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Abstract

Providing effective feedback is crucial for the improvement of athletic performance, partic-

ularly for complex movements like somersaults. Various technological tools are available,

though complexity and costs renders them often inaccessible to amateurs. Rapid movements

and complex poses from a challenging situation for feedback since they are difficult to

observe for both humans and technological systems. This research explores the utility of a

easy to use sports feedback system for a complex movement: the somersault. The system

uses OpenPose, which is a marker less motion capture system that detects body parts from

footage. A contextual exploration was performed both through literature and interviews with

gymnasts. After, the performance of OpenPose on a somersault was evaluated qualitatively

and quantitatively. Together with gymnastics trainers, a diverging and converging ideation

phase led to the development of six low fidelity prototypes for feedback. The designs were

reflected on with gymnasts and refined into four high fidelity prototypes, which again were

evaluated. OpenPose performs poorly on somersaults, this was accounted for by using

a data enhancement strategy as well as a user centered strategy which aimed to bypass

the limitations of data by design choices. Altogether, this research provide three main

contributions. Firstly, a quantitative analysis of OpenPose’s performance on somersaults

is given. Additionally, design guidelines for sports technology are presented, including

strategies of coping with incomplete or inaccurate data. Finally, four Hi-Fi prototypes were

implemented and evaluated, forming a basis for novel somersault learning approaches. In

conclusion, OpenPose is a promising system for developing feedback systems for sports.
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Introduction

In the process of learning sports, self reflection on performance can be an effective method for

improvement. This is not subject to level of skill in sports, the professional athlete as well as

the beginner will benefit from reflecting on his/her performance. Various technological tools

aim to improve quality of reflection by providing feedback to a user. This includes the usage of

body sensors, performance data, custom dashboards, video analyses etc... These technologies

come in a wide range of complexity and costs. Professional athletes can afford elaborate and

expensive technologies, whereas the average amateur athlete is often limited to recording

and playing back videos. Amateurs can benefit from different feedback technologies as well.

Thus, a system that is easy to use, has low costs and requires no expertise to operate would

be beneficial in the learning process of amateur athletes.

Motion capture (MoCap) is the process of digitally tracking and recording the movements

of objects or living beings in space [1]. MoCap can be used in a feedback system in sports,

since it has potential to add to the quality of real time human observations. OpenPose is

an AI based MoCap system, that performs human pose estimation using imagery as input.

Due to its implementation as software, OpenPose is straightforward in usage. Apart from

a camera and (optional) spatial reference it doesn’t require any calibration nor dedicated

hardware. On top of that, lack of dedicated sensors or other wearable components enable

freedom of movement to users. OpenPose’s performance remains accurate on low quality

imagery, retaining decent performance on poorly lighted, noise infected images at 60x60

pixels [2]. OpenPose is the winner of the 2016 COCO keypoints challenge [3], a competition

involving the localization of human keypoints in challenging and uncontrolled conditions.

More information on OpenPose and keypoints can be found in section 3.1.1. OpenPose’s

properties enable its usage beyond controlled and calibrated environments. This suggest that

OpenPose might be a good MoCap choice in challenging settings, as is the case for many

sports.

However, being an AI based system, OpenPose’s performance depends on how well the

system can generalize to input data (new, unknown imagery). Images that closely resemble

training data will be evaluated accurately, whereas images that deviate a lot from training data

are at a higher risk of poor evaluation. OpenPose is trained on the common objects in context

(COCO) dataset [4], which contains annotated images of people. This dataset contains mostly

conventional human poses such as standing, sitting or lying down. Unusual poses, which
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are common in various sports (being upside down, tucking in etc.) are underrepresented

in training data. Though there are some strategies to minimize inaccuracies (such as data

augmentation and extension of the training database [5]), dealing with poor performance

(inaccurate data) of OpenPose on unusual human poses is inevitable. This is a challenge that

will be addressed throughout this work.

This research explores how OpenPose can be utilized in a feedback system for sports involving

unusual poses. It is investigated how the combination of video and (incomplete) OpenPose

data can provide rich and tangible (personalized) feedback for sports, ultimately aiming to

improve the learning process by exploring the design space of OpenPose and video data. For

this, the forward tucked in somersault (from here on referred to as just ’somersault’) is taken

as a case. Among others, the somersault has been chosen since it is challenging to observe.

For humans it is difficult to provide elaborate feedback based on just the observation of a

very rapid ballistic movement, and OpenPose struggles with unconventional poses which

are prevalent throughout a somersault. Furthermore, the somersault is a fundamental, thus

relevant, movement within gymnastics. An elaboration on the somersault and its context is

provided in chapter 2.

This research presents three main contributions. Firstly, it provides in depth information on

the performance of OpenPose on unusual poses and subsequently presents two strategies of

coping with its limitations. Secondly, four design guidelines are proposed for the utilization of

OpenPose in designing personalized feedback systems for sports. Thirdly, a feedback system

consisting of four different prototypes was developed which can be used for somersault

reflection. This forms a basis of a novel learning approach for somersaulting and can also be

used as baseline for similar research concerning different sports movements. This research is

guided by the following research question:

How can OpenPose data complement footage in providing feedback for a somersault?
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About The Somersault

This chapter contains contextual information on the somersault. This includes a motivation

for the somersault as case, an examination of what constitutes a proper somersault (see 2.2)

and current learning strategies for a somersault (see 2.3).

In this chapter various insights are extracted from interviews with gymnastics trainers and

athletes (n=9). These are referred to as (P=n) in which n is the number of interviewees out of

mentioned nine in total who, without prompting, independently presented the comment.

Additionally, field observations and gymnastics resources (recommended by trainers) were

consulted. Insights from the interviews are used throughout other chapters as well, the raw

interview notes can be found in A.1.3. In advance, all interviewees were notified about the

interview via a consent form (see A.1.1). This, among others, indicated the scope of research,

their voluntary participation and how their data would be (anonymously) gathered and

stored. The interviews were semi-structured along a script containing various questions.

The script and written notes can be found in A.1.2. The setting of the interviews was both

in situ and ex situ depending on the interviewee’s preference and convenience. During the

interviews the researcher wrote down notes digitally. Before the conclusion of the interview

these notes were summarized by the researcher and subsequently discussed, corrected and

approved by the interviewee.

2.1. Motivation for the somersault as case study
As a case for this study, the forward tucked in somersault within a gymnastics discipline is

considered. This is an aerial movement involving a full forward rotation of the body along

the vertical axis. The somersault is a swift movement that averages around 600ms to complete

[6]. The somersault is a key movement during gymnastics since it can be done at multiple

apparatuses (gymnastics elements, such as the floor or uneven bars) and forms the basis for

many advanced (aerial) routines. The explosive nature of the somersault makes it challenging

to properly observe its form and technique. Athletes rotate too fast to visually distinguish

their surroundings and determine their orientation well. On top of that, apart from changing

inertia, there is no way to make kinesthetic corrections during flight. Furthermore, the

somersault can be considered as a holistic movement: one has to commit to the full movement

during performance. Additionally, there is a lack of representative (i.e., exercises with high

3



2.2. Characterising a proper somersault 4

'transfer' [7]) intermediate learning steps and fear of injury in somersault learning. Moreover,
gymnastics classes can be big, rendering (extensive) individual attention not possible. In
conclusion, the somersault is a prime example of an unusual human pose that would greatly
bene�t from innovation on feedback to athletes.

2.2. Characterising a proper somersault

The tucked in forward somersault is the case sports movement for this study. This section
provides an overview of what this somersault consists of and which factors are important in
order for a somersault to be considered as 'good'. The somersault can be divided into �ve
phases:

1. Run up

2. Jump into trampoline

3. Trampoline take o�

4. Flight phase

5. Landing

Figure 2.1 shows these somersault phases. During the run up (phase 1) it is important to
gain su�cient speed (P=4) - or kinetic energy - so that su�cient height can be attained. The
jump into the trampoline (phase 2) should be powerfully initiated from one foot and landed
arms down with both feet next to each other in the center of the trampoline (P=6). In the
subsequent forward take o� (phase 3) arms should be swung upwards in order to gain as
much height as possible (P=7). During �ight (phase 4) the athlete controls his/her rotation
by tucking in (rotational velocity increases) or stretching out (rotational velocity decreases)
making sure that an upright orientation can be attained on landing (P=9). First contact with
the landing spot (phase 5) may be achieved whilst tilted slightly backwards, where inertia and
forward momentum push the athlete to an upright position while simultaneously �nding
balance (P=5). A well executed landing doesn't require balance corrections by feet [8] [9].

Additionally, a proper somersault entails keeping the feet and legs closely aligned with toes
pointed downwards. In o�cial regulation by the Fédération Internationale de Gymnastique
(International Gymnastics Federation, FIG) a somersault is considered 'tucked' if the angles
of upper body to thighs (A) as well as thighs to lower legs (B) are equal to or smaller than
135 degrees, see �gure 2.2. However, achieving minimal separation between the upper body
and thighs, thereby minimizing angle A (see �gure 2.2), is considered the best form [9] (P=7).
Additionally, arms should be held in close proximity to the body and extended when possible
(P=5), with hands positioned below the knees during tucking [8]. Though not grabbing at all
will be awarded with more points [9] (P=2). Notably, the speci�c apparatus or gymnastic
event in which a somersault is performed signi�cantly in�uences the desired technique.
For instance, trampoline somersaults require landing in place, whereas mini trampoline or
tumbling routines require horizontal translation during the somersault. From the run to the
landing the somersault should be performed along a straight line (ie. no lateral deviation).
Finally, all interviewed trainers (P=9) stressed that safety measures (for example landing
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with arms forward in order to catch over rotation) are considered important KPI's during the
learning, despite such measures not contributing to higher points in o�cial competition.

Figure 2.1: A tucked in forwards somersault from a trampoline onto a mat distinguishing
�ve di�erent phases, taken from [8]

Figure 2.2: Schematic posture of a tucked somersault with angles A,B � 135°

2.3. Common Somersault Learning Approaches

In learning a somersault, various techniques and exercises need to be mastered before being
able to do, or even attempting, a somersault. Therefore new learners (often children, P=7)
are presented with various exercises that allow them to train important (kinesthetic) skills
required for a somersault. These exercises provide preparation for a somersault with limited
injury risks. Below is a list with some common prerequisite exercises in approximate skill
(chronological) order:

ˆ Head rolls (with many variations such as: on a downward slope or onto elevated mat,
whilst holding objects between feet, knees or chin and chest, with or without hands,
P=8)

ˆ Jumping practice (squat jumping, jump and tucking in without rotation, P=4)



2.3. Common Somersault Learning Approaches 6

ˆ Dive rolls (ground roll from a standing position by jumping forward, P=2)

ˆ 'Tip' somersault (performing a somersault whilst allowing brief hand contact to a
surface, P=2)

ˆ Aided somersault (using a salto chair or physical support by trainer, P=7)

Additionally, trainers can opt to provide (personalized) instructions in order to improve
certain form elements. For example 'grab your ankles' (P=5) or 'touch your chest with your
chin' (P=4) are practices that naturally make the body tuck in, desirable for rotational velocity.
More importantly: such intermediate instructions are simple and tangible instruction for
children that, by doing so ultimately improves their overall tucking form. All trainers stressed
the importance of an individual approach and assessment of exercise type and di�culty
(P=4). Additionally, there are a lot of other exercises that can be practiced as prerequisites for
a somersault. Some examples can be found at the Dutch 'beter turnen' website [10].

In terms of technology usage, videotaping an exercise and re�ecting on the footage is common
practice (P=7). This helps athletes become more aware of their true orientation as opposed to
their idea, feeling or understanding of it (which is a challenge, if not impossible according to
[6]). Such footage forms the basis of various (digital) aids such as the apps 'Videodelay' and
'VisualEyes'; allowing easy video recording, sorting and annotating using a smartphone. An
impression of VisualEyes is given in �gure 2.3.
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Figure 2.3: Snapshot from the VisualEyes app; an app designed as digital aid in training
sports and providing feedback

While such apps o�er a good start for personalized feedback, their utility is directly constrained
by (quality of) footage. They enable the user to retrieve data from a 3rd person view but
remain super�cial, lacking the capability to delve into more nuanced patterns and dimensions
of data for feedback. Additionally, feedback value of such apps is limited by the re�ective
competence of athletes themselves.



3
Related Work

This chapter describes related work concerning OpenPose's state of the art, a comparison of
OpenPose versus common MoCap techniques, strategies on incomplete data evaluation and
data driven sports training approaches.

3.1. About OpenPose

3.1.1. Description of OpenPose

OpenPose is a realtime (multi)person pose estimation system that is able to detect human
postures. It takes footage as input and is able to detect human postures using a coordinate
system consisting of keypoints (KP's). It uses a convolutional neural network (CNN) in
order to �nd these KP's as well as part a�nity �elds (PAF) in order to correctly identify
multiple persons. Additionally, it proclaims to be the �rst realtime system for body, foot, hand
and facial KP detection [11]. OpenPose can run on images, videos and realtime on a video
stream, though experiences suggests that the latter requires expensive dedicated hardware
for reasonable framerates [3]. In order to use OpenPose, only a camera and a computer is
required. OpenPose's �rst version was released in 2017 and has since then become widely
recognized and used for human analysis research.

OpenPose's output consists of highlighted (i.e., overlayed keypoints overlayed on footage)
frame by frame videos, images or raw data. Openpose writes keypoint data as (x,y,c)
coordinates in which x and y represent the position in a frame (or image) and the corresponding
c is a value of con�dence in the estimation of that keypoint. Although OpenPose supports up
to 137 KP's (25 for body, 2x21 for hands and 70 for face), this research will be focused on gross
motor skills and will only utilize outputs containing 25 body keypoints. Figure 3.1 displays
an overview of the KP's and an example output of OpenPose. The version of OpenPose used
for this research is OpenPose version 1.6.0 (GPU release).
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