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 Physical fitness assessment is crucial for evaluating an individual's 
physical performance and endurance. However, traditional methods 
often rely on manual observation, which can lead to subjectivity and 
inconsistent results. This study proposes a machine learning-based 
approach for physical fitness evaluation through motion detection using 
pose estimation and exercise classification models. A quantitative 
method was employed to train and evaluate models for four exercise 
types: push-ups, sit-ups, pull-ups, and chinning. Each model was 
trained separately and assessed using accuracy, precision, recall, and 
F1-score metrics, achieving accuracies of 97.50% for push-ups, 97.67% 
for sit-ups, 97.00% for pull-ups, and 98.50% for chinning. The maximum 
error margin compared to manual counting was 2.48%. System-
generated outputs were validated against manual observations using 
standard evaluation matrices. These findings indicate that machine 
learning can offer a reliable, consistent, and automated solution for 
physical fitness assessment, with the potential to enhance training 
programs, support remote fitness monitoring, and reduce human error 
in performance evaluation. 
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1. INTRODUCTION  
Physical fitness is a critical indicator of an individual's overall health and functionality, particularly in 
settings that require high levels of physical performance, such as the military, healthcare, and 
education. Common physical fitness tests—such as push-ups, sit-ups, pull-ups, and chinning—are 
widely used to assess muscular endurance, strength, and flexibility. However, these tests are still 
predominantly evaluated manually, which makes them prone to human error, subjective 
interpretation, and inconsistency in scoring. These challenges underline the need for an objective, 
automated, and scalable assessment method. 

Recent advancements in artificial intelligence have made it possible to analyze human 
motion more accurately through computer vision and pose estimation. MediaPipe, an open-source 
framework developed by Google, is capable of detecting 33 key points of the human body in real 
time and has been proven effective in analyzing exercise movements with high precision (Kim et al., 
2023; Zhang, 2022). While MediaPipe excels at capturing body posture, it requires integration with 
classification algorithms to identify specific exercise types in a meaningful context. 

Convolutional Neural Networks (CNN), on the other hand, have shown outstanding 
performance in image and motion classification tasks due to their ability to learn spatial features 
effectively (Hadi et al., 2024; Tian, 2020). Several studies have explored combining pose estimation 
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with CNNs for activity recognition. However, many of these systems are limited in terms of real-time 
capability, generalizability across diverse exercise types, or reliance on complex hardware. 
Furthermore, most prior research lacks a direct comparison between automated results and manual 
measurements, which is crucial for validating system reliability. 

This study addresses these gaps by developing a machine learning-based physical fitness 
assessment system that combines MediaPipe for pose estimation with CNN for classification. The 
system is designed to detect and evaluate four types of exercises: push-up, sit-up, pull-up, and 
chinning. Each exercise is classified in real time, and the system’s performance is evaluated using 
metrics such as accuracy, precision, recall, and F1-score. The results are then compared with 
manual observations to ensure reliability. 

The scientific contributions of this research are threefold it presents an efficient, low-cost 
system that requires no specialized hardware; it demonstrates high classification accuracy across 
multiple types of physical exercises; and it offers practical applications in diverse environments such 
as education (for student fitness evaluations), military (for recruitment or training assessment), and 
healthcare (for patient rehabilitation monitoring). By addressing the limitations of traditional methods 
and existing automated systems, this research provides a scalable and objective approach to 
physical fitness evaluation based on motion analysis. 

2. RESEARCH METHOD  
This study utilized a quantitative experimental approach to develop a machine learning-

based system for automatic evaluation of physical fitness tests, specifically focused on components: 
push-up, sit-up, pull-up, and chinning. The methodology involved several stages including data 
acquisition, model training, and performance evaluation using pose estimation and classification 
techniques. 
a) Dataset Collection and Preprocessing 

Video data were collected from individuals performing the selected physical movements. 
These videos were then segmented into image frames, which served as the primary dataset. Each 
frame was manually labeled according to the type of movement performed. MediaPipe, an open-
source framework developed by Google, was utilized for pose estimation. This framework detects 33 
key body landmarks in real-time and has been proven effective for identifying and analyzing human 
movement patterns (Kim et al., 2023; Zhang, 2022). 

To illustrate the data acquisition process, Fig. 1 presents the primary dataset collection 
procedure, which involves capturing images of individuals performing the selected physical 
exercises. 

 
Figure 1. the primary data acquisition 

 

The dataset was collected from a total of 20 participants, consisting of both male and 
female individuals within the age range of 19 to 22 years. These participants were selected to 
represent a sample of physically active young adults. Each participant was instructed to perform four 
types of physical exercises: push-ups, sit-ups, pull-ups, and chinning, with all actions recorded for 
dataset construction. 

Video recordings were captured using a Logitech HD Webcam with a resolution of 720p, 
ensuring clear visibility of body movements and joint positions. The system was operated on a 
Lenovo ThinkPad E14 Gen 2 laptop, featuring an Intel Core i5-1135G7 processor, 8 GB RAM, and 
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integrated Intel Iris Xe graphics, providing sufficient computational power for real-time pose 
estimation and dataset labeling. 

The data collection was conducted in an outdoor setting under controlled environmental 
conditions. Recordings were scheduled during daylight hours with adequate natural lighting to ensure 
body landmarks were clearly visible without significant shadows or overexposure. The recording 
environment was carefully selected to minimize background distractions and ensure a flat, even 
surface for consistent movement execution. The camera was placed at an optimal angle and height 
to capture the participants’ full body posture during each exercise. 

Each exercise in the dataset was categorized into two movement phases: up and down 
positions. This classification was essential for training the system to recognize the full range of motion 
and accurately count repetitions. For instance, in the push-up exercise, the down position 
corresponds to the body lowered toward the ground, while the up position indicates full arm 
extension. Similar labeling was applied to sit-up, pull-up, and chinning movements. This binary 
labeling approach helped the model learn the temporal transition between positions, which is critical 
for precise motion detection and repetition counting. 

To enhance model performance and increase dataset variability, data augmentation 
techniques were applied to the collected image samples. These techniques included rotation, 
scaling, flipping, and brightness adjustments to simulate different conditions and perspectives during 
movement execution. Augmentation helps prevent overfitting by exposing the model to a wider range 
of input variations (Zhang, 2022; Kim et al., 2023). Fig. 2 shows examples of the augmented dataset 
used in this study, representing different visual appearances derived from the original images. 

 
Figure 2. examples dataset 

 
 

b) Dataset Preparation 
The dataset used in this study consisted of a total of 8,000 labeled images, which were 

collected and categorized based on four types of physical exercises: push-up, sit-up, pull-up, and 
chinning. Each exercise type was assigned its own model and comprised 2,000 images, divided into 
1,000 images of the up position and 1,000 images of the down position. This binary labeling approach 
was crucial for enabling the model to distinguish between the two key motion phases, thus allowing 
for accurate detection and repetition counting. 

To ensure effective model training and evaluation, the dataset was split into three subsets 
using an 80:10:10 ratio: 80% (6,400 images) were allocated for training to allow the CNN to learn 
and generalize movement patterns. 10% (800 images) were used for validation to tune 
hyperparameters and monitor for overfitting during training. 10% (800 images) were reserved for 
testing to objectively assess the model's performance on unseen data (McAllister et al., 2018; Durden 
et al., 2021). 
 

c) Model Development 
Four separate Convolutional Neural Network (CNN) models were developed—each 

specifically trained on one type of exercise: push-up, sit-up, pull-up, and chinning.  
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Figure 3. CNN architecture 

 
Each model was trained independently to specialize in recognizing the motion characteristics of its 
respective class. 
The CNN architecture for each model consisted of the following components: 

1. Convolutional Layers: These layers extracted low-level spatial features such as edges, 
shapes, and contours from input images (Tian, 2020). 

2. Activation Layers (ReLU): The Rectified Linear Unit (ReLU) function introduced non-linearity, 
which is essential for learning complex data distributions while accelerating convergence 
(Vakalopoulou et al., 2023). 

3. Pooling Layers: Max pooling was applied to reduce the dimensionality of feature maps, 
helping the model focus on the most salient features while improving computational 
efficiency (Zhang, 2022). 

4. Fully Connected Layers: These layers flattened the high-dimensional feature maps and 
performed final classification using a softmax function to determine whether the input image 
represented an up or down movement (Huang & Wang, 2022). 

To analyze the impact of training duration on model performance, each model was trained using 
three different epoch settings: 20, 35, and 50 epochs. The optimal number of epochs was later 
determined based on validation performance. 
 
d) Evaluation Matrix 

To assess model performance in classifying physical movement phases, four standard 
classification metrics were used (Xu et al., 2020): 

1. Accuracy: Indicates the overall percentage of correctly predicted images (both up and down 
phases). 

2. Precision: Assesses the proportion of predicted positive labels (e.g., up) that were accurate. 
3. Recall: Measures the proportion of actual positive instances correctly identified by the model. 
4. F1-score: Computes the harmonic mean of precision and recall, providing a balanced 

evaluation, particularly in situations with imbalanced classes. 

3. RESULTS AND DISCUSSIONS  
To evaluate how well each CNN model learned from the dataset, training was conducted 

with 20, 35, and 50 epochs for four types of physical movements: push-up, sit-up, pull-up, and 
chinning. The focus was placed on observing the training accuracy achieved at each epoch to 
determine the model's learning effectiveness and convergence behavior. 
 
a) Push-up Model 

The push-up model demonstrated strong learning performance throughout the training 
process. At epoch 35, it achieved the highest training accuracy of 99.98%, indicating that the model 
had almost perfectly learned the distinguishing features between up and down positions. While the 
training accuracy slightly decreased to 99.14% at epoch 50, the model remained highly reliable in 
recognizing the movement. 
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Figure. 4. Push-up Model Training Accuracy Curve 

 
b) Sit-up Model 

The sit-up model showed steady improvement over time, reaching its best performance at 
epoch 50, where it achieved a training accuracy of 99.75%. This result reflects a highly successful 
learning process, with the model being able to consistently distinguish between movement phases 
across the training data. 
 

 
Figure. 5. Sit-up Model Training Accuracy Curve 

 
c) Pull-up Model 

Among the four models, the pull-up model achieved slightly lower accuracy but still 
maintained strong performance. Its highest training accuracy was 98.50% at epoch 50, suggesting 
that although the movement was slightly more complex to learn, the model was still able to generalize 
well from the training set. 
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Figure. 6. Pull-up Model Training Accuracy Curve 

 
d) Chinning Model 

The chinning model demonstrated steady and reliable performance throughout all training 
periods. By epoch 50, it achieved a training accuracy of 99.01%, highlighting the model's 
effectiveness in extracting important features and accurately learning the motion phases. 
Additionally, the model exhibited smooth convergence, reflecting a well-balanced training process. 

 
Figure. 7. Chinning Model Training Accuracy Curve 

 
After the CNN models were trained, a series of manual testing sessions were conducted to 

evaluate the system's reliability and to compare it with human observation. Each model was tested 
using manually labeled video data, and classification accuracy was computed using performance 
Metrics derived from the confusion matrix include true positives (TP), false positives (FP), true 
negatives (TN), and false negatives (FN). 

Ten test trials were performed for each exercise type, consisting of 60 repetitions per trial 
(30 for up and 30 for down positions) for push-up,sit-up and chinning, than 20 repetitions per trial (10 
for up and 10 for down positions) for pull-up. 
a) Push-up 



         ISSN 2301-8984 (Print), 2809-1884 (Online) 

Jurnal Mandiri IT, Vol. 14 No. 1, July (2025): pp. 104-114 

110 

 
Figure 8. Push-up Test 

 
Table 1. Manual Matrix Evaluation for Push-up 

No TP FP TN FN Precision Recall F-1 score accuracy 

1. 29 1 30 0 96,67% 100% 98,31% 98,33% 
2. 30 0 29 1 100% 96,77% 98,37% 98,33% 
3. 28 2 30 0 93,33% 100% 96.67% 96,67% 
4. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
5. 30 0 30 0 100% 100% 100% 100% 
6. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
7. 28 2 29 1 93,33% 96,55% 94,94% 95,00% 
8. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
9. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
10. 30 0 30 0 100% 100% 100% 100% 

Average 97% 98% 97,49% 97,50% 

 
 
b) Sit-up 

 

 
Figure 9. Sit-up Test 

Table 2. Manual Matrix Evaluation for Sit-up 

 

No TP FP TN FN Precision Recall F-1 score accuracy 

1. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
2. 30 0 29 1 100% 96,67% 98,37% 98,33% 
3. 28 2 30 0 93,33% 100% 96,67% 96,67% 
4. 30 0 30 0 100% 100% 100% 100% 
5. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
6. 28 2 30 0 93,33% 100% 96,67% 96,67% 
7. 29 1 28 2 96,67% 93,55% 95,04% 95,00% 
8. 30 0 30 0 100% 100% 100% 100% 
9. 27 3 30 0 90,00% 100% 94,74% 95,00% 

10. 30 0 30 0 100% 100% 100% 100% 
Average 97,41% 97,70% 97,57% 97,67% 
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c) Pull-up 

 
Figure 10. Pull-up Test 

Table 3. Manual Matrix Evaluation for Pull-up 

 
 
 
 
 
 
 
 
 
 

d) Chinning 

 
Figure 11. Chinning Test 

 

Table 4. Manual Matrix Evaluation for Chinning 

No TP FP TN FN Precision Recall F-1 score accuracy 

1. 29 1 30 0 96,67% 100% 98,33% 98,33% 
2. 30 0 30 0 100% 100% 100% 100% 
3. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
4. 30 0 30 0 100% 100% 100% 100% 
5. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
6. 28 2 30 0 93,33% 100% 96,67% 96,67% 
7. 29 1 30 0 96,67% 100% 98,33% 98,33% 
8. 30 0 29 1 100% 96,77% 98,36% 98,33% 
9. 29 1 29 1 96,67% 96,67% 96,67% 96,67% 
10. 30 0 30 0 100% 100% 100% 100% 

Average 98,00% 99,68% 98,50% 98,50% 

 
These results demonstrate that all models consistently achieved high accuracy when tested 

manually. The push-up model showed a slight deviation of 2.48% from its training accuracy, the 
largest among the four. On the other hand, the chinning model showed the smallest deviation of just 
0.51%, confirming its robustness under real-world conditions. 

The minor differences between computational and manual accuracy could be attributed to 
several factors: 

1. Environmental variations, such as lighting conditions and camera angle inconsistencies 
during testing, 

2. Pose misalignment, where a participant's body position deviates slightly from the trained 
pose structure, 

No TP FP TN FN Precision Recall F-1 score accuracy 

1. 10 0 10 0 100% 100% 100% 100% 
2. 9 1 9 1 90,00% 90,00% 90,00% 90,00% 
3. 10 0 10 0 100% 100% 100% 100% 
4. 9 1 9 1 90,00% 90,00% 90,00% 90,00% 
5. 10 0 10 0 100% 100% 100% 100% 
6. 10 0 10 0 100% 100% 100% 100% 
7. 9 1 9 1 90,00% 90,00% 90,00% 90,00% 
8. 10 0 10 0 100% 100% 100% 100% 
9. 10 0 10 0 100% 100% 100% 100% 

10. 10 0 10 0 100% 100% 100% 100% 
Average 97,00% 97,00% 97,00% 97,00% 
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3. Limited diversity in the training dataset, which may affect the model’s generalizability when 
applied to users with different body types, movement patterns, or speed variations. 
 
Despite these challenges, the deviation margins remained within an acceptable range (below 

3%), supporting the system’s validity for real-time physical movement assessment. These findings 
highlight the system’s potential as a dependable and objective alternative to traditional manual 
counting methods. 

From a practical standpoint, this system holds significant applicability in various fields. In 
professional sports, it can be used to track athletes’ performance metrics during training sessions, 
reducing reliance on subjective human observation. In physical education, especially in schools or 
universities, it enables automated monitoring and feedback without the need for instructors to 
manually count repetitions. In the medical rehabilitation sector, this technology can support physical 
therapists by monitoring patients’ movement consistency and recovery progress in a non-invasive 
and real-time manner. 

In comparison with previous studies, the model’s overall accuracy is consistent with findings 
from other research integrating pose estimation and machine learning for activity classification. 
However, this study distinguishes itself by applying the model across multiple exercise types and 
validating it directly with manual accuracy comparison, a step that is often lacking in similar works. 
For instance, while other studies using CNNs have achieved accuracy rates above 95%, many rely 
on controlled laboratory datasets and do not account for variations in outdoor conditions or human 
execution errors. 

The chinning model's superior performance may be explained by the distinct vertical 
movement pattern and limited range of body postures, which makes it easier for the algorithm to 
differentiate between phases. In contrast, exercises such as push-ups or sit-ups involve more 
nuanced body alignment and are more susceptible to subtle variations in posture, contributing to 
slightly higher deviation margins. From a theoretical perspective, models perform better when the 
movement patterns are highly consistent and exhibit clear pose transitions—criteria more easily met 
by exercises like chinning and pull-ups. 

Overall, the findings reinforce the feasibility of combining pose estimation with deep 
learning for physical fitness evaluation, offering a practical, scalable, and intelligent alternative that 
can be tailored to diverse real-world applications. 
 

4. CONCLUSION  
This study developed a machine learning-based system for physical fitness evaluation using CNN 
and MediaPipe pose estimation, focusing on detecting up and down phases in four exercises: push-
up, sit-up, pull-up, and chinning. Using 2,000 labeled images per exercise, the system achieved peak 
training accuracies of 99.98% (push-ups) and 99.01% (chinning). Manual testing showed consistent 
accuracy between 97.00%–98.50%, with error margins under 3%, confirming robustness in real-
world conditions. Combining image data and pose landmarks improved classification by capturing 
movement variations across exercises. the study had limitations, including a small, homogenous 
sample of 20 participants aged 19–22, which may limit generalizability. Outdoor data collection also 
introduced environmental variability, such as lighting and background distractions, which could affect 
performance in uncontrolled settings. Scientifically, this research demonstrates the effectiveness of 
integrating pose estimation and CNN for accurate and interpretable fitness movement classification. 
Practically, it offers an automated alternative to manual methods in contexts like athletic training, 
physical education, and app-based fitness programs.Future work will focus on integrating real-time 
tracking (e.g., LSTM), expanding exercise types, and testing on broader populations to improve the 
system’s scalability, adaptability, and real-world performance. 
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