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As professional and recreational activities increasingly rely on laptops and smartphones, proper ergonomics has become essential
in the modern sedentary lifestyle. Slouching or prolonged lumbar flexion from improper posture can lead to musculoskeletal
disorders, including low back pain and intervertebral disc herniation. To reduce these risks, posture monitoring and classification
systems can detect improper posture and provide immediate corrective feedback. Previous studies have applied CNNs with
side-view images or traditional machine learning with front-view images. However, side-view methods require additional cameras
that limit practical use, while landmark-based approaches are often sensitive to detection errors. Moreover, many studies rely on
small, private datasets due to difficulties in construction and privacy concerns, posing a challenge to ensuring generalization and
comparing results across studies. This study classifies posture from frontal webcam images using CNN-based and traditional
machine learning models. A synthetic dataset was created with increased image variation to overcome dataset limitations and
privacy concerns, and made available publicly. Prediction models classified posture into proper, improper, and cautionary
classes on real and synthetic datasets. Ten traditional machine learning models and five CNN models were compared. Results
demonstrate that CNN-based models outperformed traditional machine learning approaches, with AUC values of 0.993±0.007
vs. 0.953±0.048 for distinguishing postures. On the synthetic dataset, CNNs also demonstrated robustness and effectiveness
(0.928±0.008 vs. 0.833±0.033). These results underscore the feasibility of developing front-facing webcam-based posture
monitoring applications using deep learning methods to enhance ergonomic practices during computer use.
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tary Posture, Body Landmark Detection

Introduction

As professional and recreational activities increasingly rely on
laptops and smartphones, postural habits in daily life have sig-
nificant implications for spinal health in the digital age. In
particular, prolonged sitting with poor posture, such as slouch-
ing or hunching, exerts considerable pressure on the interverte-
bral discs. These poor postures can potentially lead to various
musculoskeletal disorders and may also require surgical inter-
ventions1,2. Currently, more than 600 million individuals world-
wide suffer from back pain, and the patient population continues
to rise as sedentary lifestyles become widespread3. Recent data
indicate that adults and children spend an average of nine and
twelve hours sitting per day, respectively, with more than three
and a half hours typically allocated to computer use4,5. Besides
the physical discomfort that people may experience, a graver
problem is that such poor postural habits often go overlooked un-
til they manifest as back pain or more serious conditions, such
as herniated discs. Given the potential health complications,

associated healthcare costs, and impact on quality of life, pre-
ventative measures to maintain proper sitting postures are worth
investigation6. To solve this problem, previous studies have
attempted to classify posture using machine learning or deep
learning based on physical sensors or images; however, these
approaches have limitations in both usability and performance
due to the need for additional devices and landmark detection
errors.

This study explores posture classification using both tradi-
tional machine learning models and Convolutional Neural Net-
work (CNN)-based deep learning models, based on the frontal-
view images, which can be readily obtained from built-in we-
bcams in typical working environments. Evaluating these ap-
proaches demonstrates how different levels of information from
image frames influence classification performance. Ten tradi-
tional machine learning models were tested, including Logis-
tic Regression, Support Vector Machine, Random Forest, Ex-
tra Trees, Gradient Boosting, XGBoost, LightGBM, CatBoost,
K-Nearest Neighbors, and Multilayer Perceptron, while CNN-
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based models investigated included AlexNet, DenseNet, ResNet,
and VGGNet.

In addition, previous studies have generally relied on small
datasets, making it challenging to evaluate model generaliz-
ability and compare results across studies. Dataset sizes were
typically limited because collecting large datasets was burden-
some, and publishing human face datasets was constrained due
to privacy concerns. To address these issues, in this study, a
synthetic dataset was constructed using obtained image data and
made publicly available on GitHub.

In summary, the main contributions of this study are:

• Posture classification was comparatively explored using
both traditional machine learning models and CNN-based
deep learning models, based on frontal-view images that
are practical for real-world use, as they can be readily
obtained from built-in webcams.

• A synthetic dataset was constructed to increase image di-
versity and enhance generalization, and was released to
enable comparison of results across studies without raising
privacy concerns.

The remainder of this paper is organized as follows. In Re-
lated Work, previous posture classification studies and their
limitations are introduced. In Methods, the construction pro-
cesses of both real and synthetic datasets are explained, and
the operation of traditional machine learning and deep learning
models using these datasets is described. The Results section
provides detailed descriptions of the experimental parameters
used and demonstrates the performance of the two types of mod-
els. In the Discussion, the findings are analyzed and interpreted,
and finally, the Conclusion summarizes the study and highlights
its key contributions.

Related Work

Physical sensors have previously been used to develop artificial
intelligence (AI) models for posture analysis. One such pro-
posed method is to create a dynamic chair to identify and predict
postures for live adjustments7. Pressure sensors and electronics
have also been researched for wheelchairs to collect data and
classify postures in real time8–10. Despite the AI-driven classi-
fication, these methods require additional equipment, limiting
their practicality in everyday settings.

In addition to hardware-based models, classification through
images has also been explored. CNN-based image classification
has been tested with side-view images11. Still, using side-view
images requires an additional camera in typical laptop-based
working environments12. Although front-view images have also
been used in prior studies, only traditional machine learning
models based on hand-crafted features have been evaluated13,
without applying CNN models that could provide better classifi-
cation performance for two-dimensional image data.

Unlike these approaches, this study classifies posture from
webcam-based frontal images, which can be easily captured in
everyday settings, using both traditional machine learning and
CNN-based deep learning models, and evaluates their compara-
tive performance.

Methods

The methodology is divided into two main sections: dataset
construction and posture classification processes, which are
described sequentially in this section. For data construction, as
illustrated in the top row of Figure 1, real and synthetic image
datasets are created along with annotations. Using these datasets,
both traditional machine learning models and CNN-based deep
learning models are trained for posture classification to assess
how different levels of image information in the data influence
classification performance (bottom row of Figure 1).

Fig. 1 A diagram of the methodology of this study. The top row
illustrates dataset construction process, and the bottom row shows the
posture classification process for traditional machine learning (ML)
and deep learning (DL).

Dataset Construction

Data Acquisition

Fourteen volunteers were recruited for this study with informed
consent. The first step in constructing the dataset for posture
identification from a frontal view is to collect videos from both
the front and side views simultaneously, as posture is more easily
distinguishable from the side view. This ensures accurate an-
notation for the frontal view. Specifically, one smartphone was
positioned to capture lateral-view videos from the right-hand
side of a subject, while the laptop’s built-in camera simultane-
ously recorded front-view videos. After the lateral video began
recording, the subject started the front-view webcam video with
a beep sound. The subjects were then given verbal instructions
every 3-5 seconds to transition between proper and improper
postures. After approximately 30 seconds of changing postures
in this way, the subject paused the front-view webcam video
before the smartphone video in the lateral-view was stopped.
This process was repeated for all fourteen volunteer subjects.
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Each pair of videos was then synchronized by precisely align-
ing the start of the frontal videos with the peak of the starting
sound waveform amplitude captured in the lateral videos, and
the excess frames at the beginning and end of the lateral videos
were trimmed (Figure 2). Every frame was extracted from each
30 frames per second (FPS) video using OpenCV, resulting in
approximately 13,400 image frames across the fourteen subjects.
Lastly, each frame was cropped to 512x512 pixels around the
subject’s face to match the resolution of the synthetically gen-
erated images, as described under Synthetic Data Generation.

Fig. 2 Detection of the beep sound recorded in the lateral video to
synchronize with frontal video.

Data Annotation

Labels for the posture image frames were created to classify
the postures into three classes: proper posture, improper pos-
ture, and cautionary posture. Instead of using binary classes
(i.e., proper and improper postures), a transitional posture class,
denoted as cautionary’ throughout the paper, was included be-
tween them to enable the prediction model to alert users of a
potential shift toward poor posture, serving as a cautionary warn-
ing system within the application. For example, the real-time
posture monitoring system can issue alerts when users devi-
ate from proper posture, thereby enabling early intervention
before a significant change occurs. To protect data privacy, par-
ticularly for videos containing human subject faces, the entire
annotation process was conducted locally without relying on
any cloud-based labeling platforms such as Amazon Mechanical
Turk (MTurk)14.

Each time frame was labeled as proper, improper, or caution-
ary posture using two fundamental criteria: verbal instruction-
based qualitative definitions and anatomical angle-based quanti-
tative criteria. The first criterion is based on prior knowledge of
the continuity of body postures following the verbal instruction
during data acquisition. The second criterion is based on key
anatomic angles that define proper (e.g., straight neck and torso)
and improper postures. Specifically, the sequence of verbal in-
structions from the lateral-view videos was used to manually
determine continuous intervals of proper and improper postures.
The neck, torso, and shoulder angles extracted from the front-

and lateral-view images using the MediaPipe Pose library were
then used to refine the boundaries distinguishing transitional
posture from either proper or improper posture (Figure 3)15.
Once the proper and poor regions were defined using both qual-

Fig. 3 Definitions of torso angle, neck angle, and shoulder angle. A)
The neck and torso angles are computed from the side view using the
MediaPipe Pose library by extracting body landmarks from the right
ear, right shoulder, and right hip15. These three landmarks form two
vectors (blue arrow): the neck vector connecting the shoulder and ear
landmarks, and the torso vector connecting the shoulder and hip
landmarks. B) The shoulder angle is computed from the front view
using the MediaPipe Pose library by detecting the left and right
shoulder landmarks, which are used to create a shoulder vector (blue
arrow). The shoulder angle is defined as the angle between the
shoulder vector and the horizontal vector.

itative and quantitative angle-based criteria, the overlapping
areas of these regions were designated as the final annotation
for proper and poor postures (Figure 4). The rest of the regions
were labeled as cautionary, which is the transition period be-
tween the proper and poor postures. Regarding the anatomical
angle criteria, a straight neck angle, a straight torso angle, and a
horizontal shoulder alignment fundamentally constitute proper
posture. Therefore, using neck and torso angles, two critical
side-view angles were calculated: the neck angle, defined as
the angle between the neck vector and a vertical vector, and the
torso angle, defined as the angle between the torso vector and
a vertical vector. To determine the angular thresholds, various
combinations of torso, neck, and shoulder angles were itera-
tively tested to maximize agreement with the verbal instructions
while avoiding regions with frequent subtle angle changes due
to the rule-based threshold method, thereby reducing labeling
fluctuations. For example, although the rule-based threshold
method resulted in a Cautionary’ posture label around 30 sec-
onds in Figure 4, this region was labeled as Proper’ posture
corresponding to verbal instructions to eliminate inconsisten-
cies. The following thresholds were adopted to provide clear
boundaries between label transitions:

• Proper posture: neck angle < 38◦ AND torso angle > 163◦

AND shoulder angle > 175◦

© The National High School Journal of Science 2025 NHSJS 2025 | 3



Fig. 4 Frame annotation process using neck, torso, and shoulder angle
thresholds along with verbal instruction labels. A) Comparison of
labels from verbal instructions, labels from angle thresholds, and final
labels after identifying intersected ranges for proper and improper
postures, B) Neck and torso angles over time with thresholds for
proper and improper postures, C) Shoulder angles over time with
thresholds for proper and improper postures

• Improper posture: neck angle > 43◦ OR torso angle <
155◦ OR shoulder angle < 165◦

• Cautionary posture: otherwise (38◦ < neck angle < 43◦

OR 155◦ < torso angle < 163◦ OR 165◦ < shoulder angle
< 175◦)

As a result, the proportions of proper, proper and cautionary
postures were 36%, 33% and 31 %, respectively.

Synthetic Data Generation

A synthetic dataset was constructed alongside the real dataset to
increase the dataset’s diversity and robustness and address data
privacy concerns. For this dataset, synthetic images correspond-
ing to each real frame were generated with variations in subject
and background, while maintaining identical postures, since pos-
ture is the most critical factor in this study. To best replicate the
postures of the human subjects, a ControlNet v1.1 model based
on StableDiffusion v1.5, a text-to-image diffusion model, was
utilized16,17. The model can precisely control the structure of
generated images through spatial conditionsspecifically, image
depth conditions in this study.

To introduce variation in subjects and backgrounds, the
prompts provided to the diffusion model included seven cat-
egories: age, gender, lighting, clothing, ethnicity, body shape,
and background. Each category contained 10 different phrases,

except for background, which included approximately 100 differ-
ent backgrounds. The total number of possible prompts was 108,
as a prompt was created by randomly selecting one phrase from
each category, for example: young adult woman, natural light
lighting, wearing casual clothes, standing in a city street, East
Asian, slim body, in a caf, with long hair. One unique prompt
is generated for each frame of the original dataset, resulting in
approximately 13,400 prompts. Each depth image estimated
from the real images was then combined with its prompt into the
ControlNet v1.1 model to generate a synthetic image with the
same posture, as shown in Figure 5, while retaining the same
label as the corresponding real frame18.

Fig. 5 Examples of real images (top row) and their corresponding
synthetic images with posture preserved (bottom row)

Traditional Machine Learning Model Develop-
ment

Ten traditional machine learning models were built to classify
postures based on numerical feature data derived from anatomic
landmarks detected in the frontal view. Distances and angles
between the facial and shoulder landmarks were employed to
convert 2D image data into tabular feature data for training
and testing classification models. Specifically, posture-related
features were extracted from the images and were saved as a
comma-separated variable (csv) file. Feature selection algorithm
was then applied to choose the most important set of features
from the collected feature set, removing irrelevant or redundant
ones (bottom left diagram of Figure 1). These selected features
were finally input into machine learning models for posture
classification (bottom right diagram of Figure 1).

Feature Extraction

For developing machine learning models, each 2D image data
was converted into 1D feature vector based on anatomic land-
marks detected: the distance from each shoulder landmark to
each facial landmark, the angle between the vectors from each
facial landmark to left and right shoulder landmarks, and the
horizontal tilt of the shoulders. These distances and angles can
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