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Abstract

Nowadays people spend a significant amount of time sitting in front of screens for school, occupational,
or leisure activities [1,2]. Prolonged sitting combined with poor posture can contribute to neck pain
and back pain, the highest healthcare expenditure among 154 health conditions in the United States,
e.g., a total cost of 1,345 billion USD in 2016 [3-6]. However, it is difficult to efficiently prevent poor
posture with conventional methods focusing on exercise programs [7], educational programs [8], and

wearable biofeedback sensors [9].

A low-cost real-time posture detection system based on computer vision is developed. The developed
procedure has advantages over previous methods. First, it requires no extra equipment cost as it utilizes
existing hardware such as the built-in camera in PCs and mobile devices. Second, it utilizes the free
pose estimation program OpenPose that can be run both locally and on the cloud for human body
keypoints detection based on real-time image and video input. Furthermore, it utilizes the free web-
based platform Teachable Machine to train pose classification models based on Transfer Learning, a
Machine Learning technique that allows a user to add their own data and retrain a model on top of a
previously trained base model. A total of 740 posture images of 14 volunteers from different age and
gender groups were collected. The developed model achieves more than 95% accuracy after 70 epoch
trainings. This detection system can help both computer users and sedentary workers to maintain a

healthy posture during a prolonged session through real-time biofeedback.



1. Introduction and Motivation

Nowadays people spend a significant amount of time sitting in front of screens for school, occupational,
or leisure activities [1,2]. Sedentary time has been exacerbated by the COVID-19 pandemic with
increased screen use in remote learning and working. Prolonged sitting combined with poor posture
can contribute to neck pain and back pain, both recognized as the leading global cause of disability in
most countries [3]. This results in an enormous economic burden for both individuals and societies
due to healthcare costs, decreased productivity, work absenteeism, lost wages, and work compensation
[4, 5]. The total cost of healthcare related to back pain and neck pain in 2016 was estimated to be 1,345
billion USD in the United States, which was the highest healthcare expenditure among 154 health
conditions [6]. However, it is difficult to efficiently prevent poor posture, with methods focusing on
exercise programs [7], educational programs [8], smart chairs with pressure sensors [9], and wearable

biofeedback sensors [6].

Artificial Intelligence (Al) is emerging as an effective solution for computer vision based real-time
posture detection. Al is the development of computer systems able to do tasks that normally require
human intelligence. It has seen tremendous growth in recent years. Meanwhile, machine learning deals
with computers being able to “adapt” to different inputs, and “learn” based on data, without specific
instructions to do so. For example, deep learning, a kind of machine learning, can classify and identify
faces in images, even surpassing human accuracy [10]. This application enables computer vision, a

type of Al that derives information from images and other visual inputs.

This work is to build a real-time poor posture detection system using the free pose estimation program
OpenPose, and the free web-based machine learning platform Teachable Machine. The developed
system can provide a convenient and low-cost solution by utilizing existing hardware such as the built-

in camera in laptops, PCs, and mobile phones.



2. Problem Statement and Research Questions

Problem Statement: There are increasing prolonged screentime related posture issues at school,

work, and homes. Current existing posture detection methods can be costly with poor accuracy [7-9].

To develop a low-cost and effective solution to enable widespread deployment, the following

Research Questions were formulated.

1) Isthere a low-cost way to detect poor posture when sitting in front of a screen?
Yes. We can use the existing hardware such as the computer camera to generate visual inputs for
a locally installed poor posture detection system based on computer vision and a machine
learning algorithm.

2) What computer vision program will be used?
OpenPose, which is free for non-commercial use. It is based on an approach called Part Affinity
Fields to efficiently generate maps, positions of keypoints, and skeleton images [11]. OpenPose
can be run both locally and on the cloud and can detect human body keypoints using webcam,
image, and video input.

3) What machine learning platform will be used?
Teachable Machine, which is a free web-based platform developed by Google to train machine
learning (ML) classification models. It uses Transfer Learning, an ML technique which allows a
user to add their own data and retrain a model on top of a previously trained base model that has
learned a specific domain from a large dataset [12].

4) What input data will be collected and analyzed?
Using raw images of sitting postures, positions of keypoints of the human body such as eyes and
neck will be generated using OpenPose, then classified by Teachable Machine. These positions
can be written as images with the skeletons overlaid, or JSON files with textual representations

of positions.



3. Procedure

A flowchart of the developed procedure is shown in Figure 1. It starts with raw images collected
capturing a person’s sitting postures. The images then feed into the computer vision module,
OpenPoseg, to generate skeleton images containing pose keypoints. At the initial step, selected
skeleton images are processed on the machine learning platform, Teachable Machine, to train the
detection system model. The trained detection system can then analyze skeleton images for posture

quality detection.
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Figure 1. Procedure of the developed posture detection system

3.1 Human Body Keypoint Detection

OpenPose is a real-time human pose detection library developed by Carnegie Mellon University (CMU)
to jointly detect the position of human body, foot, hand, and facial keypoints on single images [13]. It
uses a bottom-up representation of association scores via Part Affinity Fields, a set of two-dimensional
vector fields which record the location and orientation of body parts over the image domain. In addition,
it uses CNNs (Convolutional Neural Networks), which have been shown to have a large increase in
accuracy over other methods [14]. OpenPose is capable of detecting a total of 135 keypoints, which

can be connected to describe an individual’s pose.



An example of keypoints detected by OpenPose is shown in Figure 2. The positions can be written as
images with the skeletons overlaid, JSON files with textual representations of positions, and skeleton
images on a black background. OpenPose can be run both locally and on the cloud and can detect
keypoints based on visual input including webcam streaming, still images, or other video input. It is a
feedforward network, a type of neural network which predicts a set of 2D confidence maps of body
part locations and 2D vector fields, which in turn show the association between parts. Finally, the maps
and PAFs are parsed by a greedy algorithm (an algorithm that finds the locally optimal solution) to

output the 2D locations of anatomical keypoints [11].

Figure 2. Keypoints detected by OpenPose [13]

3.2 Classification Models

Teachable Machine is Google's free web-based deep learning model creation platform where users can
train a machine learning model for classification tasks. Inputs can comprise images, sounds, and poses.
It was used for image posture quality detection with input consisting of the aforementioned skeleton

pose images, which were sorted into two classes based on whether or not they showed good posture.



The Teachable Machine provides a neural network which is called Multilayer Perceptron (MLP). With
the inputs, a neuron randomly assigns weights with which to multiply each input. Each actual input
from the image is run through activation functions that determine the output, and there can be multiple
“layers.” Each layer feeds its results to the next, and this is known as a feedforward system. To improve
the weights, at the very end the difference between the results predicted and the correct result is taken,
and then “backpropagation’ occurs with the hidden weights being updated with the error gradient. The
model was set to go through 70 training epochs, and in the end, it was able to accurately determine and

classify the posture quality of input skeleton images to an accuracy of over 95%.

3.3 Posture Quality Estimation Criteria

Common body angles such as neck flexion, upper cervical, etc. which are known to cause posture-
related health issues were considered when manually classifying images by posture quality. The
training images are labeled by their quality based on observing the following key parameters [6]: head
tilt angle, neck flexion angle, upper cervical angle, side head tilt angle, and spine angle, as depicted in

Figure 3.
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Figure 3. Angle definitions for posture quality estimation [6]



4. Data Collection and Processing

4.1 Participant Group Design

Volunteers were recruited from the school of the student researcher, considering different age and
gender groups. The use of human participants was approved by the school’s Scientific Review

Committee/Institutional Review Board. Written informed consent was obtained from all participants.
In total, 14 volunteers participated, with 5 females and 9 males.
4.2. Raw Data Collection

Raw images showing sitting postures can be captured with any camera. The camera can be a webcam,
cell phone camera, digital camera, or any such device. The images show a generally head-on view,
similar to that of a webcam of a typical desktop or laptop. The images show the head, neck, shoulders,

chest, and optionally more middle parts of the body. In total, 740 images comprised the data collected.
4.3. Create Skeleton Pose Images

A standard Dell laptop was used for OpenPose processing. Raw images of sitting postures were taken
and fed into OpenPose to generate the “skeleton” pose images. For demonstration, an overlay of the
raw image and its “skeleton” pose is shown in Figure 4. Two generated skeleton-only image outputs
from OpenPose are shown in Figure 5 as examples. The skeleton images have 4 or 5 facial keypoints,
2 or 3 spinal keypoints, and 4 total arm keypoints with hands possibly included. The skeleton images
are then taken as input to the developed posture quality estimation module running on the Teachable

Machine platform.
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Figure 4. Demonstration of a sitting picture of the student researcher and its “skeleton” pose

generated using OpenPose

Figure 5. Example skeleton-only image output from OpenPose

5. Classification Model Training and Results

Teachable Machine uses Transfer Learning, which is the process of taking a model previously
trained on a data set and applying it to a new data set for classification. It has many advantages
over starting from a completely blank model, as it requires fewer data to train the new model and

can be significantly faster by only retraining the final few layers of the model architecture instead
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of the whole network. A schematic comparison between the Transfer Learning and Traditional
Machine Learning is shown in Figure 6. Transfer Learning well suits the developed low-cost real-
time posture detection system for the reduced time and computation cost, as well as the much

smaller training data requirement.
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Figure 6. Traditional Machine Learning vs Transfer Learning [17]

5.1 Create the Classification Model

The first step to build a machine learning model is to create different classes for training. Here a
Teachable Machine classification model was created with two classes, “Good Posture” and “Bad
Posture.” The classes take equal numbers of training images of 70 epochs, meaning that each training
image was fed through the model 70 times. The rest of the model settings adopt the default
recommended by Teachable Machine. More specifically, it consists of 8 layers with a training rate of

0.001 and a batch size of 16.

5.2 Model Training and Results

A total of 332 skeleton images for each class are used for actual training of the machine learning model

with 50-50 ratio between good and poor postures. Teachable Machine isolated 15% of the given images
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for testing the loss and accuracy of the model. The accuracy and loss values are provided as part of the
standard output from Teachable Machine. As shown in Figure 7, for the developed training model, the
accuracy and loss curves converge rapidly with the number of epochs, even with some fluctuation. The

training results converge with over 95% accuracy when the number of epochs is over 70.
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Figure 7. Accuracy and loss values per epoch

The trained model is further validated using the remaining 76 images with 50-50 ratio between good
and poor postures. The detection system outputs “Good Posture” vs. “Bad Posture” classification. In
addition, the output also consists of a slider that shows the percent match the input had with each of

the two classes. Four typical results are shown in Figure 8 as examples.
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Figure 8. Example results from the developed posture detection system
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6. Conclusion and Future Work

Nowadays, people spend longer periods in the sitting posture for occupational or leisure activities.
Prolonged sitting combined with poor posture can contribute to neck pain and back pain, both
recognized as the leading global cause of disability in most countries [3]. In addition, for children and
young adults who use computer extensively for learning activities and recreation, it greatly increases
their risk of developing spinal pain [18,19]. In a prospective study with 8-year follow-up, experiencing
low back pain in youth was found to correlate with low back pain in adulthood [20]; therefore, it is
especially important to identify effective approaches for maintain a healthy sitting posture in the

younger population [6].

The developed posture detection system provides a low-cost and effective way that can enable a
widespread deployment of screentime posture monitoring at school, work, and home. The detected
bad posture can be further developed to trigger an alert such as screen flashing and restore the normal
screen only after detecting a good posture. In addition, the detection system can be further developed
as a mobile app to be completely portable for devices such as smartphones, tablets, laptops, etc. It can
help both computer users and sedentary workers to maintain a healthy posture during a prolonged

session through real-time biofeedback.
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