535 0.7312 0.7369 0.7340 10.74
9 0.9005 0.8268 0.7516 0.7874 10.62
11 0.9037 0.8391 0.7456 0.7896 10.70
13 0.8965 0.8407 0.7105 0.7701 10.65
15 0.8838 0.8335 0.6613 0.7375 10.71
MediaPipe 3 0.8511 0.6028 0.5463 0.5732 76.30
5 0.8559 0.6389 0.5152 0.5705 75.36
7 0.8232 0.5447 0.3972 0.4594 79.45
9 0.8033 0.2678 0.3333 0.2970 76.86
11 0.8033 0.2678 0.3333 0.2970 76.91
13 0.8033 0.2678 0.3333 0.2970 76.14
CNN - 0.8033 0.2701 0.3333 0.2984 6.54
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Table 3. Performance Comparison of Models for Body Twist Detection

Model Architecture | Threshold (Twist) | Threshold (Lean) | Accuracy | Precision | Recall | Fl-score | FPS

MediaPipe 0.01 0.05 0.1362 0.2297 0.3447 | 0.2758 32.72
0.03 0.05 0.1891 0.2851 0.3108 | 0.2974 32.06
0.05 0.05 0.2724 0.3025 0.2978 | 0.3001 32.79
0.08 0.05 0.3719 0.3065 0.2892 | 0.2976 31.93
0.10 0.05 0.4176 0.3167 0.2955 | 0.3057 31.52
0.15 0.05 0.4471 0.3055 0.2747 | 0.2893 31.93
0.20 0.05 0.4588 0.2865 0.2497 | 0.2668 29.98
0.25 0.05 0.4668 0.2765 0.2364 | 0.2549 31.14
0.01 0.10 0.1362 0.2297 0.3447 | 0.2758 32.36
0.03 0.10 0.1891 0.2851 0.3108 | 0.2974 31.85
0.05 0.10 0.2724 0.3025 0.2978 | 0.3001 32.49
0.08 0.15 0.3719 0.3065 0.2892 | 0.2976 31.62
0.10 0.15 0.4176 0.3167 0.2955 | 0.3057 31.85
0.15 0.15 0.4471 0.3055 0.2747 | 0.2893 32.29
0.20 0.25 0.4588 0.2865 0.2497 | 0.2668 31.48
0.25 0.25 0.4668 0.2765 0.2364 | 0.2549 30.87

CNN - - 0.4023 0.3158 0.3520 | 0.3329 7.32
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