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ABSTRACT

Home-based workouts are known to have significant health and fitness benefits, but it
could be dangerous if not performed with proper posture. This could be due to a lack
of sufficient training and bad habits, or the inability to afford a personal trainer to fix
the individual's posture. With the current Artificial Intelligence technology, we are
now able to achieve workout analysis by using computer vision approach without any
involvement of personal trainer. This report discussed the approach of keypoint
detection, human pose estimation and pose analysis that will be utilized to produce the
proposed project through Rapid Application Development (RAD) methodology,
which will monitor these procedures phase by phase. Pretrained model from
MediaPipe was chosen as the main human keypoint detection, and various machine
learning algorithms such as Linear Regression and Random Forest were studied to find
the suitable algorithm to be implemented in detecting and analyze home workout
postures. Furthermore, this research also studies on geometrical approach to
determining proper and improper posture for analysis. These approaches were then
compared to see which will produce the best results and user experience. Since
machine learning approach does not produce the best result due to lack of training data
and variety of other factors, the geometrical approach was chosen as the final approach

before implementing it into desktop application.
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CHAPTER 1: INTRODUCTION

1.1 Background of Study

Since the national movement control order imposed by the government of
Malaysia, people have been looking for ways to exercise without having to go outside.
Therefore, doing home workouts has become a common choice among Malaysians. In
addition, movement control order had caused closure of business activities, public
places, and daily workout activities at the gym, resulting in various serious
psychological issues and major health concerns (Kaur et al., 2020). There are several
benefits of doing workout such as reducing the risk of cardiovascular diseases and
metabolic syndrome, controlling body weight, strengthen bones and muscle, and
improving mental health (Gulam, 2016). However, doing workout alone without
having someone to evaluate their posture can be dangerous if done incorrectly. This is
due to the fact that exercising regularly without maintaining proper posture can result
in severe injuries to the muscles or ligaments. Imbo (2018) stated that standing
incorrectly can cause the bones and muscle to line up incorrectly and obstructing the
flow of the sciatic nerve. Such blockage can result in sciatica, a condition that causes
pain in the back of the thigh, calves, and feet. This leads to the necessity of having a
trainer to supervise the exercise session and correct the individual’s posture. Since not
everyone has access to personal trainer for various reason, such as unable to go outside
due to lockdown or unable to afford a personal trainer, an artificial intelligence-based
application could be used to identify the workout poses and provide personalized

feedback to assist in improving their exercise posture.

This project aims to develop software that focuses on assisting people in
properly performing workout such as bicep curl and sit-up using Artificial Intelligence
with Computer Vision technique. The goal of this project is to help prevent injuries
and improve the quality of individual's workout by providing personalised feedback
on their posture using only a computer and a webcam. Artificial Intelligence has
always been discussed nowadays due to its ability to assist human with their daily
activities. The capabilities of Artificial Intelligence giving humans hope to develop
machines with human intelligence. One of the common Artificial Intelligence



technologies is called Computer Vision, where machines can recognise photographs
and videos in the same way that humans do.

Computer vision is a branch of Artificial Intelligence that aims to teach
computers to see, identify, and interpret images in the same way that humans do, and
then produce appropriate outputs. In other words, it combines a computer with human
intelligence and sensibilities. Image classification, image localization, object detection,
segmentation, and keypoint detection are some of the tasks included in computer

vision.

In this project, the author will focus on Human Pose Estimation (HPE) which
is also part of computer vision task that determines the pose of a human in an image
or video. HPE can also be characterised as the challenges in determining a camera's
position and orientation in reference to a specific person. This is performed by
detecting, locating, and tracking the number of keypoints on a given person's image.
HPE is classified into two categories which are 2-dimensional and 3-dimensional pose
estimation. 2-dimensional pose estimation simply predicts the location of a specific
keypoint in a 2-dimensional space relative to the image, whereas 3-dimensional pose
estimation converts a 2-dimensional object to a 3-dimensional object by adding a z-
dimension to the prediction. There are numerous approaches for achieving human pose
estimation; however, Convolutional Neural Network (CNN) will be the most suitable

deep learning architecture in achieving this due to its specialty in image analysis.

Because deep learning is known to be capable of performing supervised and
unsupervised data on an image, its use would make this research more efficient and
effective. This research will use the CNN-based deep learning algorithm to estimate
human poses and various machine learning models for posture analysis in order to

provide users with personalised feedback and correct their posture.



1.2 Problem Statement

Even though workout exercises have significant health and fitness benefits, but it could
be dangerous if not performed with proper posture. A common observation shows that
most people find it very challenging to perform any home workout effectively while
maintaining a proper posture. For example, an observation by Duncan (2019)
throughout the session at MOD Fitness still shows that many students make mistakes
when executing workouts such as plank, lunge, and push ups. Doing exercise
incorrectly on a regular basis may result in significant long-term injuries. It is reported
that prolonged poor posture may result in body discomfort and had a detrimental
impact on the musculoskeletal system, caused localized muscular fatigue, and may
compromise physical function and level of abilities (Ahmad and Kim, 2018). This
could be due to a lack of sufficient training and bad habits, or the inability to afford a
personal trainer to fix the individual's posture. Additionally, the lack of computer
vision-based technology in correcting an individual’s workout posture could also be
the problem. There are various workout applications available, such as Nike Training
Club and Freeletics, but none of them use computer vision technology to monitor and

analyze user’s workout posture.

1.3 Objectives

The goal of this project is to develop an Artificial Intelligence-based system that assists
people in performing home workouts such as bicep curl and sit-up by combining
computer vision technology with human pose estimation technique, along with deep
learning and machine learning approaches. Following are the objectives of this project

in order to achieve the mentioned goals:

e To investigate how computer vision can assist in detecting human exercise
posture and incorrect posture.

e To develop an artificial intelligence-based software that uses camera to detect
user’s workout posture and provides personalized feedback on improving their

exercise posture.



e To help preventing injuries and breaking the bad habits of exercising with
incorrect posture.

e To evaluate the effectiveness of implementing this software in individual’s
health.

1.4 Scope of Study

This section will explain the project research study and specify the criteria for home
workout posture analysis. The study and researched area are divided into three
sections: the system’s target user, the required tools and technologies, datasets, and

platform.

1. Target Users
Target users for this home workout posture analysis using computer vision will
be UTP students that frequently perform workouts such as bicep curl and sit-
up without a personal trainer. Even though everyone in the world able to utilise
this system, but due to time constraints and the capabilities of a single novice

developer, it is not yet suitable to release this system globally.

2. Tools and Technologies
This project will be using CNN-based deep learning algorithm, various
machine learning algorithm such as Linear Regression and Random Forest, and
MediaPipe library from Google to achieve human pose estimation. This system
will be built using author’s personal laptop, MacBook Pro with the
specification of M1 Chip and 8 Gigabytes of RAM. It will also implement the

laptop’s internal webcam to capture real-time video.

3. Datasets
The datasets used for this project will be from open-source collection that is
publicly available such as COCO and LSP datasets. The deep learning model
will be trained with thousands of images of different people to ensure that it

can deliver the desired result with high accuracy of workout pose estimation.



CHAPTER 2: LITERATURE REVIEW

In this project research, the author decided to focus his attention towards two particular
task of computer vision, which are achieving human pose estimation and posture
comparison in terms of video frames. The following publications and research paper
were reviewed to study their development method that can help to achieve this

project’s goal.

Human pose estimation has been studied extensively as a part of computer
vision and used in varieties of application, such as workout posture analysis. However,
achieving human pose estimation is quite a challenging problem in the computer vision
field. Automatically detecting a person's pose in an image is a tough issue since it is
dependent on several factors such as image scale and resolution, change of lighting,
cluttered background, clothing variations, surroundings, and human interaction with
the surroundings (Sigal, 2020). However, Yamakawa et al. (2020) from Waseda
Univesity in Tokyo, Japan proposed a method for improving the accuracy of human
pose estimation in videos. Technically, predicted human pose is a set of time series
data; so, human pose estimation can be accomplished more accurately by applying
time series correlation. To improve detection accuracy, they integrated CNN-based
model with multiple objects tracking framework. This means that undetected or
incorrectly detected body joints will be interpolated using information from previous

and following frames.

There are in fact many other ways to achieve human pose estimation in video
frames. For pose detection, Steven and Richard use a pretrained model from the
opensource library called OpenPose. OpenPose uses vectors that encode the position
and orientation of limbs as a new way of pose estimation. The model is made up of
multiple stage CNN with two branches which are learning the confidence mapping of
a keypoints on an image and learning the part of affinity fields (Cao et. al, 2017).
Mahendran (2021) proposed an approach that makes use of another opensource library
known as PoseNet. PoseNet is another real-time pose detection approach that works
on both single and multiple human detection. It was trained on Google's MobileNet
Architecture, which is similarly a CNN-based architecture used mostly for image

analysis. MobileNet architecture was also recognised to be light weighted than any



other architecture since it uses depth wise separable convolution to deepen the network
while reducing parameter, computation cost, and increasing accuracy (Agrawal, 2021).
Whereas Jin et. al (2015) proposed another method for estimating human posture
which is by using Microsoft Kinect sensor. Microsoft Kinect has their own usage of
machine learning or deep learning algorithm that captures from the Infrared emitter.
However, according to Jin et al. (2015), there is one limitation when using the tool,
which is that the user must stay between 1.8 to 2.5 metres of the Kinect sensor in order

for it to work effectively.

The achievement of human pose estimation alone will not meet the project’s
goal since the system must be able to provide feedback to the end-user. For instance,
Chen et al. (2020) established the angle between the upper arm vector and the torso
vector in their study on bicep curl workout analysis. They measure the minimum angle
achieved between the upper arm and forearm by implementing geometry evaluation,
and if the angle exceeds 35 degrees, it shows that the user rotates the arm excessively,
while less than 70 degrees indicates that the user is not curling the weight all the way
up. This method was also implemented by Chen et. al (2019), where they calculated
the angle of each joint while performing a plank exercise and determining which angle
was appropriate when performing the exercise. They further claim that in order to
obtain a reliable angle from the proper perspective, two and three dimensions of these
angles must be identified, which can be accomplished using Least Square
approximation approach. Nagarkoti et. al (2019) takes advantage of time series
analysis using Dynamic Time Warping (DTW) algorithm in order to compare the
posture of two people. DTW requires the definition of a similarity measure between
any two points/items in a pair of sequences and produces a mapping of closest
matching point or item pairs (Zhang, 2020). The similarity of two matching points
indicates that the user is completing the exercise with proper posture, whilst the

difference indicates that the user’s posture is poor.



Figure 1 Alignment of two sample sequences using DTW algorithm

According to these literatures, it has been found that there are many ways and
techniques to achieve human pose estimation and pose comparison between two
people. For human pose estimation, CNN-based architecture is the common
framework to be, as CNN algorithm specialize for image and video recognition. CNN
works by extracting features from the images through input layer, output layer, and
hidden layer. Even though Kinect has been used in human pose estimation, it is
important to be noted that the device was released back in 2010 where very little
information about the quality of the data were obtained. Under a paper of Khoshelham
(2012), he discovered that the random error of depth measurement grows with
increasing distance to the Kinect sensor, ranging from a few millimetres to nearly four
centimetres at the sensor's maximum range. He also discovered that the device's depth

resolution diminishes quadratically with increasing distance from the sensor.

The table below shows a tabular breakdown of the method used to achieve human pose

estimate and pose comparison.

Table 1 Breakdown of human pose estimation and pose comparison method

Author Title Method for Human Method for Pose
Pose Estimation Comparison
Kothari, S. Yoga Pose Deep learning method:
(2020) Classification Multilayer Perceptron,
Using Deep Long Short-Term
Learning Memory,




Ribera, S.,
M. (2020)

Chen, S. &
Yang, R., R.
(2020)

Chen, Y.,
Chen, Y., Tu,
Z.(2019)

Nagarkoti,
A., Teotia,
R., Mahale,
A K, &
Das, P., K.
(2019)
Nishani, E.,
& Cico, B.
(2017)

Computer Vision
Analysis of the
body-pose
similarity from
two

different subjects
with the aim of the
correct
development of
physical
exercises.

Pose Trainer:
Correcting
Exercise Posture
using Pose
Estimation

Fitness Done
Right: A Real-
Time Intelligent
Personal Trainer
For Exercise
Correction
Realtime Indoor
Workout Analysis
Using Machine
Learning &
Computer Vision

Computer Vision
Approaches based
on Deep

Learning and
Neural Networks:
Deep Neural
Networks for
Video Analysis of

Convolutional Neural
Network and machine
learning method:
Support Vector
Machine

PyTorch model that
uses Convolutional
Neural Network
approach

OpenPose model that
uses Convolutional
Neural Network
approach

Two-branch
Convolutional Neural
Network

Two-branch
Convolutional Neural
Network

CoordinateNet and
HeatmapNet that uses
Convolutional Neural
Network approach

Percentage of
Detected Joint

Angle differences
using geometry
evaluation, and
machine learning
evaluation:
Dynamic Time
Warping

Vector distance,
weighted
Euclidean distance,
and weighted angle
distance

Dynamic Time
Warping



Dsouza, G.,
Maurya, D.,
& Patel, A.
(2020)

Jin, X., Yao,
Y., Jiang, Q.,
Huang, X.,
Zhang, J.,
Zhang, X., &
Zhang, K.
(2015)
Anilkumar,
A., Athulya,
K., T., Sajan,
S., & Sreeja
K., A. (2021)
Yang, L., Li,
Y., Zeng, D.,
& Wang, D.
(2021)
Sonwani, N.,
& Pegwar, A.
(2020)

Alatiah, T.,
& Chen, C.
(2020)

Mahendran,
N. (2021)

Yadav, S., K.,
Singh, A.,
Gupta, A., &

Human Pose
Estimation

Smart gym trainer
using Human pose
estimation

Virtual Personal
Trainer via the
Kinect Sensor

Pose Estimated
Yoga Monitoring
System

Human Exercise
Posture Analysis
based on Pose
Estimation
Auto_Fit:
Workout Tracking
using Pose
Estimation and
DNN
Recognizing
Exercises and
Counting
Repetitions in Real
Time

Deep Learning for
Fitness

Real-time Yoga
recognition using
deep learning

Convolutional Neural
Network

Microsoft Kinect
Sensor

MediaPipe model that
uses Convolutional
Neural Network
approach

OpenPose model that
uses Convolutional
Neural Network
approach

PoseNet model that
use Deep
Convolutional Neural
Network approach and
Deep Neural Network
OpenPose model that
uses Convolutional
Neural Network
approach

PoseNet model that
use Convolutional
Neural Network
approach and Deep
Neural Network
Convolutional Neural
Network and Long
Short-Term Memory

Action
Classification,
Dynamic Space-
time Warping, and
Fitness Score

Angle differences
of each joint

Angle differences
of each joint

Binary-Cross
Entropy

Difference
between slope in
body parts



Raheja, J., L.

(2019)

Bhambure, Yog-Assist OpenPose model that
S., Lawande, uses Convolutional
S., Upasani, Neural Network

R, & approach

Kundargi, J.

(2021)
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CHAPTER 3: METHODOLOGY

Rapid Application Development (RAD) method is chosen in this project research to
achieve the proposed aims and goals in developing FitAl: Home Workout Posture
Analysis using Computer Vision. This methodology focuses on rapid application
development through multiple iterations and continuous feedback from the end-user.
This is important because it breaks up into several phases and involve collaboration

with the end-user, allowing this project to be enhanced at every stage.

The RAD cycle consists of four stages which can be defined as follows:
1. Define project requirements
2. Prototype

3. Rapid construction and gather feedback

4. Finalise product and implementation

Prototype

7
)
design |/

lterate

™ finalise product/
implementation

(4 cooesors Test

Figure 2 Rapid Application Development Process Flow

Some other key benefits of applying RAD cycle in this project are:
e Developer have greater flexibility and adaptability, allowing them to make
rapid adjustments during the development process.
o Early system integration and frequent iterations of feedback accelerates project
execution.
e Better risk management since testing occurs during each iteration, allowing

end-users to quickly identify and discuss errors.

11



3.1 Define Project Requirements

The project requirements are mentioned in the objectives section earlier, which
is to investigate on how computer vision can assist in detecting human exercise posture
and incorrect posture. To achieve this, the author must first achieve human pose
estimation by using deep learning with CNN-based architecture as it is the common
framework that specialized in image processing. The system should then be able to
provide personalized feedback on their workout posture by detecting improper posture
using various approaches. Machine learning and geometrical approaches are studied
to find which approach is capable of achieving he author’s main goal. The selected
approaches will be then implemented into a desktop application following the best

practices of designing user interface for better user experience.

This methodology was also implemented by Grandel et. al (2020), where they
separate the process of achieving human pose estimation and pose comparison on
different stages. This is because both of this stage requires different datasets to be
trained with deep learning or machine learning model, as creating the algorithm
together would possibly reduce the amount of model accuracy, hence delaying

project’s implementation phase.

The requirements of these two stages will be broken down into datasets,
hardware tools, programming language, and other associated software used for this
project. The following are the required items for each category:

1. Dataset for Human Pose Estimation
a. Common Objects in Context (COCOQO) Dataset
COCO is a large-scale open source dataset with over 330 thousands of
images in which more than 200 thousands images are labelled. This dataset

contains tagged images with features such as Object Classification, Object

Segmentation and Keypoint Detection.

12



Since this project will be focusing on keypoint detection of human joints,
COCO uses a total of 17 keypoints as shown in figure 3. These keypoints

includes the detection nose, eye, shoulder, elbow, wrist, and so on.

0— Nose 9 — Left wrist
1-Left eye 10 — Right wrist
2 —Right eye 11 — Left hip
3 Left ear 12 — Right hip
4 — Right ear 13 — Left knee

5 — Left shoulder 14 —Right knee
6 — Right shoulder 15 — Left ankle
7 — Left elbow 16 — Right ankle
8 —Right elbow

Figure 3 Keypoints location in COCO image dataset

b. Leeds Sports Pose (LSP) Dataset

The COCO dataset may contain all of the common objects around us, but
too many objects can cause our model to become overwhelmed and
misrepresent the posture it is intended to predict. As a result, LSP may be
beneficial for this project since it has 2000 images of athletes gathered from
the photography website, Flickr. Figure 4 illustrates some of the sports

represented in the dataset.

Athletics Badminton Baseball Gymnastics Parkour Soccer Tennis Volleyball

Figure 4 Example of LSP Sports Dataset

13



This dataset only has 14 keypoint locations, which is less than the COCO
Dataset. Figure 5 illustrates the ordering of the keypoints:

1. Right ankle 8. Right elbow
2. Right knee 9. Right shoulder
3. Right hip 10. Left shoulder
4. Left hip 11. Left elbow

5. Left knee 12. Left wrist

6. Left ankle 13. Neck

7. Right wrist 14. Head top

Figure 5 Keypoints location on LSP Dataset

2. Dataset for Pose Comparison
a. Proper posture and improper posture
This dataset can be obtained after the author has finally achieve building
human pose estimation using CNN-based architecture. The expected
dataset will be in a form of X, y, and z coordinates of human joints in an
image.

3. Hardware tools

a. MacBook Pro. Specification: M1 Chipset, 8GB RAM, 720p internal

camera.

Figure 6 Apple MacBook Pro

14



4. Programming Language & Libraries

a. Python

@ python’

b. OpenCV

c. MediaPipe

d. PyQT5

Figure 7 Python programming language

2,
L,
OpenCV

Figure 8 OpenCV library

il MediaPipe

Figure 9 MediaPipe library

@Qt

Figure 10 PyQt5 library

15



5. Software

a. Jupyter Notebook

b. PyCharm

" Jupyter

Figure 11 Jupyter Notebook

PyCharm

Figure 12 PyCharm IDE

16




3.2 User Design

The following phase will be the process of designing the flow of this project. The goal
is to rapidly create a workable design that can be demonstrated to the end-user. Rapid
design encourages user interaction, testing, and frequent feedback on the design. Doing
flowchart can be useful in visualizing the project workflow. The next step is to
prototype the Graphical User Interface (GUI) of the system.

/ Camera / Workout Video /

¥

Human Pose Estimation using
CNN

¥

/ Extract joints keypoints /7

Y

Evaluate workout using Machine
Learning/Geometrical approaches

Y

/Provide realtime feedbackF

Provide overall result and
feedback of the finished
workout

Figure 13 Flowchart of project workflow

17



3.3 Graphical User Interface (GUI) Prototype

% FitAl

Bicep Curl
Reference Workout
Push Up Video

User's Webcam Feed

View Feedback

Figure 14 Main Page GUI Prototype

4 FitAl

Sample image of
user's workout
posture mistake

View more images

Figure 15 Feedback Page GUI Prototype
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3.4 Testing phase

The testing phase will determine whether the implemented model, which to achieve
human pose estimation and pose comparison can be performed smoothly. Errors and
bugs are also to be expected during this phase, given it is only a testing process and
not yet an implementation. As a result, these errors should be documented so that we

can analyse and fix them before moving on to the implementation phase.

3.5 Implementation phase

This project is ready to be implemented after the testing phase is completed using the
previously mentioned software and tools. To ensure a seamless development process,
the system must adhere to the previously stated RAD technique and be built with the
design created during the prototyping phase. The system’s target user will then be able
to interact with the system by start recording or uploading their workout videos to

analyse posture and expect personalised feedback to fix their posture.
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3.6 Gantt Chart

Figure 16 shows the Gantt chart of all the processes involved in FitAl: Home Workout
Posture Analysis using Computer Vision project. This project is currently in Phase 2,
and the next phase will begin in the following semester, January 2022.

Trained-model study
Data i

Coding analysis
|Developer testing
System testin;

Acceptance Testin|

Viva Presentation

Literature analysis
Trained-model study

Data i

Proposal Defense

Project dissertation

Figure 16 Project Gantt Chart
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 Human Pose Estimation

According to the literature review in previous chapter, the common method
to estimate human posture is by using convolutional neural network (CNN) for
labelling RGB images. CNN is well-known for its excellent approach to image
classification and object identification problems. However, implementing CNN
from scratch would be challenging for the author because it is critical to include at
least tens of thousands of images of people with various illustrated body joints.
Furthermore, training on such a large volume of data necessitates a significant
amount of computational power. The most resource-intensive task for any neural
network is the training phase of a deep learning model. Therefore, much better
Graphics Processing Units (GPU) are required, as powerful GPUs are optimised
for training artificial intelligence and deep learning algorithms due to their ability

to process multiple computations at once.

As an alternative, the author's initial plan of implementing CNN will have
to be changed to implementing any open-source pre-trained model available. After
experimenting with several state-of-the-art pose estimators, MediaPipe appears to
be the most user-friendly and straightforward to implement until production. The
other reason why MediaPipe is chosen because of its performance. MediaPipe’s

speed is achieved thanks to the use of GPU acceleration and multi-threading.

In order to use MediaPipe, it is important to obtain data from user’s camera.
Therefore, OpenCV is used to feed the data for MediaPipe pretrained model for
computer vision tasks. OpenCV is a python library that is widely used for image
analysis, image processing, image detection and recognition, and so on. There will
be some minor tweaks to make the solutions work, as MediaPipe only allows Red-
Green-Blue (RGB) images to detect human keypoints accurately. Meanwhile,
OpenCV’s default colour input is Blue-Green-Red (BGR). Therefore, it is
important to convert BGR data into RGB data to allow MediaPipe’s machine
learning model to be able to detect human keypoints accurately. In order to obtain

human keypoint data, MediaPipe converts it into X, y, and z coordinates, which are
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normalised to [0.0, 1.0] by the image width and height. These data can be very
useful for posture analysis as it allows to calculate the difference of angles of joints
between proper postures and improper postures and then analyse it. It can also be
useful for posture classification which will be explain further in the next chapter.
Figure 17 shows the current topology of MediaPipe’s library, which present 33
human body keypoints.
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Figure 17 MediaPipe Pose Landmarks

4.2 Posture Analysis Methods

Home workout posture analysis can be accomplished using two methods: Machine
Learning Algorithm and Geometrical Approach. The author will use these two

approaches and compare which one produces the best results and user experience.

Record video

¥

Human Pose
Estimation using
MediaPipe

Y

Extract joints
keypoints

v

Evaluate workout using
Machine

Leaming/Geometrical
approaches

Provide realtime
feedback on the
workout

h 4

Provide overall result
and feedback of the
workout

Figure 18 Process flow of Posture Analysis
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4.2.1 Machine Learning Approach

The machine learning pipeline process will be as figure below:

Data Cleaning and

Data Collection  |—» B
Preparation

—»  Model Training —» Model Evaluation

v

Madel Deployment

Figure 19 Proposed Machine Learning pipeline

Data Collection

To build the machine learning model, the author must collect data on
workout postures in the form of images or videos. However, due to the
increasing case of Covid-19, scheduling an appointment with a certified
workout trainer and obtain data from them is challenging. As an alternative,
proper bicep curl and sit-up workout postures were studied and identified
through online platforms such as Fitness blogs and YouTube. The author
then invites students who currently stays in UTP campus to contribute to
the data collection of workout postures. As of early March 2022, three
people had agreed to participate in these workouts and had agreed to be

recorded for the data collection purposes.

The workout is recorded in MOV format with a total file size of 1GB and
consists of two different workouts, bicep curl and sit-up, with proper and
improper posture categories. Due to time constraints, these individuals
were only required to perform 20 repetitions of each workout, which
included 10 proper postures and 10 incorrect postures.

These videos must be fed into a computer vision program that is designed
to extract all joints coordinates and store it in CSV file format. Figure 20
shows the full code of the program for human joints extraction in a form of

X, Y, and z coordinates.
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import mediapipe as mp
import cv2
import numpy as np

mp_drawing = mp.solutions.drawing utils
mp_pose = mp.solutions.pose

import csv
import os

num_coords = 33

landmarks = ['class']
for val in range(l, num coords+l):

landmarks += ['x{}'.format(val), 'v{}'.format(val), 'z{}'.format(val), 'v{}'.format(val)]
with open( 'coords.csv', mode='w', newline='') as f:

csv_writer = csv.writer(f, delimiter=',', quotechar='"', quoting=csv.QUOTE_ MINIMAL)

esv_writer.writerow(landmarks)

class_name =
cap = cv2.VideoCapture("Video/Hilman0.mov")
# Setup mediapipe instance
with mp_pose.Pose(min_detection_confidence=0.5, min_tracking confidence=0.5) as pose:
while cap.isOpened():
ret, frame = cap.read()

# Recolor image from BGR to RGB. Mediapipe accepts RGB. OpenCV uses BGR format.
image = cv2.cvtColor(frame, cv2.COLOR BGR2ZRGB)
image.flags.writeable = False

# Make detection with mediapipe model
results = pose.process(image)

# Recolor back from RGB to BGR. OpenCV only accepts BGR format.
image.flags.writeable = True

image = cv2.cvtColor(image, cv2.COLOR RGB2BGR)

# Extract landmarks

try:
landmarks = results.pose_landmarks.landmark
pose row = list(np.array([[landmark.x, landmark.y, landmark.z, landmark.visibility] for landmark in landmar
row = pose_row
row.insert(0, class name)
with open('coords.csv', mode="a', newline='') as f:
csv_writer = csv.writer(f, delimiter=',', quotechar='"', quoting=csv.QUOTE MINIMAL)
csv_writer.writerow(row)
# Get coordinates
shoulder = (landmarks[mp pose.PoseLandmark.RIGHT SHOULDER.value].x, landmarks[mp pose.PoseLandmark.RIGHT SE
elbow = (landmarks[mp pose.PoseLandmark.RIGHT ELBOW.value].x,landmarks[mp pose.PoseLandmark.RIGHT ELBOW.val
wrist = (landmarks[mp_pose.PoseLandmark.RIGHT WRIST.value].x, landmarks[mp_pose.PoseLandmark.RIGHT WRIST.va
shoulder_coordinate = tuple(np.multiply(shoulder, [1080, 720]).astype{int))
elbow coordinate = tuple(np.multiply(elbow, [1080, 720]).astype(int))
wrist coordinate = tuple(np.multiply(wrist, [1080, 720]).astype(int))
cv2.line(image, shoulder coordinate, elbow coordinate, (255, 255, 255), 3)
cv2.line(image, wrist_coordinate, elbow_coordinate, (255, 255, 255), 3)
cv2. circle(image, shoulder_coordinate, 20, (17, 217, 34), ev2.FILLED)
cv2.circle(image, elbow coordinate, 20, (17, 217, 34), cv2.FILLED)
cv2.circle(image, wrist coordinate, 20, (17, 217, 34), cv2.FILLED)
cv2.circle(image, shoulder coordinate, 15, (0, 0, 0), 3)
ev2.circle(image, elbow coordinate, 15, (0, 0, 0), 3)
cv2.circle(image, wrist coordinate, 15, (0, 0, 0), 3)
except:

pass
cv2.imshow( 'Mediapipe Feed', image)

k = cv2.waitKey(1l)

if k == 120:

class name = ""
if k == 119:

class_name = "Bicep Down"
if k == 101:

class_name = "Bicep Up"
if k == 115:

class_name = "Bicep Forward"
it k == 100:

class_name = "Bicep Backward"
if cv2.waitKey(10) & OxFF == ord('q'):
break

cap.release()
cv2.destroyAllWindows ()

Figure 20 Code for Human Joints Coordinate Extraction

While extracting data, the programme will also draw the joints in the

shoulder, elbow, and wrist for better visualisation and observation.
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Figure 21 Bicep Curl Proper Posture: Down
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Figure 24 Bicep Curl Improper Posture: Backward

Data Cleaning and Preparation

Handling missing value is an important part of data cleaning and
preparation. The extracted data may be filled with Not a Number (NaN)
values, but these values were purposefully left as empty because they do
not provide any useful information, such as incorrectly detected joints,
unrelated postures, and so on. Therefore, these values must be dropped
immediately before being fitted into various machine learning algorithms
for future evaluation. Instead of manually removing each of those NaN
values, it can be easily done with a popular data analysis tool called Pandas

using “dropna” function.
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class x1 yi 21 v x2 y2 P v2 x3
0 NaN 0646326 0.093126 -0.762514 0.999541 0.654877 0.047631 -0.733119 0.998520 0.660929
1 NaN 0609334 0062254 -0.355626 0.999570 0.609822 0.020864 -0.328198 0.998626 0.612339
2 NaN 0595575 0.056722 -0.370127 0.999595 0.593889 0.016085 -0.345562 0.998718 0.595536
3 NaN 0583862 0.059034 -0.326914 0.999631 0.580601 0.018613 -0.301308 0.998834 0.582206
4 NaN 0581075 0.060247 -0.259024 0.999653 0.574972 0.020182 -0.237870 0.998917 0.575595
5 NaN 0577045 0061682 -0.314242 0.999664 0.573316 0.020838 -0.287918 0.998971 0.574794
6 NaN 0572670 0.062593 -0.277067 0.999680 0.569888 0.022911 -0.254060 0.999032 0.571069
7 NaN 0570170 0.061406 -0.217896 0.999688 0.566917 0.023178 -0.198968 0.999079 0.567933
8 NaN 0565883 0.062104 -0.254606 0.999685 0.563865 0.023395 -0.233205 0.999102 0.565238
9 g:;g 0.566319 0.062481 -0.258781 0.999664 0.563809 0.023923 -0.235655 0.999085 0.565149
10 g::?‘ 0.566792 0.062759 -0.221019 0.999652 0.564401 0.024213 -0.202950 0.999085 0.565583
1" gg:s 0.563492 0.063009 -0.246001 0.999668 0.561225 0.024378 -0.226396 0.999137 0.562614
12 g::g 0.561856 0.063079 -0.240953 0.999676 0.560207 0.024468 -0.220182 0.999172 0.561714
13 g:zg 0.560788 0.063122 -0.255947 0.999684 0.558903 0.024776 -0.234829 0.999203 0.560447
14 gg;g 0.559144 0.063351 -0.265532 0.999688 0.557240 0.025461 -0.244541 0.999223 0.558941
15 ggvevﬁ 0.558697 0.063596 -0.277275 0.999697 0.556808 0.025786 -0.253482 0.999253 0.558605
16 g:‘:g 0.558336 0.063757 -0.280720 0.999702 0.556178 0.026012 -0.257171 0.999273 0.557905
17 S:vevz 0.557933 0.064719 -0.276733 0.999703 0.556016 0.026884 -0.252549 0.999284 0.557639
18 g::g 0.557241 0.064691 -0.273022 0.999715 0.555384 0.027020 -0.249706 0.999318 0.557025
19 g::;" 0.556971 0.064758 -0.274448 0.999722 0.555362 0.027161 -0.251482 0.999346 0.557031
20 ggiﬁ 0.555633 0.064649 -0.273878 0.999726 0.553954 0.027267 -0.251989 0.999365 0.555741
21 g::ﬁ 0.555873 0.064788 -0.266320 0.999745 0.554352 0.028103 -0.245373 0.999414 0.556115
22 NaN 0636970 0.038683 -0.395010 0.999623 0.634544 -0.014051 -0.369608 0.999552 0.637680
23 NaN 0614580 0.040469 -0.271070 0.999621 0.613096 -0.005508 -0.243565 0.999537 0.614812
24 NaN 0609268 0.051075 -0.187621 0.999578 0.606106 0.006494 -0.170573 0.999435 0.606628
25 NaN 0604341 0.056998 -0.173050 0.999478 0.598633 0.013515 -0.155133 0.999288 0.597998
class x1 v z vi x2 vz z2 v2 x3
9 g:?:ﬁ 0.566319 0.062481 -0.258781 0.999664 0.563809 0.023823 -0.235655 0.999085 0.565149
10 g:::ﬁ 0.566792 0.062759 -0.221019 0.999652 0.564401 0.024213 -0.202950 0.999085 0.565583
11 g:’“:ﬁ 0563492 0.063009 -0.246001 0999668 0.561225 0024378 -0.226396 0.999137 0.562614
12 g:’“\iﬁ 0561856 0.063079 -0.240953 0.999676 0.560207 0.024468 -0.220182 0999172 0561714
13 g:::ﬁ 0.560788 0.063122 -0.255947 0.999684 0.558903 0.024776 -0.234829 0.999203 0.560447
14 g:::ﬁ 0558144 0.063351 -0.265532 0.999688 0.557240 0.025461 -0.244541 0.999223 0.558841
15 g:?:ﬁ 0.558697 0.063586 -0.277275 0.999697 0.556808 0.025786 -0.253482 0.999253 0.558605
16 g:’“:ﬁ 0558336 0.063757 -0.280720 0.999702 0.556178 0.026012 -0.257171 0.999273 0.557905
17 g:’“\iﬁ 0557933 0.064719 -0.276733 0.999703 0.556016 0.026884 -0.252549 0.999284 0557639
18 g:::ﬁ 0.557241 0.064681 -0.273022 0.999715 0.555384 0.027020 -0.249706 0.999318 0.557025
19 g:?:ﬁ 0556871 0.064758 -0.274448 0.999722 0.555362 0.027161 -0.251482 0.999346 0.557031
20 g:::ﬁ 0.555633 0.064649 -0.273878 0.999726 0.553954 0.027267 -0.251989 0.999365 0.555741
21 g:’“:ﬁ 0555873 0.064788 -0.266320 0.999745 0.554352 0.028103 -0.245373 0.999414 0556115
30 Bi“l'jg 0582806 0.067493 -0.167083 0.998167 0.578285 0.034041 -0.151733 0.997446 0578488
El Blnﬁs 0579772 0.071313 -0.116165 0.998092 0.576199 0.038235 -0.102093 0.997383 0.576409
32 Bicﬁg 0576881 0.073180 -0.141496 0998142 0.575699 0.089735 -0.125848 0.997461 0.576496
33 Bicﬁg 0575279 0.074087 -0.169057 0.998231 0.574344 0.041002 -0.152248 0.897573 0.575344

Figure 26 Cleaned data
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Model Training

The machine learning task used in this project is called Supervised
Learning. Supervised learning is defined as the type of machine learning
that take in data samples, also known as training data, and associated
outputs, also known as labels, with each data sample during the model
training process. The main objective is to learn a mapping or association
between input data samples x and their corresponding outputs y based on
multiple training data instances. In other words, this method is termed
because our model learns on data samples where the desired outputs are
already known beforehand. In this example, the desired output is the
workout posture class, and the data samples or training data are the x, y, z,

and visibility joints coordinates.

Therefore, the dataset must be separated into data samples, x, and
corresponding outputs, y. This can be done by dropping workout posture
class values and store it in variable x. The remaining values will be stored

in variable y. Figure 27 shows the example of these datasets.

X.head()

x1 yi 71 vi x2 y2 22 vz x3 V3 ..

0646326 0.093126 -0.762514 0.999541 0.654877 0.047631 -0.733119 0.998520 0.660929 0048893 ..
0609334 0.062254 -0.355626 0.999570 0.609822 0.020864 -0.328198 0.998626 0.612339 0021536 ..
0.585575 0.056722 -0.370127 0999585 0.593889 0.016085 -0.345562 0.998718 0.595536 0.016191 ..
0.583862 0.058034 -0.326914 0999631 0580601 0.018613 -0.301308 0.998834 0582206 0018787 ..

AW M = O

0.581075 0.060247 -0.259024 0.999653 0.574972 0020182 -0.237870 0.998917 0.575595 0.020270 ..

y.head()

0 Bicep Down
1 Bicep Down
2 Bicep Down
3 Bicep Down
4 Bicep Down
Name: class, dtype: object

Figure 27 Sample dataset

Before proceeding to training the machine learning model, it is important
to split the data into train dataset and test dataset. The reason of splitting
the data is that it can produce an unbiased evaluation of later prediction
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performance. Splitting into train dataset is used to fit the machine learning
model, while splitting into test dataset is used to evaluate the fitted machine
learning model. The objective is to estimate the machine learning model's
performance on new data that was not used to train the model. This data
splitting can easily accomplish using a data science library, scikit-learn,
with its train_test_split() function. The author chooses a 70/30 split ratio,
in which 70 percent of the dataset split into training and 30 percent split

into testing.

The datasets can then be trained using various machine learning
classification models. The author will use the common classification
algorithm such as logistic regression, ridge regression, random forest, and
gradient boost. The algorithm with highest accuracy will be chosen to train
the classifiers.

Model Evaluation

Classification accuracy, confusion matrix, precision and recall, F1 Score,

and many other metrics are generated to assist in determining which

machine learning algorithm produces the best and most accurate results.
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a. Logistic Regression

Bicep Backward

Bicep Down

Tue label

Bicep Forward

Bicep Up

Bicep Backward

Bicep Down

Bicep Forward
Predicted label

Bicep Up

Figure 28 Confusion Matrix of Logistic Regression

Classification Report:
precision
Bicep Backward 0.94
Bicep Down 1.00
Bicep Forward 0.95
Bicep Up 1.00

accuracy

macro avyg 0.97
weighted avg 0.98

recall

1.00
0.97
1.00
0.93

0.98
0.97

fl-score

0.97
0.99
0.98
0.97

0.97
0.97
0.97

support

29
38
40
46

153
153
153

Figure 29 Classification Report of Logistic Regression
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b. Ridge Regression
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Predicted label

Bicep Up
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Figure 30 Confusion Matrix of Ridge Regression

Classification Report:
precision recall
Bicep Backward 0.97 1.00
Bicep Down 1.00 1.00
Bicep Forward 1.00 1.00
Bicep Up 1.00 0.98
accuracy
macro avg 0.99 0.99
weighted avg 0.99 0.99

fl-score

.98
.00
.00
.99

L=

(=}

.99
0.959
0.99

support

29
38
40
46

153
153
153

Figure 31 Classification Report of Ridge Regression
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¢. Random Forest
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Figure 32 Confusion Matrix of Random Forest

Classification

Bicep Backward
Bicep Down
Bicep Forward
Bicep Up

accuracy
macro avg
weighted avyg

Report:

precision

0.B8
1.00
1.00
1.00

0.57
0.98

recall

1.00
k.97
1.00
0.93

0.98
k.97

fl-score

0.94
0.99
1.00
0.57

0.97
0.57
0.97

support

29
38
40
46

153
153
153

Figure 33 Classification Report of Random Forest
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d. Gradient Boost

Bicep Backward

Bicep Down

Tue label

Bicep Forward

Bicep Up

Bicep Backward Bicep Down Bicep Forward

Predicted label

5

Bicep Up

Figure 34 Confusion Matrix of Gradient Boost

Classification Report:
precision recall
Bicep Backward 0.97 1.00
Bicep Down 1.00 0.97
Bicep Forward 1.00 1.00
Bicep Up 0.98 0.98
accuracy

macro avyg 0.99 0.99
weighted avg 0.99 0.99

fl-score support
0.98 29
0.99 38
1.00 40
0.98 46
0.99 153
0.99 153
0.59 153

Figure 35 Classification Report of Gradient Boost

Table 2 Comparison between results of different Machine Learning Algorithms

Machine Learning Algorithm Accuracy
Logistic Regression 97%
Ridge Regression 99%
Random Forest 97%
Gradient Boost 98%
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According to Table 2, Ridge Regression shows the best accuracy among
other three algorithms. Therefore, Ridge Regression will be chosen to train
the workout classifier.

Model Deployment

Correct Prediction

o0 Mediapipe Feed

° Mediapipe Feed

Figure 36 Correct Prediction using Ridge Regression
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422

Incorrect Prediction

Figure 37 Incorrect Prediction using Ridge Regression

Even though the ridge regression shows the highest accuracy, the result
after deploying and testing in real-time does not performed perfectly as
expected. The model displays many false positive of a certain posture
classification which can be seen in figure 37. The author concluded that
this occurred as a result of a variety of factors. These factors include a small
amount of video data for model training, a different training data

environment, a change in lighting, and so on.

Geometrical Approach
Another approach of detecting improper postures during workout is

calculating the angles using basic trigonometry. Figure 38 shows the
process of developing using geometrical approach.
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Calculate angle of
specific joints using Compare user's angle : Create GUI and deploy
triganametry formula *| with calculated angle. > Provide feedback > system
{For proper posture)

Extract x, y joints
coordinate and store  ——»|
inside variable

Figure 38 Process flow of geometrical approach

In a bicep curl workout, there will be two different arm position. First, the
arm of the user must be kept straight and not move significantly. This
position will be classified as “Bicep Down”. Secondly, the forearm and
wrist of the user will be brought up until the bicep is fully contracted to
show it is a complete bicep curl. In order to calculate this, the angle must
be taken between shoulder, elbow, and wrist. Figure 39 illustrates the angle

that will be calculated using geometrical approach.

wrist®

“Bicep Down” “Bicep Up”

Figure 39 Angle of three joints

The position of shoulder, elbow, and wrist are represented by x-coordinate
and y-coordinate. These coordinates will be extracted and apply it into a
formula to calculate the angle between three points (shoulder, elbow, wrist)
in degrees. By doing this, the author can analyse the angle of proper posture
when the user is in their start position with the weight down (nearly 180°)

and when the weight is lifted (around 25°).

radians np.arctan2(y3 - y2, x3 - x2 np.arctan2(yl - y2, x1 - x2

angle = np.abs(radians 180.0 / np.pi

Figure 40 Geometrical calculation formula
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Figure 41 Example of angle in degrees of three joints

However, the angle between shoulder, elbow, and wrist is only suitable to
calculate the number of repetitions, by counting the stages of “bicep down”
and “bicep up”. To determine whether the user is performing the workout
with incorrect posture, it is necessary to understand and research the most
common bicep curl error that people have been making. According to
Herman, the common mistake is hooking weight instead of curling. This
means that the movement of their elbows are to excessive either forward or
backward and not lock to their side throughout the movement. Therefore,
the 3 points that works the best to calculate the angles of improper posture
is between elbow, shoulder, and hip. If the user is performing bicep curl
correctly by locking their elbows to their side, the angle should be
approximately 0°. Through the analysis of annotate video data, it is founded
that if the angle between elbow, shoulder, and hip exceeds 10°, the elbow
position is too forward. If the angle between those 3 points less than 10°,
then the elbow position is too backward. The system will then notify the
user by displaying feedback and making suggestions on how to improve

their posture using quantified measures and thresholds.
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Figure 42 Angle of three joints: Bicep forward

Figure 43 Angle of three joints: Bicep backward

As shown in figures above, using geometrical approach performed better
than machine learning approach. Through the analysis, the geometric
approach classifies all proper posture correctly and almost 90% of
improper posture are labelled as improper posture. In addition, geometrical
approach uses the most straight forwarded way of detecting improper
posture by calculating the difference between angle of proper posture and
improper posture in real-time instead of predicting the posture using
Machine Learning approach. Therefore, this approach will be implemented
in the desktop application which can be seen in the next subchapter.
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4.3 Desktop Application

System Design

The following figures shows the main page and feedback page of FitAl desktop

application. On the left side buttons, users are able to select either bicep curl or

sit up to analyse their workout posture. The system will then display the

visualization of relevant joints that associated to the selected workout.

Furthermore, the system will display a reference video of a trainer performing

the selected workout as well as the number of workout repetitions. Feedback

will be presented in the form of instructions and will also be read aloud by a

"text-to-speech” generator to alert the user. Finally, once the user has

completed the workout, they can view the full analysis of their workout session

by clicking on the "View Feedback™ button.

Bicep Curl

Sit Up

Bicep Curl

Good Posture!

Bicep Curl

Sit Up

Bicep Curl

Good Posture!
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Bicep Curl

Sit Up

Bicep Curl

Position of your elbow is too forward.
Maintain and lock it to your side.

Bicep Curl

Bicep Curl

Position of your elbow is too backward.
Maintain and lock it to your side.

Bicep Curl

Sit Up

SitUp

Good Posture!
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Bicep Curl

S

Dont lift up your feet.
Maintain your feet on the ground.

View Feedback

Bicep Curl

Sit Up

SitUp

Bend your leg forward and try to
maintain around 30-45 degree angle.

View Feedback

Figure 44 Main Page of FitAl Desktop Application

% FitAl

Congratulations! You have finished your workout
with a total of 15 reps.

Here's your feedback:
In Rep 3, your elbow position is too forward
In Rep 6, your elbow position is too backward

)
/

View more images

Figure 45 Feedback Page of FitAl Desktop Application
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CHAPTER 5: CONCLUSION AND RECOMMENDATION

Overall, the home workout posture analysis system was developed successfully
and met the author's objectives. The system development method is divided into four
stages, which are achieving human pose estimation by detecting human joints
(keypoints), detecting proper and improper workout posture using machine learning
and geometrical approaches, comparing which approaches yield the most accuracy,
and finally building a desktop application with a user-friendly interface for better
system usability. Initially, various publicly available datasets were chosen, such as
COCO and LSP datasets, to achieve human pose estimation using CNN. However,
implementing CNN from scratch would be difficult due to the large volume of data,
which necessitates a large amount of computational power and a powerful GPU. As
an alternative, this system utilizes Google's Mediapipe as the primary keypoint
detection model. In terms of detecting workout postures, geometrical approach was

chosen as the best approach before implementing it into desktop application.

One notable issue in this project is that the MediaPipe model may overlook
human keypoint locations. However, this could be due to lighting, a complex
background, multiple people staying in the same video frame, and other factors. The
next possible issue that can occur is the accuracy of the angle calculation for proper
and improper postures due to different camera angles and position. Throughout the
research, the author only tested on one specific camera angle that is parallel to the user.
However, this can be fixed in the future iterations by adding a recommended camera

angle and position for more accurate results.

The author’s inspiration for this project came from observing people who were
experiencing mild pain during their workout session, and poor workout posture is one
of the factors that contribute to the pain. The author acknowledged that this system has
a great potential in fixing this with the current technology advancement of Artificial
Intelligence, Computer Vision and Machine Learning. Therefore, this project has
allowed people to perform home workouts correctly without any involvement of a
personal trainer. However, the performance of current stage of this project would be
less perfect due to various factors that cannot be fixed by a single novice programmer

in a timespan of two semesters. As a result, finding the closest match of the target
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domain would produce a reasonable and acceptable result. Following that, feedback
will be documented, and an appropriate improvement strategy will be implemented in

the project's future work.
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