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Abstract. The rise of digital platforms for physical activity in the post-pandemic period has driven the demand
for accessible and automated solutions to support and correct exercise performance remotely. Recent advances in
computer vision have enabled the development of systems that provide real-time feedback using only conventional cameras,
eliminating the need for specialized sensors. Using the Design Science Research (DSR) methodology, a web-based
solution for real-time exercise assessment powered by machine learning was developed as an artifact. This work covers the
entire development pipeline, including data collection and labeling, training of machine learning models, conversion and
optimization for inference in the browser environment, and integration into a fully functional and responsive prototype
web application. Furthermore, a modular software design is proposed to support scalability and extensibility, allowing the
seamless inclusion of new validation strategies. Results show that all trained models achieved accuracies above 90% and
executed efficiently in the browser, with inference times below 5 ms across different devices.
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1 Introduction

During the COVID-19 pandemic, social distancing measures
led to a significant increase in at-home physical activity. The
use of digital platforms to support exercise was associated
with higher levels of physical activity during this period. Par-
ticipants who engaged with such platforms were more likely to
remain physically active than their inactive peers throughout
the study period [Rocha et al., 2024].

Despite this growth in digital fitness engagement, the ab-
sence of professional supervision and individualized guidance
introduced significant health risks. Martinez et al. [2020]
conducted a large-scale survey on Twitter during the lock-
down period and found that 12% of respondents had suffered
lockdown-related musculoskeletal injuries, with 5% requiring
surgical intervention. Notably, 61% of participants exercised
independently, often following non-personalized online rec-
ommendations. The study emphasized that many of the exer-
cise routines were performed randomly or intensely without
proper technique, increasing the likelihood of injury. Further-
more, much of the online content was produced by unqualified
influencers, further compounding the risks.

In this context, the development of automated systems ca-
pable of detailed, real-time motion analysis using non-invasive
and cost-effective technologies becomes increasingly relevant.
While promising, the implementation of machine learning
(ML) models for exercise validation still faces challenges in
accuracy, data quality, and integration into existing practices.
Establishing standardized protocols and frameworks is crucial
for ensuring reliable, interdisciplinary applications [Roggio
et al., 2024].

Traditionally, human movement analysis relied on high-
cost systems involving high-speed cameras, reflective markers,

and motion sensors. Intermediate solutions like Microsoft
Kinect [Newcombe et al., 2011] represented a leap forward by
enabling markerless motion capture through RGB and infrared
sensors. However, such systems still posed limitations in
terms of portability, cost, and ease of deployment.

Recent advancements in computer vision and deep neural
networks have enabled real-time pose estimation using only
conventional cameras. Models like BlazePose [Bazarevsky
etal.,2020] achieve high accuracy in detecting body keypoints
even on mobile devices, eliminating the need for specialized
hardware and allowing for more accessible and non-intrusive
analysis.

Given this scenario, this work presents a web-based so-
lution for real-time automated exercise assessment powered
by machine learning. Focusing on the high plank exercise
as a case study, the approach covers data extraction, transfor-
mation and loading (ETL), the training of exercise validation
models and their integration into a prototype web application
for real-time evaluation. By bridging technical innovation
with practical applicability, this solution aims to contribute
to the development of smarter and more inclusive tools for
remote physical activity monitoring.

The remainder of this paper is organized as follows: Sec-
tion 2 discusses related work involving pose estimation and
ML-based exercise assessment. Section 3 outlines the theoret-
ical foundations that support this research. Section 4 describes
the DSR paradigm and how it guided the development and
evaluation of the proposed solution. Section 5 presents the
main results obtained, covering model evaluation, application
performance, and proposed software design. Finally, Sec-
tion 6 provides concluding remarks and suggests directions
for future work.
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14 Ethical issues

This research utilized human images for AI model training
from two primary sources: a publicly available repository on
the Kaggle platform and images of the authors themselves,
obtained with appropriate consent. The images and code are
available in a public GitHub repository to ensure research
reproducibility.

The Kaggle dataset Yoga For All [Fong and Otto,
2025] was distributed under the MIT License, which permits
unrestricted use, distribution, and modification, provided that
the original copyright notice and license terms are included.

No personal or sensitive data were used in this research.
All images employed are either publicly available or obtained
with explicit consent from the authors, and none contain iden-
tifiable information or metadata that could be linked to indi-
vidual identities.

A total of 363 images were used in this study. Of these,
333 images were sourced from the Kaggle dataset while the
remaining 30 images were captured from the authors.

The dataset comprises 285 images of individuals identi-
fied as female and 78 images identified as male. This gender
imbalance is primarily attributable to the characteristics of
the Kaggle dataset, which focuses on yoga practice and pre-
dominantly features female participants, reflecting common
trends in publicly available yoga-related image datasets. The
inclusion of images from the authors, which exclusively de-
pict male subjects, contributed to a modest increase in gender
diversity within the dataset. Nevertheless, this imbalance re-
mains a limitation of the present study, as the predominance
of female samples may compromise the generalizability of
the trained models to male users.

The Kaggle dataset used in this study does not provide de-
tailed demographic metadata, such as age, body type, or other
anthropometric attributes. The absence of this information
limits the possibility of a more comprehensive demographic
characterization of the dataset. Inferring or annotating such
attributes would require specific resources, professional ex-
pertise, and ethical approval, which were beyond the scope of
this research. Since the primary focus of this study is not the
training of novel pose estimation models, but rather the end-to-
end integration and deployment of existing machine learning
models within a web-based exercise assessment system, a
deeper demographic composition analysis was not conducted.

All pose estimation and classification processes are exe-
cuted locally in the user’s web browser. The trained models
run entirely on the client side, and no images, video frames,
or extracted pose data are transmitted to external servers or
stored persistently. This enhances security and privacy by
ensuring that user data remains confined to the local execu-
tion environment, minimizing the risks associated with data
leakage, unauthorized access, or misuse of personal visual
information.

This study presents a proof-of-concept prototype in-
tended to serve as a foundation for future web-based applica-
tions in automated exercise assessment. It must not, under
any circumstance, replace the assessment or supervision of
certified health and sports professionals.
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2 Related Work

Several studies have explored the use of computer vision tech-
niques for exercise detection and/or assessment based on pose
estimation. Some approaches validate exercises by checking
whether joint angles fall within predefined thresholds, while
others rely on machine learning (ML) techniques to assess
more complex movements.

Kwon and Kim [2022] proposed a program designed
to guide users in performing squats and push-ups with the
correct posture. The system estimates the user’s body land-
marks from real-time webcam footage and calculates joint
angles to determine whether the exercise is being executed
correctly. If the angles fall outside the predefined ranges, the
system provides feedback to help the user adjust their posture
accordingly.

G et al. [2023] developed a workout trainer using pose
estimation models that process the user’s live video feed to
extract body landmarks. The system calculates the angles
formed by body parts during push-up and bicep curl exercises
and compares them against expected ranges for each move-
ment. Feedback is then provided based on this comparison,
guiding the user on how to improve their form.

Sugawara [2022] introduced a pose estimation-based so-
lution that extracts human body landmarks and uses them as
input to a neural network model to classify exercise types:
squats, pull-ups or push-ups. Exercise assessment is per-
formed by calculating the error between ideal angles and
those extracted from the user’s movement. Once the error
exceeds a certain threshold, the system provides corrective
feedback to improve posture.

Ko et al. [2024] conducted a comparative analysis of
various ML and deep learning algorithms for posture classifi-
cation in bench press, squat, and deadlift exercises. Their ap-
proach stands out for providing personalized feedback in real
time that helps users adjust their form. The ML models used
include logistic regression, ridge classification, random for-
est, and gradient boosting. In addition, several deep learning
solutions were developed, such as fully connected neural net-
works (FCNN), MLP-Mixer, and Transformer architectures.
This study combines angle-based assessment with ML-driven
analysis, as well as text-to-speech (TTS) technology, to enrich
the feedback provided to users.

Pires et al. [2025] proposed an automated ergonomic
assessment system that leverages human pose estimation for
real-time posture analysis in industrial environments. Their
approach combines YOLO' models for person detection
with BlazePose for extracting 2D and 3D body landmarks
from RGB video streams captured by surveillance cameras.
Based on the estimated joint positions, the system computes
Rapid Upper Limb Assessment (RULA) scores to quantify er-
gonomic risks associated with workers’ postures. The authors
demonstrate that computer vision—based pose estimation can
provide an objective and scalable alternative to traditional
observational ergonomic assessments, which are often sub-
jective and labor-intensive.

In addition to individual system proposals, systematic

You Only Look Once (YOLO) is a real-time object detection system
that uses a single deep learning model to find and classify multiple objects
in an image or video by looking at the whole image just once.
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analyses of the literature have sought to consolidate knowledge
on the application of pose estimation for exercise assessment.
Difini et al. [2021] conducted a systematic literature review
focusing on pose estimation techniques applied to sports and
exercise training scenarios, analyzing studies published be-
tween 2011 and 2021. Their review highlights a progressive
shift from traditional feature-based methods to deep learn-
ing—based approaches, which significantly improved keypoint
detection accuracy in 2D images and videos. However, the
authors also identify persistent challenges, including motion
blur, self-occlusion, fast and complex movements, and the
limited availability of domain-specific datasets.

Similarly, Dias et al. [2023] also carried out a literature
review focusing on the application of human pose estimation
techniques to physical exercise analysis, with particular em-
phasis on calisthenics training. Motivated by the increased
practice of at-home and outdoor exercises during the COVID-
19 pandemic, the authors reviewed studies that employed pose
estimation libraries such as OpenPose and MediaPipe to as-
sist users in posture analysis and movement correction. The
authors concluded that human pose estimation represents a
powerful tool for exercise guidance, highlighting its effec-
tive application in health-related contexts such as physical
rehabilitation, education and interactive systems.

Despite the increasing sophistication of automated exer-
cise validation systems, recent studies have highlighted im-
portant limitations in current pose estimation models when
applied to health or clinical contexts. Moreira et al. [2024],
for instance, evaluated the performance of several monocular
pose estimation models integrated into a mobile application
for assessing upper limb range of motion (ROM). Their results
demonstrated that although models such as MoveNet Thun-
der INT16 showed promising accuracy in certain shoulder
movements, errors greater than 10° were common, particu-
larly in elbow flexion. The authors emphasize that, despite the
potential of pose estimation models to facilitate quantitative
assessments, their current accuracy remains insufficient for
reliable clinical use without professional oversight. These
findings underscore the importance of combining automated
analysis with expert supervision.

Gongalves et al. [2024] conducted a comprehensive re-
view of computer vision techniques applied to the detection
and correction of physical exercise postures. The authors high-
light that, despite the technological advances in body pose
detection and movement tracking, most existing approaches
remain fragmented, focusing on specific algorithmic aspects
rather than integrated and accessible solutions. They identify
several persistent challenges, such as the high computational
demands of pose estimation models, difficulties in handling
occlusions, and inconsistencies caused by different camera
hardware and lighting conditions. The authors concluded
that there is a clear concern with algorithms and their accu-
racy, but an application through an integrated app that allows
users with a mobile device to perform their exercises safely
anywhere with specific postures is still less visible.

The proposed application in this work aims to automate
physical exercise validation systems, drawing inspiration from
the approaches found in the literature but also detailing how
these models can be effectively employed in broadly avail-
able environments, such as modern web browsers. Rather
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than focusing solely on proposing new classification models,
this work emphasizes the end-to-end integration of existing
machine learning techniques into a modular, scalable, and
browser-compatible solution. This practical perspective ad-
dresses the often-overlooked challenges of deployment, perfor-
mance, and usability, thus bridging the gap between academic
research and real-world application in digital health technolo-
gies.

3 Theoretical Framework

This section presents the fundamental concepts and technolo-
gies employed in this work.

34 Pose Estimation

Pose estimation is a computer vision technique that involves
identifying and locating human body joints or parts from
images or videos. The primary goal is to accurately estimate
the position of landmarks — such as wrists, elbows, knees, and
ankles — that together form a structural representation of the
human skeleton in 2D or 3D points [Zheng et al., 2023].

This technique has gained wide applicability in fields
such as digital animation, human-computer interaction, motor
rehabilitation, sports analysis, and physical activity monitor-
ing. One of the major advantages of modern pose estimation is
its ability to run in real time using only standard RGB cameras,
without the need for depth sensors or wearable devices.

MediaPipe is an open-source framework developed
by Google that provides a collection of machine learning
pipelines for real-time perception tasks. Its pose estimation
pipeline is a variant of the BlazePose model [Bazarevsky
etal.,2020], which incorporates the Generative Human Model
(GHUM) [Xu et al., 2020], a 3D human shape modeling
pipeline, to estimate a person’s full body 3D pose from im-
ages and videos.

This solution, which we will refer to simply as BlazePose,
is capable of computing the 3D coordinates of 33 human body
landmarks and returns two types of coordinates: normalized
landmarks and world landmarks.

Normalized landmarks refer to coordinates relative to
the image dimensions. The x and y coordinates range from
[0, 1], representing the relative position with respect to the
top left corner of the image (e.g., points (1, 1) and (0.5, 0.5)
correspond to the bottom right corner and the center of the
image, respectively). The z coordinate represents relative
depth (distance from the camera), but not in real-world scale.
These points are especially useful for 2D visualization overlaid
on the original image.

World landmarks, on the other hand, refer to absolute
coordinates in a 3D space, expressed in meters, with the origin
of the reference system positioned at the center of the hips.
This system is more suitable for kinematic analysis and more
accurate spatial measurements.

3.2 Angle Calculation

The use of joint angles as a human-meaningful representation
of kinematic data is particularly promising for applications
where interpretability and dialogue with human experts are
important, such as in many sports and medical applications
[Schlegel et al., 2024]. Given three 3D points obtained, for
example, by using pose estimation models such as BlazePose,
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it is possible to compute the angle between the vectors con-
necting these points.

Using joint angles instead of raw point coordinates offers
several advantages, such as reduced dimensionality, invari-
ance to translation and scale, and improved generalizability
across different body types and initial positions. This compact
and robust representation has been successfully employed in
several studies involving human motion analysis.

Given three points p;, p2, and pgs, the following vectors
can be defined:

u=p2—p1
V=DpP3— P2

The angle 6 between these vectors, in radians, is defined
as:

6 = arccos <uv> , 6€l0,n] (1)
[[ul[[[v]]

3.3 Classification Models

Classification models (or simply classifiers) are a type of
machine learning model used to categorize data (commonly
referred to as tuples?) into predefined classes. The training
process of a classifier involves learning a mapping function
f+ X — y from a labeled dataset, where each tuple is asso-
ciated with a known class label (the terms class and label are
often used interchangeably to denote the categorical outcome
that the model aims to predict). Once trained, the classifier
can predict labels for unseen data. These models are widely
applied in domains such as fraud detection, targeted mar-
keting, performance prediction, manufacturing, and medical
diagnosis [Han et al., 2011].

One commonly used technique to improve the accuracy
of classification models is the use of ensemble methods. An
ensemble model is a composite model composed of multi-
ple individual classifiers, whose predictions are combined to
produce a more accurate and robust final decision. Ensemble
methods are generally more accurate than their individual
component classifiers, as they leverage the strengths and di-
versity of each model to reduce bias and variance [Han et al.,
2011].

3.4 Evaluation Metrics

The evaluation of supervised machine learning models, par-
ticularly for classification tasks, requires statistical metrics
that quantify prediction quality. Commonly used metrics are
accuracy, precision, recall, and F1-score.

These metrics are derived from the confusion matrix, a
table that summarizes the number of correct and incorrect
classifications, allowing for a detailed analysis of how the
model performs across different classes. Table 1 shows the
structure of a confusion matrix for binary classification.

The predictions are organized into four categories:

* True Positive (1T'P): number of positive samples cor-
rectly classified as positive;

» True Negative (1'N): number of negative samples cor-
rectly classified as negative;

* False Positive (F'P): number of negative samples incor-
rectly classified as positive (false alarms);

2A tuple is an ordered collection of elements that can contain different
types of data.
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Actually Actually
Positive (1) | Negative (0)
T Fal
Predicted r.u.e a? %e
Positive (1) Positives Positives
(TPs) (FPs)
Predicted Fals.e Tru:e
Negative (0) Negatives Negatives
(FNs) (TNs)

Table 1. Binary confusion matrix (adapted from Draelos [2019])

* False Negative (F'N): number of positive samples incor-
rectly classified as negative (missed detections).

Based on these categories, the metrics are defined as
follows:

e Accuracy: Represents the proportion of correct predic-
tions—both positive and negative—relative to the total
number of evaluated samples. It is a general perfor-
mance metric and is especially useful when classes are
balanced.

TP+ TN

A - 2
CUrACy = G N T P FN 2

* Precision: Measures the reliability of positive predic-
tions, i.e., the proportion of instances predicted as pos-
itive that are truly positive. This metric is particularly
important in scenarios where false positives are undesir-

able. TP
Precision = ———— 3
recision TP+ FD 3)

* Recall: Also known as sensitivity or true positive rate,
this metric quantifies the model’s ability to correctly
identify all positive instances.

TP
Recall = ———— 4
T TPYFN @
* Fl-score: Represents the harmonic mean between pre-
cision and recall. It is especially useful when classes
are imbalanced or when both false positives and false
negatives are relevant.

Fl-score — 2 - Prec%s%on x Recall 5)
Precision + Recall

3.5 ONNX

The Open Neural Network Exchange (ONNX?) is an open
standard format developed by Microsoft and Meta to enable
seamless interoperability between various machine learning
frameworks. Its primary goal is to allow models trained in one
framework (such as PyTorch, TensorFlow, Keras, or scikit-
learn) to be exported and used across different platforms and
runtimes without the need for retraining or complex conver-
sions.

ONNX models are represented using a computational
graph structure, where each node corresponds to a specific
operation (e.g., matrix multiplication, convolution, activation
functions) and each edge represents the data flow between

*https://onnx.ai/
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operations. This graph-based representation makes the format
highly portable and optimizable.

A key component of the ONNX ecosystem is the ONNX
Runtime, a high-performance inference engine optimized for
cross-platform deployment. It supports hardware accelera-
tion through providers such as CUDA (for NVIDIA GPUs),
DirectML, TensorRT, and OpenVINO, making it suitable for
use on both cloud infrastructure and edge devices.

Another relevant aspect of ONNX is the availability of li-
braries for web-based inference, such as ONNX.js and ONNX
Runtime Web. These JavaScript-based tools allow pre-trained
ONNX models to be executed directly in the browser, without
requiring server-side computation. This client-side capabil-
ity reduces latency, enhances scalability, and improves data
privacy, since user data does not need to leave the local de-
vice. Additionally, web-based inference facilitates broader
accessibility, as it only requires a modern browser and does
not depend on specific operating systems or hardware config-
urations.

4 Materials and Methods

This study constitutes an applied and exploratory research
effort, aiming to investigate and demonstrate the training and
integration of machine learning models within a web applica-
tion capable of performing real-time automated assessment
of physical exercise execution. In addition to its practical
application, the study also proposes a modular and scalable
software design that facilitates such integration. Thus, it con-
tributes both to technological innovation and methodological
advancement in the development of accessible tools for re-
mote monitoring of physical activities.

The Design Science Research (DSR) paradigm was
adopted as the central methodology for the development and
evaluation of the technological artifact, following a system-
atic approach to solving practical problems in the domain of
automated exercise assessment [Peffers et al., 2007].

The research process was structured into six stages,
adapted to the context of this study: (1) problem identifi-
cation; (2) definition of solution objectives; (3) design and
development; (4) demonstration; (5) evaluation; (6) commu-
nication of results.

In Steps 1 and 2, the problem was identified and the
solution objectives were defined based on an analysis of the
research context and the identification of gaps in both the
scientific literature and existing technological solutions. This
process involved a literature review using databases such as
Google Scholar and ResearchGate, supplemented by an explo-
ration of open-source repositories, commercial fitness appli-
cations, and previous studies on pose estimation and exercise
assessment. The review showed a lack of accessible, browser-
based tools capable of providing automated and immediate
feedback on exercise execution using pose estimation tech-
niques. In light of this context, the objective was to develop a
lightweight, modular, and real-time web application capable
of validating physical exercises through pose-based inference,
integrating multiple validation strategies while ensuring ease
of use and extensibility.

Stage 3 involved the development of the artifact across
two main fronts. First, the training of the machine learn-
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ing models was conducted using a dataset composed of 363
images of the target exercise, collected from two primary
sources: the publicly available Kaggle repository Yoga For
All [Fong and Otto, 2025] and images produced by the au-
thors themselves. The Kaggle dataset provided pre-labeled
samples organized into the folders correct and incorrect.
The images captured by the authors were labeled by the au-
thors themselves, with incorrect samples obtained through
deliberately misperformed executions designed to reproduce
common posture errors, and correct samples following estab-
lished biomechanical guidelines for proper execution. The
models were trained using 16 angles computed from body
landmarks extracted via BlazePose as input features. The
evaluated classifiers included Gradient Boosting, Logistic Re-
gression, Random Forest, Support Vector Machine (SVM),
and a Fully Connected Neural Network (FCNN). All trained
models were exported to the .onnx format for integration
into the web application, and their performance was evaluated
using the metrics described in Section 3.4.

The second front focused on the development of a mod-
ular and extensible web application implemented using the
React framework. The application features a responsive user
interface that allows users to select exercises and models, ini-
tiate camera capture, and receive real-time visual feedback. It
integrates BlazePose for in-browser pose estimation and per-
forms local classification using the selected machine learning
model. The software architecture is centered on shared inter-
faces that abstract validator behavior, enabling the seamless
integration of multiple validation strategies, such as machine
learning models, empirical rules, or ensemble methods. This
design promotes separation of concerns and adheres to soft-
ware engineering best practices, supporting maintainability,
scalability, and reusability.

In Stage 4, the solution was demonstrated through con-
trolled tests conducted by the authors themselves, who per-
formed the high plank exercise in front of the camera to verify
the application’s ability to accurately capture body movements
and provide the expected real-time feedback. This step al-
lowed for validation of the full application pipeline, from pose
estimation to exercise classification.

Stage 5 consisted of evaluating the application’s func-
tionality based on a qualitative analysis carried out by the
authors. Different variations of the exercise were intention-
ally performed to simulate both correct and incorrect postures.
In addition, inference times were measured for each classifi-
cation model across different devices, including both desktop
and mobile environments, in order to assess the performance
and responsiveness of the application under varying hardware
conditions. The evaluation focused on the system’s ability to
distinguish these variations accurately and provide consistent
and timely feedback in accordance with the model outputs.

Finally, Stage 6 is represented by this publication, which
aims to communicate the proposal, development process, chal-
lenges encountered, and the results obtained, contributing to
the growing body of literature on the application of machine
learning and computer vision techniques to the assessment of
physical exercises.
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5 Results

This section presents the resulting web application with the
integrated models, in addition to the proposed software design.
It also details the entire model training pipeline: from data
collection, labeling, and preprocessing to the definition of
model architectures and hyperparameters and training results.

5.1 Web Application

The web application was developed using the React frame-
work, in combination with the @mediapipe/tasks-vision
package, which incorporates the BlazePose model for pose
estimation. In the main interface, shown in Figure 1a, the user
can select the exercise to be evaluated. Once selected, the
"Modelo" ("Model" in Portuguese) dropdown menu becomes
available, listing the classification models for that exercise, as
illustrated in Figure 1b.

Validador de
Exercicios

Validador de
Exercicios

Prancha Alta “jeu Prancha Alta  “j*ss_

Modelo *
—
: L

Modelo *
Empirico

Ensenble
FCNN
Gradient Boosting

Random Forest

Regressao Logistica

(a) Web app main page (b) Model selection

Figure 1. Screenshots of the main page

By clicking the "ABRIR CAMERA" button ("OPEN
CAMERA" in Portuguese), the application initiates the load-
ing process of the camera, the BlazePose model and the se-
lected classification model. Once all components are loaded,
the interface begins displaying the camera feed in real time
along with the inference result based on the extracted body
landmarks.

If no body is detected by BlazePose, the application
displays the message "aguardando posicao" ("waiting pose"
in Portuguese), as seen in Figure 2a. As soon as a body is
detected, its landmarks are processed, and the classification
result is shown to the user, as shown in Figures 2b, 2¢ and 2d.

Note that, in the case of negative feedback from the
empirical model, unlike the other classifiers, it is possible
to provide more specific guidance about what is incorrect in
the execution because this model evaluates each joint angle
individually against predefined threshold values, allowing it to
identify which specific movement parameters deviate from the
expected range. This is seen in Figure 2d, where the message
"Mantenha os punhos alinhados os ombros e quadris" ("Keep
the wrists aligned with the shoulders and hips " in Portuguese)
is displayed instead of simply "incorrect".
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Unlike the empirical model, the ML models present a
limitation regarding the specificity of the feedback provided.
Since these models were trained using only binary labels
(correct and incorrect), they are unable to identify which
particular aspect of the movement caused an incorrect classifi-
cation. This restricts the precision of the feedback delivered to
the user. Such limitation could be mitigated by training mod-
els with more detailed labels or by adopting hybrid approaches
that combine machine learning models with rule-based mod-
els, such as the empirical model, to generate richer and more
informative feedback.

Furthermore, when the application is used without ex-
ternal assistance, the user may face difficulties in observing
the feedback on the screen while performing the exercise. A
potential solution, adopted by other authors such as Ko et al.
[2024], is the inclusion of auditory feedback, allowing users
to receive verbal cues in real time without interrupting the
exercise execution.

5.2 Software Design

Figure 3 presents a high-level UML class diagram of the
proposed software design. It follows the SOLID principles to
ensure modularity, extensibility, and ease of maintenance.

The system is structured around a common Classifier
interface, which abstracts the validation logic independently
of the underlying implementation. This design allows differ-
ent validation strategies—such as machine learning models
or rule-based approaches—to be used interchangeably and
combined when needed. Model management and instantia-
tion are centralized through a factory mechanism, ensuring
controlled loading and efficient resource usage.

Pose estimation and exercise validation are encapsulated
in separate components, decoupling motion capture from
classification logic. This separation facilitates scalability and
simplifies the integration of new exercises or models.

5.3 Training Process

This topic describes the process of collecting, preprocessing
and augmenting the training data, as well as the definition and
evaluation of the trained models.

5.3.1 Data Collection and Preprocessing

A dataset was constructed by collecting 363 images represent-
ing both correct and incorrect executions of the high plank
exercise. The sources used for this purpose were the Kaggle
repository Yoga For All [Fong and Otto, 2025] and images
from the authors themselves.

To ensure diversity in the dataset, images with varying
resolutions, body proportions, and camera angles were se-
lected. After curation, all images were manually labeled with
the classes correct (correct execution) or incorrect (incorrect
execution).

The input to the models consisted of joint angles com-
puted from the world landmarks extracted using BlazePose.
These angles were calculated using Equation 1, and subse-
quently normalized by dividing them by m, resulting in values
Bnorm € [0, 1].

Data augmentation was employed to enhance the ro-
bustness and generalizability capability of the models. For
each image in the dataset, multiple variations were generated
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Figure 2. Exercise execution feedback

through controlled geometric transformations applied prior
to landmark extraction.

Specifically, for every original image, a combination of
horizontal mirroring, rotation, and scaling operations was
applied according to predefined parameters. The mirroring
operation was used to simulate left-right symmetry and in-
troduce pose variability across both body sides. Rotational
transformations were applied with angles of —15°, —5°, 5°,
and 15°, while scaling factors of 0.9 and 1.1 were employed to
mimic variations in camera distance and subject proportions.

These transformations were performed before passing
each image to the BlazePose model, ensuring that the resulting
sets of world landmarks reflected genuine geometric variations
introduced by the augmentation. For every combination of
mirroring, rotation, and scaling, landmarks were extracted
and converted into a vector of joint angles.

Importantly, due to BlazePose’s non-deterministic be-
havior under image transformations, the same anatomical
points exhibit slightly different coordinates across augmented
versions of the same image. This results in meaningful vari-
ability in the computed joint angles, effectively increasing the
diversity of the training data.

5.3.2 Model Definition
The classification models used in this study were organized
into two main groups:

¢ Non-neural models:

— Gradient Boosting

Logistic Regression

Random Forest

Support Vector Machine (SVM)

¢ Neural network-based models:
— Fully Connected Neural Network (FCNN)

Additionally, a non-ML-based model was incorporated
into the web application to validate exercises by verifying

whether the joint angles between specific body landmarks
fall within predefined thresholds. These thresholds were em-
pirically determined based on measurements extracted from
images of correctly performed exercises. Due to that, this
model will be referred to as the empirical model.

Another model incorporated into the web application
was the ensemble model, which combined the outputs of the
previously mentioned ML and empirical models. The en-
semble performed a majority voting process to determine the
final classification. This strategy aimed to enhance decision
robustness by incorporating multiple assessment perspectives.

It is important to emphasize that the empirical and en-
semble models were not developed to compete with the ML
models in terms of predictive performance. Rather, their pur-
pose was to showcase the flexibility of the proposed software
design, specifically, its ability to seamlessly integrate rule-
based validation strategies (commonly found in the literature
reviewed in Section 2) within the same interface adopted for
ML classifiers.

The models were implemented using the Python pro-
gramming language. The FCNN was built and trained us-
ing the Keras* package. The non-neural models were imple-
mented with the scikit-learn® package.

For model evaluation, the dataset was split into train-
ing and testing subsets using a 70/30 ratio through the
train_test_split function from scikit-learn. A fixed ran-
dom seed was used to ensure that all models were trained and
evaluated on identical splits, allowing for a fair comparison
of results.

To validate the high plank exercise, we considered joint
landmarks from both sides of the body, specifically the wrists,
elbows, shoulders, hips, knees, and ankles.

As discussed in Section 5.3.2, the models were trained
using joint angles as input features. The 16 angles employed
were calculated from the following groups of three landmarks:

“https://keras.io/
Shttps://scikit-learn.org/stable/
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Figure 3. UML class diagram
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5.3.3 Hyperparameters and Model Architecture

The selection of hyperparameters for the non-neural models
was performed using a grid search with cross-validation, im-
plemented through the GridSearchCV function. The specific
hyperparameters used for each model are presented in Table 2.

Figure 4 illustrates the architecture of the FCNN used in
this study. The input layer consists of 16 normalized angles,
as described in Section 5.3.2.

Following the input layer, a dense layer with 64 neu-
rons and ReLU activation function maps the angles into a
higher-dimensional representation space. This is followed by
a batch normalization layer, which normalizes the outputs of
the previous layer to promote training stability and accelerate
convergence.

Next, a dropout layer with a 30% dropout rate is applied
to reduce the risk of overfitting by randomly deactivating

Table 2. Hyperparameters used in grid search for non-neural models

Gradient Boosting

learning_rate 0.01,0.1,0.5, 1

n_estimators 50, 100, 200, 300, 500

subsample 0.6,0.8,1.0

min_sample_split 2,5, 10, 20, 50

max_depth 3,5,10

Logistic Regression

C 0.01, 0.1, 1, 10, 50, 100

penalty None, 11, 12, elasticnet

solver Ibfgs, liblinear, newton-cg,
newton-cholesky, sag, saga

max_iter 10, 100, 1000, 10000

Random Forest

n_estimators 10, 50, 100, 200

criterion gini, entropy, log_loss

max_depth None, 10, 20, 50

min_samples_split 2,5,10

min_samples_leaf 1,2,5,10

SVM

C 0.01, 0.1, 1, 10, 50

kernel linear, poly, rbf, sigmoid

degree 2,3,4,5,10

gamma scale, auto

30% of the neurons during each training epoch. The archi-
tecture continues with a second dense layer containing 32
neurons, also followed by batch normalization and dropout
layers (30%).

The final layer is a dense layer with two units and a
sigmoid activation function, outputting the probabilities asso-
ciated with the correct and incorrect classes.
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Figure 4. FCNN model diagram

The model was compiled using the Adam optimizer with
an initial learning rate of 10~3. The loss function adopted
was binary cross-entropy, which is appropriate for binary
classification tasks with probabilistic outputs.

To improve training efficiency and prevent overfitting
or convergence stagnation, the following callbacks were em-
ployed:

 EarlyStopping: Automatically halts training if the vali-
dation loss does not improve for 50 consecutive epochs.
With the parameter restore_best_weights=True,
the model restores the weights corresponding to the
epoch with the lowest validation loss.

* ReduceLROnPlateau: Automatically reduces the learn-
ing rate in response to validation loss stagnation, trig-
gered after 30 epochs without improvement. This helps
fine-tune convergence in the later stages of training.

5.3.4 Training Results

The models were trained using 3768 samples labeled as cor-
rect and 3769 samples labeled as incorrect. They were evalu-
ated using a test set of 108 samples, consisting of 38 labeled
as correct and 70 as incorrect. The random seed used in
the train_test_split function was 993139. Overall, the
models performed similarly, achieving accuracies above 95%.
This result was expected, as the plank exercise is easier to
validate due to the body remaining static.

The best hyperparameters found for the non-neural mod-
els among those defined in Section 5.3.3 are presented in
Table 3.

For the FCNN model, we set a batch size of 32 and a
maximum of 1000 epochs for training. Due to the callbacks
described in Section 5.3.3, the training was stopped early after
80 epochs. The accuracy and loss curves are shown in Figure
5.

The graphs indicate rapid convergence within the first
few epochs and no significant signs of overfitting or under-
fitting, as shown by the convergence and proximity between
training and validation metrics. A comparison of model per-
formance is presented in Table 4.

Table 3. Best hyperparameters found for each model

Gradient Boosting

learning_rate 0.1

n_estimators 500

subsample 0.8

min_sample_split 10

max_depth 5

Logistic Regression

C 10

penalty 11

solver saga

max_iter 10

Random Forest

n_estimators 10

criterion entropy

max_depth None

min_samples_split 5

min_samples_leaf 2

SVM

C 1

kernel rbf

degree 2

gamma scale

Table 4. Comparison of training results with test set

Model Accuracy Precision Recall Fl-score
FCNN 0.9815 0.9797 09797  0.9797

Grad. Boost.  0.9907 0.9872  0.9929  0.9899

Log. Regr. 0.9815 0.9797 09797  0.9797
Rand. For. 0.9907 0.9872  0.9929  0.9899

SVM 0.9815 0.9797 09797 0.9797

5.4 Web Application Evaluation

To assess the models’ behavior, the authors conducted tests by
performing the target exercise both correctly and incorrectly,
as well as varying specific joint angles to simulate border-
line cases. These tests allowed the evaluation of how each
model responded to different execution patterns, helping to
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Figure 5. Training performance of the FCNN model

identify strengths and limitations in their classification strate-
gies. It is important to note that the evaluation did not involve
professionals from the fields of physical education, physio-
therapy, or sports science, which would have been ideal to
ensure biomechanical correctness and safety. However, this
limitation was considered acceptable within the scope of the
present work, as the primary goal was not to develop and val-
idate the exercise evaluation itself, but rather to demonstrate
the complete process of training, deploying, and integrating
machine learning models into a web-based application.

During testing, it was observed that, at certain angles and
distances from the camera, correct executions were occasion-
ally classified as incorrect. Interestingly, when the camera
position was slightly adjusted, the same execution was often
reclassified as correct by the model. This behavior, illustrated
in Figure 6, suggests that small variations in certain view-
points can influence landmark detection and, consequently,
the classification outcome.

(a) Correct execution misclassified as in- (b) Same execution correctly classified af-

correct ter slight camera adjustment

Figure 6. Example of a false negative classification influenced by camera
viewpoint

To further validate the web application, the Gradient
Boosting model was tested using a dataset of 40 images, 20
correct and 20 incorrect, collected from the authors them-
selves at different camera positions in the web application.
This model was selected among the others because it achieved
the highest accuracy during the training stage. The objective
of this evaluation was to verify whether the performance ob-
served in the training would translate into consistent results

within the real-time web-based environment.

The obtained results are summarized in the confusion
matrix presented in Table 5. Overall, the model achieved
an accuracy of 85%, correctly identifying the majority of
both correct and incorrect executions. However, a relatively
larger number of false incorrect classifications was observed,
where the model marked an execution as incorrect despite
it being performed correctly. Those results are consistent
with the observations that certain camera angles and distances
occasionally led the model to classify a correct execution as
incorrect.

Table 5. Confusion matrix of Gradient Boosting model in web
application testing

Predicted Correct Predicted Incorrect
Actual Correct 15 5
Actual Incorrect 1 19

This limitation can be mitigated through two complemen-
tary strategies. First, by enriching the training dataset with
images captured from a wider variety of favorable viewpoints,
the models can learn to become more robust to variations in
camera positioning. Second, the application itself can pro-
vide guidance to the user, suggesting recommended camera
angles and distances that maximize the accuracy of landmark
detection.

Another analysis carried out was the inference time of
the models, which was measured across the following devices:
Samsung Galaxy A3 Core (I), Samsung Galaxy A53 5G (II),
Samsung Galaxy A54 5G (III), Apple iPhone 11 (IV). Ta-
ble 6 summarizes the average inference times and standard
deviations obtained for BlazePose on each evaluated device.

Table 6. BlazePose inference time (mean = std. deviation)

Device Time (ms)
I 1020.8000 £ 9.0308
11 129.0200 £ 13.5378
I 94.2200 4 14.3955
v 51.1500 £ 5.7643

Table 7 presents the average inference times and stan-
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dard deviations for the classification models trained in this
work, also measured on the evaluated devices. For Device IV,
inference times are only reported for the empirical model due
to a limitation observed during testing: models that required
loading a . onnx file remained indefinitely in the loading state
on iOS. This behavior suggests a possible error in the ONNX
file loading process, since the empirical model, which does
not depend on external .onnx files, was executed without
issues.

All models show significantly lower inference times than
the time required to extract landmarks using BlazePose. This
indicates that model inference is not a performance bottleneck
in the complete real-time analysis pipeline.

Device I, being a lower-end smartphone with more lim-
ited computational resources, exhibited the lowest overall
performance among the tested devices. Although the clas-
sification models showed higher inference times compared
to the other devices, they were still able to execute within a
timeframe compatible with real-time use. The main perfor-
mance bottleneck was observed in the BlazePose inference
stage, which required approximately 1 second per frame on
this device. This latency implies that the system would take
over one second to provide feedback to the user, significantly
reducing the responsiveness of the application. These results
highlight that, despite the classification stage being compu-
tationally lightweight, real-time pose-based validation may
still be constrained on less capable devices due to the higher
processing demands of the landmark extraction stage.

The empirical model is naturally the fastest, given the
simplicity of its validation strategy. Additionally, it has a key
advantage in terms of interpretability: by identifying which
angles fall outside the expected ranges, it becomes possible
to directly infer which joints are misaligned, facilitating the
generation of specific feedback for the user.

Consequently, this type of model may be preferable for
isometric exercises, such as the high plank, where the joint
angles remain within well-defined ranges, making it sufficient
to correctly define these thresholds. It can also be ideal for
verifying whether joints are within expected angle intervals,
while delegating the validation of joint movements and dy-
namic patterns to more robust models, such as those based on
machine learning.

6 Conclusion

This work presented the development of a web application
prototype for automated and real-time assessment of exercise
execution, integrating machine learning models with pose es-
timation directly in the browser. The system design allows for
scalable integration of new exercises and classifiers, ensuring
flexibility and maintainability.

From a broader perspective, this study represents an ad-
vancement towards the universality and accessibility of physi-
cal activity monitoring. By demonstrating a complete process
for developing web-based applications for automated exercise
validation, it expands the applicability of such technologies
beyond controlled or specialized environments. While several
related works have proposed similar validation systems in
desktop or standalone applications, the proposed prototype
leverages the Web as an execution environment, requiring no
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installation and being compatible across devices and operat-
ing systems, thus contributing to more inclusive and readily
deployable digital health tools.

Ensemble models were highlighted as a promising ap-
proach, enabling strategies such as model specialization by
body segment, early stopping on critical errors, or weighted
voting schemes. These extensions point to the potential of
evolving the application into more intelligent and robust sys-
tems.

The high plank exercise was chosen as a case study
due to its isometric nature and easier validation. The as-
sessment was intentionally simplified to a binary output
(correct/incorrect), as the focus of this work was to
demonstrate the end-to-end pipeline of data collection, train-
ing, and web integration, rather than optimizing exercise vali-
dation per se.

The inability to load certain ONNX-based models on
iOS devices revealed a compatibility issue that must be ad-
dressed to guarantee broader accessibility. As future work, we
envision extending the application to more complex exercises
and exploring related domains such as gesture recognition
and sign language.

We acknowledge several limitations concerning the
dataset and methodology. The experiments were conducted
in a controlled setting with executions performed only by the
authors, without external validation from sports professionals.
Additionally, the training data was small and did not consider
demographic or phenotypic diversity, which may introduce
biases and reduce the model’s generalizability across differ-
ent populations. These limitations were tolerated given the
exploratory and demonstrative scope of this project, however,
they must be addressed in future research and in any user-
oriented applications to ensure reliability, inclusiveness, and
safety.

Finally, it is important to emphasize that this system,
both in its current prototype form and in potential future
commercial or research versions, is not intended to replace
the supervision of qualified professionals. Instead, it should
be used as a complementary tool to support physical educators
and health practitioners in promoting safer and more effective
exercise execution.
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