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ARTICLE INFO ABSTRACT

Article history: A sedentary lifestyle can lead to heart disease, cancer, and type 2 diabetes.
Received March 21, 2023 An anaero_bi'c exercise cglled pilates can address these problemg. Although
Revised April 13, 2023 pilates training can provide health benefits, the heavy load of pilates poses
Published April 17, 2023 may cause severe muscle injury if not done properly. Surveys have found that

many teenagers are unaware of the movements in pilates poses. Therefore, a
system is needed to help users classify pilates poses accurately. MediaPipe is
Keywords: a system that accurately extracts the real time human body skeleton.
Convolutional Neural Network (CNN) with transfer learning is an accurate
Pose: method for image classification. There have been several studies investigated
Clas;iﬁcation; pilates poses classification. However, there is still no research applies the
Mediapipe; MediaPipe as a skeleton feature extractor and CNN with a transfer learning
Transfer learning; to classify pilates poses. In addition, previous research still does not
CNN implement the pilates poses classification in real-time. Based on this problem,
this study creates a system using MediaPipe as a feature extractor and CNN
with transfer learning as a real-time pilates poses classifier. This study
utilized five types of Pilates poses: Warrior, Tree, Plank, Goddess, and
Downward Dog.This system runs on a mobile device and gets information
from a camera sensor. The results from MediaPipe then be classified by pre-
trained CNN architectures with transfer learning: MobileNetV2, Xception,
and ResNet50. The best model was obtained by MobileNetV2, which had an
f1 score of 98%. Ten people who didn't know much about Pilates also tested
the system. They all agreed that the app could accurately identify Pilates
poses, make people more interested in Pilates, and help them learn more about
Pilates.
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1. INTRODUCTION

Sedentary lifestyle is a habit of someone who lacks physical activity or exercise [1]. A sedentary lifestyle
has been identified as one of the global health problems in the activities of adolescent life. About a third of
teenagers have a physical lifestyle and 41.5% of teenagers spend time sitting more than or equal to four hours
per day. If this lifestyle is continued without prevention, the risk of heart disease, cancer, and type 2 diabetes
will increase. This can be avoided by starting to exercise such as fast running, HIIT (high-intensity interval
training), push-ups, some muscle weight exercises, and pilates. By doing structured movements, exercise has
several benefits, such as endurance, strength, balance, and the body's flexibility [2].

Pilates is an anaerobic sport that aims to increase muscle strength, endurance, flexibility, balance, and
spinal stability (Shedden, 2006). Despite the health benefits, the heavy weight involved in these exercises can
cause serious injury to muscles or ligaments. Many people do these exercises regularly, but they may do the
incorrect poses. This could be due to a lack of formal training through classes or personal trainers. In addition
it could be due to muscle fatigue or using too much weight.
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For the Pilates exercise process to run smoothly, a pose classification system that can assist users in
recognizing accurate Pilates poses needs to be designed [3]. Pose classification is a type of computer
technology that uses visual techniques to estimate the location of a person or object. Pose classification is done
by placing keypoints according to the location of coordinates on a person's body parts from camera. Pose
classification aims to recognize the poses correctly.

An example of a system that can extract human body poses is MediaPipe. MediaPipe is an open-source
framework designed explicitly for complex pipelines that utilize the GPU or CPU to run models such as face
detection, hand detection, object detection, and finally, pose estimation [4]-[7] Convolutional Neural Network
(CNN) is an algorithm used for image classification [8]. CNN uses a convolution layer to extract features,
which can then be fed directly into the neural network model. Transfer learning is a CNN model created for
one job and used as a basis for models on different tasks [9]. Transfer learning is a fast and accurate method
for classifying images because it has a pre-trained model.

Human posture detection has advanced significantly during the last few decades. Due to current
computers increased computing power and recent advances in deep learning, posture detection has evolved
[10], [11]. There are several previous studies conducted similar research. Kishore et al. [12] examined the pose
classification in five Yoga poses by comparing four types of pose estimation, namely EpipolarPose, OpenPose,
and PoseNet. The results showed that the research has better accuracy than other methods, with an accuracy of
each pose of 78.78% for the half-moon pose, 90.9% for the mountain pose, 85.75% for the triangular pose,
81.81% for the warrior pose, and 88.81 % for tree pose. The weakness of this research is still not implementing
CNN transfer learning architecture. A method for correcting posture is suggested by Chen et al. [13] in their
book YogaST. It employ kinect technology to divide positions into three groups: Tree Pose, Downward Dog,
and Warrior Pose. However, this research uses the Kinect sensor, which is not a cheap device. Using high-level
human skeletal data that has been preprocessed, Pismenskova et al. [14] provide neural networks model. The
researchers identified 16 important spots on the human body that correspond to different traits. The input layer
set as a whole, which consists of 36 neurons, had the best accuracy of 85%. However, conventional
skeletonization procedures are far more precise and effective than the Deep learning-based techniques. A
vision-based intelligent teaching system for yoga practitioners is suggested by Kale ef al. [15]. The suggested
strategy is taught using a variety of yoga streams produced by the eight yoga professionals shown in the films.
To identify posture from the photos, Byeon ez al. [16] provide an ensembled deep model based on several CNN
models. 51 different domestic settings are used to educate the network for fundamental yoga postures. One
potential limitation of this research could be the lack of diversity in the study sample. The posture database
used in the experiments was constructed at the Electronics and Telecommunications Research Institute (ETRI),
Korea, and only included images from 51 home environments. As such, the findings may not generalize to
other populations or environments with different characteristics. Additionally, the study did not report any
information on the age or health status of the individuals in the images, which could affect the performance of
the posture recognition system. Furthermore, the study did not provide any information on the potential ethical
considerations or limitations associated with using deep learning algorithms for posture recognition in home
environments.

When it comes to posture identification in the multidisciplinary field of Pilates, there has been limited
research on posture classification. Previous studies have used keypoint identification techniques, but this study
aims to address the limitations of existing models by creating a more accurate model for categorizing Pilates
poses. Interestingly, there have been no previous attempts to classify Pilates poses using a CNN with transfer
learning model from mobile devices camera. This study focuses on classifying five Pilates poses - Downward
Dog, Tree, Goddess, Warrior, and Plank - using MediaPipe as a feature extractor and CNN with Transfer
Learning as a classifier. The transfer learning architectures used are MobileNetV2, Xception, and ResNet50,
and their performances are compared to help researchers choose the best architecture for classifying Pilates
poses. The study seeks to answer the following questions: Can a CNN with transfer learning model be used to
classify Pilates poses from mobile devices camera? Which transfer learning architecture (MobileNetV2,
Xception, or ResNet50) performs the best for classifying Pilates poses? How does the performance of each
architecture compare, and what is the best option for researchers seeking to classify Pilates poses?

2. METHODS
The methods used in the research are dataset collection, feature extraction, model training and testing,
and model implementation. Fig. 1 shows the research methods used in this study.
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Fig. 1. Research methodology

2.1. Dataset Collection

In this study, the dataset was obtained from Kaggle, which is a combination of several accounts that
provide pictures of Pilates poses. The dataset contains 1,253 images of poses that are classified into 5
categories: Warrior, Tree, Plank, Goddess, and Downward Dog. The distribution of images for each pose can
be found in Table 1. Sample images of the Pilates poses can be viewed in Fig. 2. There was no preprocessing
stage involved in this study as Mediapipe directly extracts the skeleton from the image.

Table 1. Number of images per pose

Pose Total
Warrior 345
Tree 196
Plank 178
Goddess 210
Downward Dog 324
}!\
.
(a) (C}l
£

7 e
(d (e
Fig. 2. Downward dog (a), Goddess (b), Tree (c), Plank (d), and Warrior (e)

2.2. Feature Extraction
The feature of each pilates pose image is extracted using the MediaPipe. An image will be loaded first in
RGB format. The process starts by using a pre-trained deep neural network model to detect key points or

Pilates Pose Classification Using MediaPipe and Convolutional Neural Networks with Transfer Learning (Kenneth
Angelo Tanjaya)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

ISSN: 2338-3070 Jurnal Ilmiah Teknik Elektro Komputer dan Informatika (JITEKI) 215
Vol. 9, No. 2, June 2023, pp. 212-222

landmarks on the body, such as the nose, shoulders, elbows, wrists, hips, knees, and ankles.These key points
are then used to construct a skeletal model that represents the posture and pose of the human body. MediaPipe's
pose estimation pipeline is optimized for real-time performance and can operate on a variety of input sources,
including webcams, videos, and image files. This makes it a useful tool for a range of applications, including
fitness tracking, motion capture, and virtual reality. After all the pose images are extracted, the skeleton features
are then used as training and testing data. Fig. 3 shows the results of the skeleton feature extraction using
MediaPipe.

Fig. 3. The results of skeleton feature extraction using MediaPipe. Before extraction (a) and after
extraction (b)

2.3. Model Training and Testing

Before training and testing the model, pose data will be split into two parts: testing and training data. The
training data is used during the model training process, and the testing data is used to test the model. The two
parts are divided into 80% for training data and 20% for testing data. The number of each data obtained after
dividing is 1,002 images of poses for training data and 251 images of poses for testing data.

In this study, the pre-trained model used are MobileNetV2, Xception, and ResNet50. MobileNetV2 offers
two additional features: linear bottlenecks and short links between bottlenecks [17]-[22]. There are inputs and
outputs between models at the bottleneck. At the same time, the inner layer contains the model's ability to
change the input from low-level concepts (pixels) to high-level descriptors (image categories). This method
provides faster training and better accuracy. Fig. 4 shows the MobileNetV2 architecture. ResNet50V2 is an
upgraded version of ResNet5S0V 1. Changes are made to the formulation of link propagation between blocks in
ResNet50V2. Using the ImageNet dataset, ResNet5S0V2 also performs well [23]-[28] Fig. 5 shows the
ResNet50 architecture. Xception is an acronym for "extreme inception". Xception uses the same model
parameters as InceptionV3 but excels on the ImageNet 17,000 class dataset [29]-[34]. ImageNet is a large
image database based on the WordNet structure [35]-[40]. Fig. 6 shows the Xception architecture.
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Fig. 4. MobileNetV2 architecture
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Fig. 6. Xception architecture

The MobileNetV2, Xception, and ResNet50 implementations use a 224x224 pixel image input with three
channels. Several hyperparameters were adjusted, including 'include top', which was set to false as the output
layer was tailored according to the number of pose classes. The SGD (Stochastic Gradient Descent) optimizer
was used in all three models, with a learning rate of 0.005. SGD was chosen for its efficiency, ease of
implementation, and successful application to large-scale machine learning problems [37]-[40]. The loss
function used was categorical cross-entropy, and the metric used was categorical accuracy. The model was
trained for 50 epochs, as specified in Table 2.

During the testing process, each model was evaluated on the testing data and generated a confusion matrix
with class 0 for the downward dog pose, class 1 for the goddess pose, class 2 for the plank pose, class 3 for the
tree pose, and class 4 for the warrior pose. In addition to the confusion matrix, the model's accuracy, precision,
recall, and f1 score were compared.

Table 2. Hyperparameter of Transfer Learning Model

Hyperparameter Value
Input Value (224, 224, 3)
Include Top False
Optimizer SGD
Learning Rate 0.005
Epoch 50
Dense Layer 1 dense layer with 128 neurons
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2.4. Model Deployment

Implementation of a pose classification system using the Python programming languages and Flutter
framework. The model results obtained from the training and testing methods will be converted into a
TensorflowLite model. When the pose classification is accessed, the camera will be launched and the
TensorflowLite model will be loaded. After the camera is turned on, the results of the camera frame appear on
the user's screen while sending the camera frame to MediaPipe. MediaPipe then extracts the skeleton keypoints
for each body part. The results of these keypoints will be received by the application and will be painted onto
the image from the camera. Then the image is retrieved by a function and converted into a list containing RGB
bytes. Then the images are normalized so that they have a pixel range of 0 to 1. The list will be entered into
the TensorFlow model so that the system will receive input and classify images according to the label. Finally,
the classification results will be received by the user. Fig. 7 shows the results of implementing pose
classification.

22:05 | 25.0KB/s 2

&« PilatesAl Pose Detection

Pose yang terdeteksi:
(goddess )

Fig. 7. Implementation of pose classification in android device

3. RESULTS AND DISCUSSION

The training process with the MobileNetV2 architecture runs for 50 epochs. The computer specifications
used for the model training process can be seen in Table 3. The model managed to get the lowest loss in the
50th iteration with a training accuracy of 99.80%. The training process runs for an average of 19 seconds in
each epoch. The training process with the Xception architecture runs for 50 epochs. The model managed to get
the lowest loss in the 50th epoch with a model training accuracy of 98.80%. The model training process runs
for an average of 3 minutes in each iteration. The training process with the ResNet50 architecture runs for 50
epochs. The model managed to get the lowest loss in the 50th iteration with a model training accuracy of
46.68%. The model training process takes an average of 2.5 minutes in each epoch. Graphs of accuracy and
loss of the MobileNetV2, Inception, and ResNet50 architectural models can be seen in Fig. 8.

Table 2. The computer specifications used for the model training process

Parameter Specification
CPU Intel(R) Xeon(R) CPU @ 2.30GHz
RAM 13.0 GB
Space of Disk 107 GB

GPU Model Name  NVIDIA Tesla K80 (12 GB VRAM)
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Fig. 8. Accuracy and loss graph of MobileNetV2 (a)(b), Xception (c)(d), and ResNet50 (e)(f)

After model training, the evaluation results of the three pre-trained models were combined for
comparison. Based on the results of the three models, MobileNetV2 and Xception have the best scores with an
average accuracy score of 94%, an average precision of 94%, an average of 94% recall, and an average F1
score of 94%. Fig. 9 shows the confusion matrix table for each model. Table 4 shows the detailed evaluation
results of the three CNN transfer learning architectures.

In general, MobileNetV2 and Xception outperform ResNet50 in pose classification using skeleton data
for several reasons: Both MobileNetV2 and Xception use depthwise separable convolutions, which can be
more effective for learning spatial features in sequential data, such as joint positions. These convolutions can
capture correlations between features more effectively, which can improve the accuracy of the model; Xception
uses a more complex block structure than ResNet50, which can improve its ability to learn complex features
from sequential data. This is particularly important for pose classification, where the relationships between
joint positions are complex and difficult to model.

Table 4. Evaluation results of the three CNN transfer learning architectures

Model Accuracy (%)  Precision (%)  Recall (%)  F1 Score
MobileNetV2 98 98 98 98
Xception 94 94 94 94
ResNet50 78 79 78 78
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Validation is done to ensure that the system is comparable to the purpose. The validation form is a
questionnaire with 10 respondents. The respondents are students who are not familiar with Pilates poses and
are aged between 18-22 years old, with the aim of assessing whether the system created can attract them to
learn Pilates or not. Validation is done by filling out the questionnaire after the user has used the application.
Based on the results, the majority of respondents strongly agreed that the application could accurately detect
pilates poses, make it easier for users to get pose information, introduce users to Pilates poses, increase interest
in exercising pilates poses. Table 5 shows the results of the questionnaire conducted on the respondents. Some
users also provide criticism and suggestions such as the detected pose is accurate, but the camera runs slowly.

Table 5. The results of the questionnaire conducted on the respondents

. Strongl . Strongl
Question rrong'y Disagree neutral Agree sl
disagree agree
"The application interface makes it easier for users to obtain 0 0 0 1 9
information about Pilates poses and detect Pilates poses
"The application can accurately detect the user's Pilates pose." 0 0 0 4 6
"The application can predict the user's pose quickly." 0 0 7 2
"The application can introduce users to Pilates poses." 0 0 0 0 10
"The application can increase the interest of users in learning 0 0 0 1 9
other Pilates poses."
"The application can increase the user's interest in exercising." 0 0 0 1 9
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Fig. 9. Confusion matrix of MobileNektV2 (a), Xception (b), dan ResNet50 (c)
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4. CONCLUSION

This study developed a real-time Pilates pose classifier using MediaPipe as a feature extractor and CNN
with transfer learning. The transfer learning models used in this study were MobileNetV2, Xception, and
ResNet50. The study trained the system using five types of Pilates poses, which were Warrior, Tree, Plank,
Goddess, and Downward Dog. The feature extraction process using MediaPipe framework has been running
smoothly and can extract the keypoints of the skeleton of each body part. Classification results using the
transfer learning architecture MobileNetV2 and Xception yielded the best values in the form of an accuracy
score of 94%, a recall of 94%, a precision of 94%, and an f1 score of 94%. Models can be converted for use in
the Flutter app and can recognize pilates poses precisely and in real time. The application runs smoothly, is
easy to use, and is useful in increasing the interest of users in doing Pilates. This has been tested on 10
respondents who were not familiar with Pilates, and they were attracted to it. Suggestions obtained during the
CNN implementation process for pilates poses classification are adding pose dataset so that the model accuracy
is higher. In addition, using other pre-trained CNN models might increase the accuracy of Pilates pose
classification or speeding up the frame capture time from mobile device camera. The survey conducted on the
respondents is still limited. Therefore, in the future, it can be tested on respondents with different backgrounds
to avoid potential biases in the survey.
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