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Abstract. Non-proficient demonstration, gross motor skill assessment, and subjective
feedback are but a few of the perennial problems in physical education (PE). These
problems stand to benefit from a technology-based solution that uses human pose
estimation to guide learning. In this approach, a criterion motor action is embedded in a
deep-learning algorithm (DLA). A learner can view this motor action on an iPad and uses
its kinematic signatures to guide practice. The learner’s movement is captured by the
device and the recorded motor action enters the DLA for computation of movement
proficiency. The output of the DLA is a quantitative index that informs the learner how
well the movement has been executed. In this way, the learner gains timely and objective
feedback. A separate device held by the PE teacher collates the quantitative indices from
other students in the class. Collectively, the information facilitates the teacher’s selection
of instructional strategies.
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1 Introduction

This paper is a proof-of-concept study undertaken by the authors. Here, we propose a novel
technology-based solution to address the problems faced by teachers and students during PE.
The implementation of the solution has only recently started and herein no results will be
reported.

One of the perennial problems in PE is that not all PE teachers are capable of proficiently
demonstrating the motor skill(s) they are teaching. When a PE teacher demonstrates a particular
motor skill sub-optimally, the students do not perceive the visual information necessary for
motor learning. Additionally, in a class of 40 students, viewing of the demonstration may be
blocked or obscured by classmates nearby. Consequently, students are unlikely to produce
movements that approximate the desired motor action, which is characterized by a combination
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of limb kinematic signatures. This problem requires a technology-based solution so that
proficient motor skill demonstrations pre-recorded in digital devices can provide reliable visual
information necessary for motor learning.

After demonstrating the motor skill, the PE teacher often finds it difficult to effectively monitor
the motor performance of the class, which in Singapore school context, comprises about 40
students. In practice, the teacher either focuses on some students who are facing difficulty or
through subjective ‘eye-balling’, estimates the overall motor performance of the class. The
arbitrary estimation of skill proficiency could influence the PE teacher’s decision to either set
aside more time for practice or progress on to the next activity in the lesson plan. To my
knowledge, there is currently no objective and efficient way of assessing motor performance in
large class setting. This problem will benefit from a technology-based solution. Working in
pairs, while a student practices the skill, the other uses a digital device to video record the
movement. The executed movement is compared with a criterion motor action that has been
embedded in the digital device. The result of the comparison yields a quantitative index that
represents the student’s skill proficiency. In this way, 20 students will have access to timely and
objective feedback of their motor performance.

While the feedback benefits the students, it remains that the PEteacher does not have an efficient
way of monitoring students’ motor performance. To address this problem, the quantitative index
in each digital device (there will be 20 such devices in the class) will be wirelessly transferred
to a separate device held by the PE teacher. On that device, quantitative indices representing
each student’s skill proficiency willbe displayed. A separate programme in the device combines
the indices to yield an objective measure of overall skill proficiency.

Therefore, the proposed technology-based solution has the propensity to address the trilogy of
sub-optimal demonstration, assessment, and feedback in PE.

2 Technology-based solution

The solution utilizes a process called human pose estimation (HPE). It is a computer vision -
based technology that detects and analyses human postures during movement production. A
skeleton-based model consisting of key joints such as the ankles, knees, and shoulders in 3D
space will be developed to compute movement proficiency (Fig. 1). The steps for human pose
estimation are as follows: 1) determine criterion movement parameters, 2) capture executed
movements, 3) analyse the correctness of performance, and 4) display movement errors in the
digital devices (Fig. 2).




Fig. 1. Transformation of the executed movement (left) to skeleton-based model in 2D
(middle) and 3D (right) space.
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Fig. 2. Process flow of the pose estimation model.

Step 1 - The authors will video record the criterion motor action based on parameters defined in
PE textbooks [2]. These videos are entered into deep learning algorithms (DLA) with
convolutional neural networks and dilated temporal convolutions to identify crucial kinematic
features of the action. These algorithms are housed in the digital devices.

Step 2 & 3 - During practice, one student will use the digital device to video record his/her
partner’s executed movement. The information will enter the DLA, which computes the degree
of deviation from the criterion motor action. The processes of the DLA are as follow: i) match
the speed (i.e., frame per second) of the input and criterion videos, ii) align and normalize the
skeleton models of the executed and criterion motor action, iii) compare keypoints frame by
frame and detect motion inconsistencies, and iv) repeat the process for different groups of joints.
The difference between the executed and criterion model will be calculated using the cosine
function (see equation 1).
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When an executed movement moves in the direction of the criterion motor action, the angle
subtended by the executed and criterion keypoints will be near zero degree. In this case, the
cosine function of the deviation angle will be close to one, approximating 100 percent.
Conversely, when an executed movement moves in the opposite direction relative to the



criterion motor action, the angle subtended by the executed and criterion keypoints will be near
one hundred and eighty degree. In this case, the cosine function of the deviation angle will be
close to minus one, approximating -100 percent (Fig. 3).

Step 4 - The output of the computation will be a quantitative index in terms of percentage
compliance, that is, higher positive percentage reflects better motor performance.
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Fig. 3. Calculation of skill proficiency based on angle of deviation subtended by keypoints on
the executed (E) and criterion (C) models.

3 Brief history of technology in PE

The turn of the century saw a concerted push for the infusion of technology in PE [8,9,11]. PE
teachers were introduced to the use of electronic devices such as heart rate monitors,
bioelectrical impedance devices, and pedometers to assess health-related physical fitness. More
recently, PE teachers have access to software applications such as Calorie Counter and Google
Fit to track students’ dietary trends and physical activity levels. In some parts of the world,
applications such as PEManager has been used to alleviate arduous processes in PEassessment
[13,5]. Albeit advantageous, it may be argued that the benefits afforded by technology have up
till now been teacher-centric rather than student-centric. Therefore, a crucial question to ask is
whether technology can be strategically implemented in PE to enhance both teaching and
learning experiences.

Applications of HPE in the real world are evident in the areas of human-computer interface,
autonomous driving, and sports [14,7,4,15,10,6]. The paucity of its application in education is
unequivocal. Therefore, a significant gap exists for educators to explore HPE as a technology -
based strategy to enhance teaching and learning in PE. Therefore, in our proposed study, we
will use HPE to analyse movements produced by students during PE. The deep learning
algorithm in HPE will assign loci to joints of a human body in space thus enabling the
computation of movement errors given the criterion parameters [12,1,3]. We hypothesize that
HPE will enhance PE teachers’ ability to monitor and assess motor performance, and in doing,
enable them to provide more engaging and meaningful activities for the students.

4 Evaluation of the technology-based solution



The proposed study involves the production of a beta version of the HPE algorithm. Once
completed, the model will undergo testing using small number (e.g., 2 to 3) of digital devices.
There will be numerous rounds of testing to improve the efficiency of the model. Once the
model stabilizes, the current study will be scaled up for implementation in large class with 40
or more students. Testing at this stage will involve not only the increased number of digital
devices (e.g., 20 or more) but also the network capability that is crucial for the operation of the
proposed solution.

The impact of the proposed solution will be evaluated using interviews and surveys. Two to
three university course instructors will be interviewed. A sample of the interview questions is
provided below.

1. What are the benefits and challenges of using the digital device as a teaching tool?

2. What impact did the proposed solution have on assessment and its implications on lesson
progression and pedagogical development?

Two to three university courses will be selected for the study. At the start of the semester, the
instructors will provide a brief description of the study, its aims, and intended outcomes. A
survey will be administered at the end of the course to gather feedback on the useability of the
digital device. Feedback will be garnered from the students on how their learning needs have
been addressed by the proposed solution. A sample of the survey questions is provided below.

1. Did you encounter any technical issues while using the software application? Yes / No

2. Did you find the criterion motor action videos useful? Yes / No

3. Was the slow-motion playback of the demonstration useful ? Yes / No

4. Did the software application enhance your learning experience? Yes / No

5. To what extent did the software application afford collaborative and experiential learning?

6. Comment on your experience regarding this type of pedagogical approach for teaching and
learning in PE.
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