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Summary

Introduction: For the 350 000 stroke survivors in the Netherlands, frequent falling is one of the most

common medical complications. The consequences of falling can be severe, with People with Stroke

having four times greater odds of hip fractures in the event of a fall. The HEROES Project aims to re-

duce fall-related healthcare utilization and associated costs, prevent falls and help People with Stroke

stay independent after being discharged from the hospital. This is done by developing an exergam-

ing system for at-home rehabilitation, which is focused on the stepping response of patients. This

exergame will use a Depth camera with a skeleton tracking algorithm to estimate the joint locations of

users. Various skeleton tracking algorithms do exist without clear information on which performs the

best in an at-home environment where various factors could influence the quality of skeleton tracking.

Materials and Methods: Two experiments have been performed to quantify the quality of skeleton

tracking during a stepping exercise by three skeleton trackers: Cubemos, Nuitrack and Openpose.

During one experiment, the three algorithms were compared to a golden standard, Qualisys, using

a Root Mean Squared Error for both the entire movement and all steps separately. The second

experiment compared the three algorithms during the same exercise in a home-based environment,

analysing the effect of the amount of light, the visibility of a background and the type of clothes worn

by the subject using mean step length error and percentage of frames with different types of wrong

skeleton- and joint recognitions as outcomes.

Results: All skeleton trackers showed a large root mean squared error to Qualisys. Mean Step

Length Error was lowest for Cubemos and Openpose and was largest during steps away from the

camera. Ambient conditions did not have a significant effect on the mean step length error for any

system. Cubemos and Nuitrack showed the lowest percentage of frames with wrong recognitions.

In this regard, Cubemos was also not affected by any ambient condition, while Nuitrack showed a

higher percentage of frames with wrong recognitions when the light is turned off and no background

is visible, and Openpose showed a higher percentage when the lights were turned off versus turned

on. For joint recognition, all three skeleton trackers perform better when the lights are turned on, and

worn clothing is monochromatic.

Conclusion: Cubemos is the most robust skeleton tracker to changes in a home-based environment.

For the best joint recognition, it is advised to turn on lights and wear monochromatic clothing. Even

though steps in different directions could easily be identified, all skeleton trackers show a large error

to the golden standard and are not deemed suitable for precise location estimations.
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Chapter 1

Introduction

1.1 Motivation

For the 350 000 stroke survivors in the Netherlands, frequent falling is one of the

most common medical complications, with even a minor stroke, or Transient Is-

chemic Attack (TIA), elevating poor balance to be a high-risk factor [1]. Reported

fall rates of stroke patients are up to 10 higher than those of their healthy peers,

regardless of post-stroke stage. The consequences of falling can be serious, with

People with Stroke (PwS) having four times greater odds of hip fractures in the event

of a fall. In addition, actual falls or almost falling create a Fear of Falling (FoF), which

could lead to avoidance of physical activities. This in turn leads to physical de-

conditioning, mobility limitation, and then loss of independence [2]. Costs related

to rehabilitation and its specialized tools after a fall are high. Thus, prevention of

falls and development of FoF for PwS will yield significant health gains for PwS in

the form of more independence, and substantial savings in costs and utilization of

health care resources.

1.2 Framework

The presented research was done as part of the HEROES Project at the Univer-

sity of Twente, ET Faculty, Department of Biomechanical Engineering (BE). The

research was supervised by Aurora Ruiz Rodriguez MSc., dr. Edwin van Asseldonk

and dr. Ruben Regterschot.

The HEROES Project aims to reduce fall-related healthcare utilization and asso-

ciated costs, prevent falls and related injuries, and help PwS maintain independence

once they are discharged from the primary care unit. The project aims to achieve

this by developing an exergaming (see Chapter 2.3) system for home rehabilitation.

The exergame will be focused on improving the stepping response of patients. The

1



2 CHAPTER 1. INTRODUCTION

exergame will use a camera-based skeleton tracking system to identify the position

of various joints of the patient. This way, only a specialized depth camera is needed.

Various algorithms exist for skeleton tracking without clear evidence about which

is the most accurate in calculating the positions of the lower limbs for the stepping

response in a home-based setting. Furthermore, the effect of ambience conditions,

like low light, the busyness of the background, and user properties, like types of

clothing or skin complexion, on this accuracy have never been quantified. This

information is important for the application of camera-based skeleton trackers for

rehabilitation in a home-based environment.

1.3 Goal of the Assignment

The goal of this assignment is to compare the accuracy of various camera-based

skeleton trackers under various different ambience conditions and a user property.

The skeleton trackers to be compared are Cubemos, Nuitrack, and OpenPose. The

ambience conditions are brightness of light and visibility of a background. the user

property to be tested for is the type of clothing. To this end, the research question

is stated as follows: How do certain ambience conditions and user properties affect

the accuracy of different camera-based skeleton trackers?. To answer this question,

the next objectives are defined:

• Through literature research collect and summarize existing knowledge on how

stroke affects patients, what the rehabilitation of PwS looks like and what the

different types of camera-based skeleton tracking are.

• Set up a protocol, defining diverse ambience conditions and user properties in

a home-based environment.

• Performing the experiment according to the protocol to collect a large data set

that can then be analysed.

• Process the collected data set to find different types of accuracies for every

skeleton tracker, ambience condition, and user property. Outcomes will be the

quality of skeleton recognition, mean step length and step position.

1.4 Report Organisation

The remainder of the report is structured as followed. Chapter 2 is a collection of

summarised literature on the subject of stroke, rehabilitation thereof, exergaming,

and the relevant skeleton trackers for this assignment. Chapter 3 is Method and
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Materials, describing the methodology of the experiments to measure the accuracy

of the various skeleton trackers. Chapter 4 will show the results of the experiment.

Finally, in Chapter 5 these results will be discussed. In Chapter 6 conclusions will

be presented and recommendations will be given.
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Chapter 2

Literature Research

2.1 Clinical Image of Stroke

Stroke is a common, global healthcare problem. In high-income countries, stroke is

the third most common cause of mortality. However, most patients survive the initial

stroke, causing stroke to be the most common cause of adult-acquired disability.

This manifests itself as long-term impairment, limitation in activities, and, as result,

reduced participation [3]. In the Netherlands, 1,03% of the entire population suffered

a stroke and its consequences [4].

There are multiple causes by which stroke can onset. Ischemic stroke occurs

when oxygen-supplying blood vessels to the brain become occluded or become

more narrow as the result of a buildup of plaque. This, as result, causes a critical

decrease in oxygen supply to the brain cells. A Hemorrhagic Stroke can occur when

a blood vessel in the brain becomes weak and then breaks or leaks. Blood then

starts to collect in the brain and this can cause brain cells to die. A TIA is also called

a minor stroke and is caused by a temporary clot in a blood vessel. The symptoms

are those of a stroke, but the effects last at most a few minutes [5].

Stroke can have various types of long-term impairment. The most common types

are lingual, cognitive and motoric decline. The motoric decline causes a limitation in

mobility through a decrease in or even loss of muscle control. It is caused by damage

to the (pre)motor cortex, motor tracks, or associated pathways in the brain. It usually

affects movement of the face, lower and upper extremities of one side of the body,

and is observed in about 80% of all stroke survivors. Examples of these impairments

include but are not limited to, changes in muscle tone and sensation, muscle weak-

ness and loss of inter-joint coordination, which all culminate in less body control.

The decrease in body control also leads to less participation of PwS in life activi-

ties and higher dependency on others, causing an increased chance of developing

depression [3]. FoF plays a great part in this decrease in participation. About 66

percent of PwS report suffering from FoF. FoF can start due to the PwS suffering

5
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from balance impairments, which approximately 83% of acute stroke patients suffer

from. Furthermore, approximately 73% of acute stroke patients fall during the first 6

months after their initial stroke, which could raise rehabilitation costs [6]. Therefore

there is a large focus on stroke rehabilitation to recover the impaired movement(s)

and the associated functions [3], [7].

2.2 Rehabilitation practices for stroke

The goal of stroke rehabilitation is to help PwS relearn skills that have been lost

due to the initial attack and limit the effects that this attack had on them. Effective

rehabilitation is necessary to help PwS get used to their new level of physiological,

physical and social functions. Furthermore, it has been proven that it also reduces

the length of hospital stay, their re-admission rate and their use of primary care

resources [8]. Reducing the length of hospital stay, re-admission rate and use of

primary care resources is important due to the high cost of stroke rehabilitation,

adding up to 1,5 billion euros in 2005. This was 2,2% of the total money spent

on healthcare in that year. Societal costs per patient in that year were on average

C29 484,-. Most of these costs are front-loaded in the first half-year after the initial

attack [4].

Studies have been performed on the timing and duration of stroke rehabilitation.

The earlier the rehabilitation starts, the better the patient recovers. [9] The duration

of stroke rehabilitation depends on the severity. The rehabilitation duration varies

between 8 weeks for a mild stroke and 17 weeks for a severe stroke to reach the

best functional performance [10].

Stroke rehabilitation is usually referred to in two parts: Early and Later Rehabilita-

tion. Early Rehabilitation is focused on using techniques to influence the potential for

neuroplastic change. Later rehabilitation is focused on teaching adaptive responses

and coping strategies. [10] There is evidence for improved outcomes if a patient was

treated at a specialised stroke unit compared to alternative services. Under these

conditions, PwS are more likely to be alive, living at home, and independent one

year after a stroke. This is independent of sex, age, stroke severity and type. An

increase in length of stay was noticed in specialised wards, but no strong evidence

has been found to support this statement. [11]

Physiotherapy is one facet of rehabilitation focused on motoric improvement and

is generally valued by patients and strong evidence has been found of its effective-

ness, especially for balancing issues. Further evidence was found that task-oriented

exercise training was favoured to restore balance and gait, as well as strengthening

the lower affected limb. [12]

After some time, patients get discharged from the hospital. This does however
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not entail that the patient has reached full recovery. Transfer of care may therefore

be a more apt description. The moment of transfer of care varies for each patient,

mostly based on the amount of support they can receive at home. While rehabili-

tating from home, the patient stays in contact with rehabilitation services for regular

checkups [10]. Earlier transfer of care for people who suffered a moderate stroke

improved outcomes (less death and less dependency on others) and also increased

patient satisfaction [13]. Early transfer of care also significantly reduces healthcare

costs. [4] Creating new options to practice from home for PwS, who had an ear-

lier transfer of care, could therefore be a positive change for patient well-being and

societal cost.

2.3 Exergaming

In the past couple of years, the idea of using video games to help people with their

rehabilitation process has started to surface. With the coming of Nintendo Wii and

Microsoft Kinect, gaming systems that use movement as the main form of input be-

came widely available, with the former using a controller with a motion sensor and

the latter a camera-based system. Especially the Microsoft Kinect has not been ig-

nored for research on the use of the system for rehabilitation purposes [8], [14]–[17].

An advantage that camera-based systems have for rehabilitation is the omission of

the need for a controller, which could be difficult to hold for PwS and could also

cause pain due to repetitive motion [18]. When used at home, a Kinect-based sys-

tem can encourage the use of upper and lower extremities which may have been

affected by the stroke, thus helping in the rehabilitation of the patient. Furthermore,

playing non-sedentary games decreases the risks of all-cause mortality [8]. It has

been proven that the use of exergames increases the patient’s engagement and en-

joyment of the rehabilitation while simultaneously improving their motor control [19].

This means that there are several benefits to letting patients practice using full-body,

controller-less gaming. The Microsoft Kinect is but one example of a system that

allows the tracking of a full human body without added hardware to the person. It is

done by the use of camera-based skeleton tracking.

2.4 Skeleton Tracking

Tracking the positions of the joints of the human body is important to let the entire

human body by the controller for a game. Skeleton tracking uses one or more cam-

eras to film and analyse the human body for this purpose. As a core concept, the

algorithms separate the detected human body from the background of the video and
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Figure 2.1: Example of the tracked joints by Cubemos.

then identify the position of several joints or features, such as hands, arms, elbows,

knees, etcetera [20]. Different soft- and hardware that are able to track the human

body are described below. Some of these software are freely available and open-

source, while others are only commercially available and thus have less information

freely available. Examples of software from both of these categories are explained

in more detail in the following paragraphs.

2.4.1 Commercially available software

Cubemos

Cubemos first uses 2D RGB images to track the human body. After having recog-

nised the x and y pixels of every joint on the 2D images, it deprojects these locations

using the depth data, if available. To this end, a 3D camera is needed. Cubemos

recognises thirteen key points on the human body and five key points on the human

face. This can be seen in Figure 2.1. The Cubemos algorithm is able to detect

up to five people at once. Seeing that Cubemos is not open source, not a lot of

documentation on their skeleton tracking algorithm is available.

Nuitrack

Just like Cubemos, Nuitrack uses 2D RGB images to track the human body, after

which it uses depth data to deproject the found joint locations to a 3D space. To

this end, a 3D camera is needed. Nuitrack can track up to 6 different people at the

same time. It uses face tracking to detect the front and the back of a person. Nuitrack

allows for the tracking of 20 different joints as shown in Figure 2.2. Because Nuitrack
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Figure 2.2: Example of the tracked joints by Nuitrack.

is not open source not a lot of documentation on their skeleton tracking algorithm is

available.

2.4.2 Open-source software

Microsoft Kinect

To properly track bodies, the Microsoft Kinect makes use of an algorithm of which

the focus was to be as robust and computationally efficient as possible. Using a

depth image, it works frame by frame and is thus not dependent on temporal data of

previous frames. The algorithm segments and labels the image per pixel in expected

body parts. The labels have been chosen in such a way they lay close to skeletal

joints. The inferred labels get projected back into the world space and from these

coordinates, expected coordinates for various joints are estimated. This can also be

seen in Figure 2.3. From these estimated joints, an estimation of the skeleton can

now be made [21]. The newest version of Microsoft Kinect can recognise up to 32

Keypoints and is able to distinguish 6 active players for motion tracking at the same

time. More people can be in frame and recognised, but their movements won’t be

tracked [22]. The Microsoft Kinect software is only able to be used with Microsoft

Kinect hardware.
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Figure 2.3: Example of Skeleton tracking algorithm that the Microsoft Kinect uses.

Adapted from [21].

OpenPose

OpenPose uses 2D images to perform skeleton tracking and is thus able to use any

type of webcam to collect video.

Skeleton trackers can either use a top-down or bottom-up approach for detecting

multiple people in a frame. The top-down approach first employs a person detector

and then uses single-person skeleton tracking on the detected person. This top-

down method, however, suffers from early commitment. If a person does not get

recognised by the person detector, their skeleton is also not tracked. This tends to

happen more often when people are in closer proximity. Furthermore, this top-down

approach also suffers from an increase in runtime the more people are visible in

the frame. Therefore, OpenPose employs a bottom-up approach for multiple-person

skeleton tracking. These types of approaches are attractive due to their robustness

to early commitment and potential to decouple runtime from the number of people

in the frame. However, since the final parse required a costly global inference, the

efficiency of these methods was significantly lower. OpenPose presents an efficient

bottom-up approach for multi-person skeleton tracking. Their skeleton tracking algo-

rithm has no limit on the number of people tracked at the same time [23].

OpenPose uses Part Affinity Fields (PAF), a set of 2D Vector flow fields that

encode the location and orientation of limbs. First, an image is loaded in, then

a Convolutional Neural Network (CNN) is used to predict body parts and PAFs for

body part association. The algorithm then uses bipartite matching to associate body

parts. The collected data is then assembled into full-body poses and parsed onto

the image. This is made visible in Figure 2.4 [23].

Just like Cubemos and Nuitrack, adding depth data to deproject the found 2D

joints allows OpenPose to perform 3D skeleton tracking.
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Figure 2.4: Example of Skeleton tracking algorithm that the OpenPose uses.

Adapted from [23].

Figure 2.5: Keypoints for different datasets. Adapted from [23].

OpenPose consists of 3 different blocks: body+foot detection, hand detection and

face detection. Depending on the goal of the research these can either be turned on

or off. Its CNN is trained on the COCO and MPII datasets, both of which detect and

display different key points on the human body. This is displayed in Figure 2.5 The

COCO dataset allows for the recognition of 17 Keypoints, while the MPII dataset

only allows for 14 [23].

2.4.3 Accuracy of Skeleton Trackers

No information was available about the accuracy of the Cubemos and Nuitrack

Skeleton Tracker, because they are only commercially available. The depth accuracy

of the Microsoft Kinect varies depending on the distance of the to-be-measured ob-

ject to the camera. The closer the object is to the camera, the more depth accurate

the Kinect becomes. The Kinect has a depth accuracy of <2mm right in front of the

camera up to 3m away. Starting at a distance of 4m, the accuracy depth accuracy

becomes >4mm. The further a person moves towards the side of the frame, the

worse the accuracy becomes as well [24]. In a multi-camera setup, OpenPose was
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able to track human movement with an accuracy of 30mm or less. The larger errors

that were found in this research were due to the human body not being recognised

or wrongly being recognised by the OpenPose software [25]. Both of these tests

were performed in artificial, sterile environments. No papers were found discussing

the accuracy of the Skeleton Trackers in a home-based environment, nor were any

papers available on the accuracy of measuring the stepping response.

2.4.4 Skeleton Trackers and Stroke

Van den Pol, who previously worked for the HEROES Project, used Cubemos to

check the effects of lighting, clothing and background objects on the accuracy of

the system while the subject performed certain balance recovering stepping mo-

tions. He found an indication that the Cubemos skeleton tracker was less accurate

in the dark, that background objects make the tracker more accurate, and that wear-

ing multichromatic clothing makes the tracker more accurate. No significance was

described, however. [26]

Exergaming applications for stroke rehabilitation using Nuitrack as the skeleton

tracker are already in development. Ribé et al. designed an exergame in Unity

and made use of the Nuitrack Software Development Kit (SDK), combined with an

Intel®Depth Sensor Camera. This application includes 6 exercises for various types

of movement. The player has to mimic an avatar displayed on the screen while

seeing their own body mirrored on the screen as well. The application also includes

”serious games”, where the exercise is put into context on the screen. An example is

a balancing game where the user needs to move their upper body to avoid obstacles

that float towards them while grabbing objects that grant them additional points. The

application has only been tested on healthy subjects. A clinical trial will be started in

the near future [27].

The Microsoft Kinect is one of the most used hard- and software for research into

body tracking and rehabilitation, because of its properties as described in Chapter

2.3. Various applications have been made and tested for stroke rehabilitation us-

ing the Microsoft Kinect SDK. In 2012, a study was performed by Llorens et al.

who made stroke patients perform balance exercises using the Microsoft Kinect as

skeleton tracker. Balance performance increased significantly for patients between

the initial and final assessment [14]. Other research was performed by Proffitt et

al. who looked into the feasibility of a home-based exergame stroke rehabilitation

program. None of the four participants underwent further therapy at this point. The

participants were instructed to play the rehabilitation game Mystic Island [28]. One

of the four participants had difficulties understanding the gaming system. The par-

ticipants enjoyed the fact there were multiple games available. Patients did find it
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difficult to reach the recommended four hours per week of playtime. Proffitt et al.

concluded that Mystic Isle demonstrated to be a feasible option for at-home rehabil-

itation, but that more research should be performed with a larger sample size [29].

A preliminary study has been performed by Park et al. where they compared a con-

trol and intervention group. The control group got half an hour of physical therapy

a day, while the intervention group got half an hour of additional exergaming using

the Microsoft Kinect. There was a significant increase in performance for the inter-

vention group, indicating the use of the exergaming for stroke rehabilitation could be

beneficial to PwS [30].

Research into how well OpenPose is able to track the human gait, which is often

affected by stroke, has been performed by A. Viswakumar et al. In this experiment

they used the 2D skeleton tracking algorithm of OpenPose to track the gait of healthy

subjects by calculating their knee flexion/extension during the movement. The sub-

jects walked parallel to the camera. The measured knee angles were compared and

concur well with the normative gait database. [31].

2.4.5 Conclusions

Four different skeleton trackers have been discussed in the previous paragraphs.

They all have various characteristics and ways to track human skeletons. Microsoft

Kinect is fully 3D image-based, while Cubemos, Nuitrack and OpenPose can work

on 2D images, but supports 3D images. Keypoints recognised and their connections

vary between all five described skeleton trackers. The number of people that can be

recognised at once also varies between the skeleton trackers. This is summarised

in Table 2.1.

Table 2.1: Summary of Discussed Skeleton Trackers
Skeleton Tracker 3D Camera Needed? Opensource? Amount of Keypoints Max People at once

Microsoft Kinect Yes (Microsoft Kinect) Yes 32
6 for motion tracking,

Unlimited for amount in frame.

Cubemos Optional No 18 5

Nuitrack Optional No 20 6

OpenPose Optional Yes
COCO Dataset = 17

No limit
MPII Dataset = 14

2.5 Possible complications in skeleton tracking

Because the HEROES Project will be focused on helping patients with at-home reha-

bilitation, the setting will not always be perfect for the skeleton tracker to reach peak
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accuracy. Various ambience conditions and user properties could influence the abil-

ity of skeleton trackers to properly track the user. Currently, there is a knowledge

gap as no research has been performed on the influence of ambience conditions

and user properties on accuracy. Various conditions that could influence the ability

of the skeleton trackers to accurately track the human body are listed below.

• Lighting conditions

• Types and/or color of clothes worn

• Objects and additional people in the background

After noticing these complications, two experiments will be conducted to test how

these complications affect the skeleton trackers and some recommendations for use

will be proposed. In Chapter 3 is described how there will be tested for these pos-

sible complications. In Chapter4 the results of these experiments will be presented.

The results will be discussed in Chapter 5. In Chapter 6 the recommendations

based on the results of the experiment will be proposed.



Chapter 3

Method and Materials

In this chapter, two experiments will be described to quantify the accuracy of the

three skeleton trackers, Cubemos, Nuitrack and OpenPose. The earlier discussed

Microsoft Kinect was not tested for in these experiments, since it requires the Mi-

crosoft Kinect as a camera, which was not used in the experiments. The first ex-

periment to be described has the goal to compare the three skeleton trackers to a

golden standard, Qualisys. Qualisys is a multi-camera marker-based motion cap-

ture system with sub-millimeter accuracy [32]. The second described experiment

has the goal to quantify the effects of ambient conditions and user properties on the

accuracy of the Cubemos, Nuitrack and OpenPose Skeleton tracker. Both experi-

ments are observational cross-sectional studies and were held at the University of

Twente. The reason two experiments have been performed is that Qualisys needs

a lab setting, while the second experiment needs a (simulated) at-home setting.

These experiments will be described in Chapter 3.3 and Chapter 3.4 respectively.

3.1 Study Population

For both experiments, healthy subjects were selected from the students and staff

of the University of Twente and Saxion Hogeschool. The participants provided in-

formed consent (See Appendix B) before starting their respective experiments. The

experimental procedures used in these experiments were approved by the Ethics

Committee of the University of Twente. The age of the subjects was between 18

and 40 years old. Their heights were between 150cm and 195 cm. For the compar-

ison with Qualisys, one subject was included. For the comparison under different

ambience conditions and user properties, thirteen subjects were included.

15
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Figure 3.1: Mat with applied markers at the cardinal and intercardinal positions to

help subjects perform proper steps. The distance between the middle

and the outer markings is 60cm.

3.2 Materials

The following materials were used to perform these experiments:

• Intel Realsense Depth Camera D435i

• Computer with the following software installed:

– Intel Realsense Viewer v2.38.1

– MathWorks MATLAB r2020b

– Cubemos SDK

– Nuitrack SDK

• Mat with placed markers following Figure 3.1

• Additional Materials for the Comparison with Qualisys experiment

– Computer with QTM Qualisys Track Manager installed.

– Qualisys

• Additional Materials for the comparison under different ambience condi-

tions experiment

– A green screen



3.3. SKELETON TRACKERS COMPARED TO QUALISYS 17

3.3 Skeleton Trackers compared to Qualisys

3.3.1 Summary

This experiment has the goal to compare the three skeleton trackers, Cubemos, Nu-

itrack and OpenPose to a golden standard, Qualisys. An Intel®Realsense™Depth

Camera D435i and Qualisys were used to record the participant. Passive markers

that the Qualisys cameras can recognise were attached to the two ankle joints of

the subject. The participant stood in the center of a marked mat with 9 keypoints

(one key point in the middle, the other eight on the cardinals and intercardinals) in

front of the 3D Camera and in the center between the Qualisys cameras. Both a

3D video and a Qualisys joint location recording were made of the participant, while

they performed the instructed movements. The 3D video recordings were saved and

analysed by all three skeleton trackers. After the trail, the ankle joint location data

given by the three skeleton trackers were compared to the ankle joint location data

given by Qualisys. Root Mean Squared Errors were calculated for every step and

the total movement to compare the three systems.

3.3.2 Goal of the Experiment

Collect a 3D video and Qualisys recording of the same stepping movement a subject

performs to compare the three skeleton trackers, which use the 3D video to estimate

joint locations, to the golden standard Qualisys, which uses 12 cameras to estimate

marker locations, which have been added on joint locations. The joints that will be

compared to Qualisys markers are the right and left ankle joint.

3.3.3 Hypothesis

We expect that the two commercially available skeleton trackers, Cubemos and Nu-

itrack have a lower Root Mean Squared Error than the open-source skeleton tracker,

OpenPose.

3.3.4 Overview of the Data Collection

The experiment was performed in the Movement Laboratory at the University of

Twente as this location is where Qualisys is set up and calibrated.

The subject was asked to perform several stepping motions while being recorded

by a 3D camera, the Intel Realsense™Depth Camera D435i, and the Qualisys sys-

tem. To guide these stepping motions, a mat with markers was made. This mat is

visible in Figure 3.1. This mat was placed in front of the 3D camera and in the middle
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Figure 3.2: Schematic drawing of the mat with markers placed in the middle of the

Qualisys. The X and Z axis of the Qualisys are shown in blue and red,

respectively. The Y-axis is pointing toward the reader.

of the Qualisys cameras. Qualisys was first calibrated and a coordinate frame was

defined using the L frame before the experiment was started. The setup, including

the coordinate frame, is shown in Figure 3.2.

Reflective markers that can be recognised by Qualisys were added to the sub-

ject’s body, as shown in Figure 3.3. The XYZ-location of the circled marker on

both feet was used as a comparison to the XYZ-location of its respective recognised

ankle joint by all three systems.

The subject was instructed to take place on the two middle markings on the

mat. To synchronise the data between Qualisys and the 3D video recording, the

subject performed a right leg raise to knee height, creating a sharp increase for

its Y-coordinate. The subject was then instructed to perform ten steps. For every

step, the subject was asked to step with their feet to the marker and then stand

still in this position for approximately one to two seconds before moving that foot

back to its respective middle marker position. This was repeated in every direction.

The directions and their order are shortly summarised in Table 3.1. The distance

between the center of the mat and an end position is 60cm. These motions were

captured using both the Qualisys and the Intel Realsense™Depth Camera D435i

and their data was saved for further analysis.
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Figure 3.3: Image showing the markers added the subject’s body for tracking with

Qualisys. The circled marker is used as the reference for the skeleton

trackers.

3.3.5 Data Management and Analysis

The Qualisys marker location data is saved in a .mat file, which was read into MAT-

LAB for further analysis. The recording software for the 3D camera, Intel Realsense

Viewer v2.38.1, saves the 3D video as a .bag-file. For each of the three skeleton

trackers, the .bag file was run through their respective Python script, which collected

the joint locations and saved these as a .mat file. These .mat files contain the 3D

joint locations of every recognised joint on every recognised skeleton of every frame

of the video by the chosen skeleton tracker. After all the .mat files were obtained,

they were put through another MATLAB script, which analysed the collected data

and compared them. The analysis is schematically shown in Figure 3.4 and further

explained in the following paragraphs.

As the Qualisys data has a higher frame rate and a different starting time than the

3D camera, the data first had to be synchronised. To find a corresponding Qualisys

frame for every Intel Realsense frame, the following equation is used:

IQualisys =

(

IIntel

FPSIntel

)

× FPSQualisys (3.1)

Where IIntel is the frame number of the Intel Realsense recording and IQualisys is the

Table 3.1: Stepping order for all experiments
Step number 1 2 3 4 5 6 7 8 9 10

Foot Right Left

Direction Anterior
Right -

Anterior
Right

Right-

Posterior
Posterior Posterior

Left-

Posterior
Left

Left-

Anterior
Anterior
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Figure 3.4: Schematic of the data flow after the experiment

corresponding Qualisys frame.

After the Qualisys data has been downscaled, the starting time needs to be

synchronised as well. To this end, we did let the subject move their right foot up to

knee height. This sharp increase in distance over Y-axis is used to synchronise the

starting time. This is made visible in Figure 3.5.

After the synchronisation of the frames, the distance between the ankle joints

is calculated for the Qualisys data. This data is then displayed in a graph, where

the user is asked to select the breakpoints between standing still (platforms) and

movement (increases or decreases in the distance). To give an idea of a proper

selection, refer to Figure 3.9. These breakpoints are also used for the analysis of

the data of the three skeleton trackers.

The selected breakpoints are used to find the plateaus where the feet are the

closest together. In these frames, the feet are standing still in the middle of the

mat. For all four systems, mean X-, Y-, and Z-coordinates were now calculated for

the two ankle joints for every frame in this situation. Then an average X-, Y-, and

Z- coordinate was calculated for the mean standing still middle position for every

system.

Now, to properly compare the X-, Y-, and Z-coordinates of the ankle joints, all
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Figure 3.5: The distance between the two ankle joints over the Y-axis for all four

systems. Displayed is the sharp increase that exists due to the subject

moving their right foot to the knee.

systems first needed to be moved to the same origin. For this reason, the mean

standing still middle position was calculated. All data for every system was translated

to (0,0,0) by subtracting the mean standing still middle position. Then, a rotation

was needed for Cubemos, Nuitrack and OpenPose due to them having a different

coordinate system. Their data was first rotated by 180◦ over the Y-axis, and then

rotated by 180◦ over the X-axis. To correct for possible rotation differences between

Qualisys and the 3D camera, an optimisation has been performed, calculating a

rotation around the Y-axis, minimising the total RMSE between all three systems

and Qualisys.

3.3.6 Outcomes

At last, now all the systems are in the same coordinate system, the distance between

the measured location of the ankle joints with Qualisys and the measured location

of the ankle joints of the three skeleton trackers was calculated for every frame.

For both ankle joints, Root Mean Square Errors were calculated, for both the entire

movement and every step separately.
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3.4 Accuracy of skeleton trackers under different am-

bient conditions

3.4.1 Experiment Summary

To measure the effects of ambient conditions and user properties on the accuracy

of the Cubemos, Nuitrack and OpenPose Skeleton tracker, the following experiment

has been performed. Participants were chosen from students and personnel from

the University of Twente and Saxion Hogeschool. An Intel Realsense™Depth Cam-

era D435i was to record the participants. Depending on what variables were tested

for, the setting was changed. The ambient conditions and user property that were

tested for are Light (ON/OFF), Background (Visible/no background) and Clothing

(multichromatic/monochromatic). The participants stood in the center of a marked

mat with 9 key points (one key point in the middle, the other eight on the cardi-

nals and intercardinals) in front of the camera. 3D videos were made of the partici-

pant. While being recorded the participants performed the movements as instructed.

These videos were saved and analysed by all three skeleton trackers. After the trial,

the data from the skeleton tracker was used to analyse the accuracy of the measure-

ments. Outcomes are mean error to expected step length, percentage of frames

with wrong recognitions (Missing joints/skeleton, recognising additional skeletons)

and mean step location for every step.

3.4.2 Goal of the Experiment

Collect a large dataset of 3D videos of subjects performing stepping motions un-

der different ambient conditions (Light, Background) and a user property (Clothing).

This data set was then used to analyse the accuracy of the three skeleton trackers,

Cubemos, Nuitrack and OpenPose.

3.4.3 Hypotheses

We expect that the low light condition will negatively affect the accuracy of the skele-

ton trackers because skeleton trackers are image-based. Having objects in the back-

ground could affect the ability of the skeleton tracker to recognise the human pose.

Previous work in the HEROES Project by Van den Pol [26] indicates background

objects may have a positive effect on the accuracy of the skeleton tracker. This

was tested on the Cubemos skeleton tracker. Van den Pol also found indication

that wearing multichromatic (casual) clothing may positively affect the accuracy of
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Figure 3.6: The background in the eHealth house when it is not blocked off by the

green screen.

the skeleton tracker in comparison to monochromatic (black) clothing. However, no

statistical significance was found due to the small sample size.

3.4.4 Overview of the Data Collection

The experiment was performed in the eHealth House at the University of Twente

as this location simulates an at-home setting and allows better control of ambient

conditions (e.g. light).

The subject was instructed to perform several stepping motions while being

recorded by a 3D camera, the Intel Realsense™Depth Camera D435i. The same

stepping motions and mat from the previous experiment were also used in this ex-

periment. This mat was placed in front of the 3D camera. Behind the mat, either

the background was made visible or blocked off by a green screen. The background

without the greenscreen is visible in Figure 3.6. To better control the amount of light

during the experiment, all blinds were closed in the eHealth house. This way, the

light intensity could be controlled by using the light switches in the room. Depending

if a particular recording required mono- or multichromatic clothing, the subject was

asked to change. As every variable has a total of 2 settings, there are a total of eight

combinations of settings. These are made visible in Appendix A. Every combina-

tion of settings has been recorded thrice per subject. The setup is visible in Figure

3.7.
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Figure 3.7: Schematic drawing of the objects and distances during the experiment
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Figure 3.8: Schematic of the data flow after the experiment

3.4.5 Data Management and Analysis

The experiments were recorded using Intel Realsense Viewer v2.38.1, which saved

the 3D video as a .bag-file. For each of the three skeleton trackers, the .bag file

was then run through their respective Python script, which collected the joint loca-

tions and saved these as a .mat file. These .mat files contain the 3D joint locations

of every recognised joint on every recognised skeleton of every frame of the video

by the chosen skeleton tracker. Then, these .mat files were put through a MAT-

LAB Program, which analysed the collected data in these files. The flow of data is

shortly summarised in Figure 3.8 and further explained and shown in the following

paragraphs:

MATLAB Analysis:

To properly analyse and use the raw joint data that the three skeleton trackers have

as output, a MATLAB application was written. Screenshots from this application

can be found in Appendix D. After the three generated .mat files from the skeleton

trackers have been loaded in on Figure D.1, the next screen, visible in Figure D.2,
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Figure 3.9: Automatic plateau detection with markers. The red markers indicate the

segment where a foot is in an end position, the green markers indicate

where both feet are close together on the middle markings.

can be used to get a general idea of the joint locations of both ankles through time.

They are plotted in the XZ-plane, seen from above.

To be able to calculate the mean end positions of a step, the distance between

the two ankle joints for every frame is calculated and plotted. An algorithm has

been written to automatically recognise transitions from standing still, a plateau in

the graph, and movement, an in- or decrease in the graph. This algorithm uses a

maximum speed and a minimum length of a section as input variables. This is visi-

ble in Figure D.3. Additional transitions can be added by clicking on the graph if the

algorithm did not function properly. The Cubemos dataset is used to recognise the

plateaus, due to (usually) having the least amount of noise, which makes the recog-

nition of plateaus easier for the algorithm and the user alike. After this segmentation,

the data is divided into three different types of segments: One where the foot is on

one of the (inter)cardinal markers, one where both feet are in the middle, and one

where one of the feet is moving. This is displayed in Figure 3.9. The selected

transitions are also made visible on Nuitrack’s and OpenPose’s data. (FigureD.4)

Their calculated distance between ankle joints is plotted here together with the se-

lected transitions. The choice was made to not recognise the transitions for every

skeleton tracker separately for two reasons: First, the Nuitrack data usually contains

so much noise that separate selection is difficult for both the algorithm and human

eye alike and second, this way, the same frames for transitions are chosen for all

skeleton trackers, which allows for a more fair comparison. Due to an observed

characteristic of Nuitrack, where it takes a varying amount of frames to start recog-

nising a skeleton, its transitions are shifted by the automatically recognised amount
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Table 3.2: All joints, made visible in Figure 3.10, numbered and named.
Joint number Joint name

1 Chest

2 Right Shoulder

3 Right Elbow

4 Right Wrist

5 Left Shoulder

6 Left Elbow

7 Left Wrist

8 Right Hip

9 Right Knee

10 Right Ankle

11 Left Hip

12 Left Knee

13 Left Ankle

(a) Cubemos, adapted from

[33]

(b) Nuitrack, adapted from [34] (c) OpenPose, adapted from

[35]

Figure 3.10: Selected Joints numbered for their respective skeleton trackers. Not

numbered joints are not used for calculating missing joints. The names

of the numbered joints can be found in Table 3.2

of ”startup-frames” to properly align the data.

This segmented data can be used to calculate the mean end X- and Z-location

of every step. The mean middle position can also be calculated. For every frame

where both feet are on the middle markings on the mat (the segments with the green

markings in Figure 3.9), the mean X- and Z-position of the ankle joints of both feet

are calculated. A total average is then taken over all the frames, and an average X-

and Z- location for the middle of the mat is calculated. This is displayed in Figure

D.5 with the green marking. The mean end positions of every step are calculated by

taking the X- and Z-positions of the moving ankle of every frame in a segment, that

is marked red in Figure 3.9, and averaging these values.

In Figure D.6 and D.7, the screens are shown displaying the frames on which

joints were not recognised, on which additional skeletons were recognised, or on
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which zero skeletons were recognised. Since the three skeleton tracker recognise

joints in different locations on a person, a selection of joints has been made which

are going to be used for comparison. Even though the nose joint gets recognised by

every skeleton tracker, the choice has been made to omit it, because some subjects

turned their heads away to see where they had to step, making the non-recognition

of the nose joint proper. The selected joints for each skeleton tracker are made

visible in Figure 3.10.

Finally, a bar graph is shown with the mean distance of every end position of a

step compared to the earlier estimated middle of the mat. The standard deviation of

this distance is also included. Instead of using the distance between the ankle joints

as step distance, as is done in Figure D.3 and D.4, now the distance between the

calculated middle position and the moving ankle joint is used to correct for possible

misrecognition of the nonmoving ankle joint during the step. This is displayed for all

three skeleton trackers, see Figure D.8.

Outcomes

The distance between the mean end-of-step position of every step to the calculated

middle position is calculated for every video. The error between this value and the

expected 0,60m is calculated. These results will be used to calculate mean errors

for every step over all videos. A polar plot will be made to visualise the mean end

position and variance of these positions for every single system.

Further calculations will be performed to see how proper the skeleton recognition

is. For every video, the percentage of frames where a joint was not recognised, a

skeleton was not recognised, or an additional skeleton was recognised is calculated.

These are considered wrong recognitions. Also, the percentage of frames where

either an additional skeleton is recognised, or a joint, or a skeleton is missed, is

calculated.

Mean step length error and all skeleton/joint recognition outcomes will be com-

pared against one another for which skeleton tracker (System) was used(1), if the

light was on or off (2), if the subject was wearing mono- or multichromatic clothing (3)

and if the background was or was not blocked off by the green screen(4). Factorial

Repeated Measures ANOVAs are used to test for the significance of these results.



Chapter 4

Results

Two following chapter is divided into two subchapters, each showing the results of

their respective experiment. Chapter 4.1 shows the results of the experiment that

compares the camera-based skeleton trackers to Qualisys. Chapter 4.2 shows the

results of the experiment that compares the accuracy of the camera-based skeleton

trackers under different ambient conditions. All results are considered significant for

p-values below 0.05. All bar graphs include the standard deviations of the collected

data.

4.1 Skeleton Trackers compared to Qualisys

To be able to properly compare the three 3D camera-based skeleton trackers to the

more accurate golden standard Qualisys, the coordinates of the skeleton trackers

were rotated and translated as discussed in the Chapter 3.3. Furthermore, to min-

imise the total RMSE error of all systems compared to Qualisys, the coordinates

for the three skeleton trackers were rotated an additional 0.3 degrees around the Y

axis. Three XZ-plots, one for every skeleton tracker, have been made, displaying the

final trajectories of both ankles over this plane, comparing them to the trajectory of

Qualisys. This is visible in Figure 4.1.

29
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Figure 4.1: XZ plots of both ankles for all three skeleton trackers compared to Qual-

isys. Subject is looking in the direction of the arrow.

Visible is that all steps can be easily recognised by Cubemos and OpenPose,

and these follow the trajectory of Qualisys well. Usually a overestimation of step-

ping distance is visible for these two systems. Nuitracks data contains way more

noise in comparison to Cubemos and OpenPose. The steps towards the Left, Right,

Left Anterior, Left Posterior, Right Anterior and Right Posterior marker can still be

distinguished, but even these contain a lot of noise in its movement. To quantify

the error between the recognised ankle coordinates of all skeleton trackers and the

recognised marker coordinate of Qualisys RMSEs have been calculated. This was

done both for every step separately and for the entire movement combined. These

RMSEs are visible in Table 4.2.
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Table 4.1: Root Mean Square Error for every system, ankle, and step The unit is

meters.

Step
Cubemos Nuitrack OpenPose

Left Right Left Right Left Right

Right leg

moving

Legraise 0.033 0.162 0.210 0.712 0.032 0.132

Anterior 0.167 0.145 0.249 0.216 0.181 0.155

Anterior Right 0.043 0.164 0.097 0.247 0.045 0.172

Right 0.046 0.134 0.081 0.223 0.044 0.144

Right Posterior 0.039 0.119 0.091 0.238 0.045 0.122

Posterior 0.053 0.260 0.151 0.334 0.044 0.349

Left leg

moving

Posterior 0.201 0.057 0.370 0.085 0.338 0.049

Left Posterior 0.095 0.042 0.289 0.104 0.110 0.046

Left 0.165 0.050 0.368 0.173 0.199 0.052

Left Anterior 0.123 0.051 0.521 0.534 0.141 0.049

Anterior 0.155 0.405 0.360 0.302 0.157 0.426

RMSE over entire video 0.086 0.134 0.262 0.296 0.109 0.156

Table 4.2: Root Mean Square Error (m) for every system, ankle, and step

Cubemos Nuitrack Openpose

Left Right Left Right Left Right

RMSE over entire video 0.086 0.134 0.262 0.296 0.086 0.124

The average RMSE for the non moving leg is lower than that of the moving leg.

For Cubemos and OpenPose, the RMSE of the moving leg towards the posterior

marker for both legs is always the highest. A very large error can also be seen

for these systems for the Right Leg, when the left leg is moving towards the An-

terior marker. Taking a look at Figure 4.1, it is visible that somewhere during the

movement the right leg is recognised approximately half way towards the posterior

marker. In Figure 4.2 is shown that this decrease over the Z-axis happens during

this motion. Qualisys is recognised to be in the right location, the middle of the mat,

while the skeleton trackers recognise the foot more forward. This also explains the

higher RMSE for the right foot over the entire video for these two systems.

Nuitrack continuously has higher RMSEs than the other two skeleton trackers,

which can be explained by its visibly more noisy data. Its largest RMSEs are during

the leg raise for the Right ankle and the Left anterior movement for the Left foot.
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Figure 4.2: Z-coordinate of the right leg recognised by all three skeleton trackers

and Qualisys during the anterior movement of left leg. Gaps in the data

happen due to the respective skeleton tracker not recognising the joint

during those frames.
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4.2 Accuracy of skeleton trackers under different am-

bient conditions

Figure 4.3: The effect of Lights on the mean percentage of frames where at least

one additional skeleton was recognised by Cubemos and OpenPose

Due to a technical error in the analysis program, one of the thirteen subjects was

not able to be analysed properly and has thus been excluded from this experiment.

During the analysis of the results, normality was checked for. For mean step

length error, the data was normally distributed. For percentage of frames with miss-

ing skeletons, extra skeletons, missing joints and total wrong recognitions, the data

was strongly left skewed. Several transformations have been tried on this data to

make it more normally distributed, but none had the desired effect. As Repeated

Measures ANOVA is quite robust to the violation of normality the choice has been

made to still use it to quantify the significance of the results.

4.2.1 Wrong recognitions: Missing and Additional Skeletons

During the analysis of the percentage of frames where skeletons were either missed

or the percentage of frames where additional skeletons were recognised, only Nu-

itrack sometimes did not recognise a skeleton. Both other skeleton trackers did

recognise at least one skeleton on every frame. Nuitrack never recognises more

than one skeleton, while the other two skeleton trackers do wrongly recognise addi-
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Figure 4.4: The effect of Light on the mean percentage of frames where skeletons

were not recognised by Nuitrack when there is a visible or no back-

ground.

tional skeletons. For this reason, Cubemos and OpenPose will not be analysed for

missing skeletons, and Nuitrack will not be analysed for extra recognised skeletons.

Extra Skeletons: A four-way repeated-measures ANOVA was conducted on the

influence of four independent variables (System, Lights, Clothing, Background) on

the percentage of frames where at least one more skeleton was recognised by the

respective skeleton tracker. A significant interaction was found between Lights and

System (F (1, 11) = 10.780, p = .007). A significant effect for System was found

(F (1, 11) = 10.018, p = .009), indicating a significantly higher percentage of frames

where an extra skeleton is wrongly recognised by OpenPose (M = 15.498%, SD =

4.471) in comparison to Cubemos (M = 3.113%, SD = 1.216).

Post hoc analyses were performed. No main effects were found for Cubemos that

influenced its percentage of frames where additional skeletons were recognised.

For OpenPose, a significant effect was found for Lights (F (1, 11) = 13.785, p =

.003), indicating a significant increase in the percentage of frames where at least

one additional skeleton is wrongly recognised when the Lights are turned off (M =

20.811%, SD = 5.217) versus when the Lights are turned on (M = 10.185%, SD =

4.106). No further significant effects were found for OpenPose. The effect of Light

on both Cubemos and OpenPose is made visible in Figure 4.3.

Missing Skeletons: A three-way Repeated Measures ANOVA was conducted

on the influence of three independent variables (Lights, Clothing, Background) on
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the percentage of frames where no skeletons were recognised by Nuitrack. Only

a significant interaction was found between Lights and Background, F (1, 11) =

6.920, p = .023. During post hoc analysis, the main effect of Light showed an F

ratio of F (1, 11) = 9.288, p = .011 for when there is no background, indicating a sig-

nificant increase in the percentage of frames with a missed skeleton between lights

on (M = 5.733%, SD = 1.151) and lights off (M = 9.213%, SD = 1.856). No signifi-

cance was found for Lights when there is a visible background. This is made visible

in Figure 4.4

4.2.2 Wrong recognitions: Missing Joints

A four-way repeated-measures ANOVA was conducted on the influence of four in-

dependent variables (System, Light, Clothing, Background) on the percentage of

frames where at least one joint was not recognised. No significant interactions were

found between the four main variables. The main effect of System showed an F

ratio of F (2, 22) = 5.308, p = .013, indicating a significant difference between the

three skeleton trackers. Nuitrack (M = 0.388%, SD = 0.088) showed a significant

lower percentage of frames with at least one missed joint than OpenPose(M =

2.789%, SD = 0.671) and Cubemos(M = 3.752%, SD = 1.263), which both don’t

differ significantly from each other. The main effect of Light showed an F ratio of

F (1, 11) = 6.006, p = 0.032, indicating a significantly higher percentage of frames

with at least one missed joint when the lights are turned off (M = 3.144%, SD =

0.694) compared to when the lights are turned on (M = 1.476%, SD = 0.603). The

main effect of Clothing showed an F ratio of F (1, 11) = 5.338, p = .041, indicating

a significantly higher percentage of frames with at least one missed joint when the

subject is wearing multichromatic clothing (M = 2.978%, SD = 0.796) in comparison

to monochromatic clothing (M = 1.641%, SD = 0.38). This is shown in Figure 4.5

and Figure 4.6.

4.2.3 Wrong recognitions: Total amount of frames with wrong

recognitions

A four-way repeated-measures ANOVA was conducted on the influence of four in-

dependent variables (System, Light, Clothing, Background) on the percentage of

frames where there was a wrong recognition, i.e. either a joint was not recognised,

a skeleton was not recognised or an additional skeleton was recognised. A signif-

icant interaction was found between System and Light (F (2, 22) = 9.843, p < .001).

This interaction is shown in Figure 4.7.

Post hoc tests were performed. For Cubemos, no significant interactions exist.
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Figure 4.5: The effect of Light on the mean percentage of frames where at least

one joint was not recognised for all skeleton trackers.

Figure 4.6: The effect of Clothing on the mean percentage of frames where at least

one joint was not recognised for all skeleton trackers.
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Figure 4.7: The effect of Light on the mean percentage of frames where a wrong

recognition was made by all skeleton trackers.

Furthermore, none of the three main factors (Light, Clothing, Background) did indi-

cate a significant effect on the percentage of frames with wrong recognitions.

For Nuitrack, a significant interaction was found between Lights and Background

with an F ratio of F (1, 11) = 8.243, p = .015. This interaction is made visible in

Figure 4.8. When the lights are turned on, no significant effects of Clothing or

Background are found. When the lights are turned off, a significant effect for Back-

ground is discovered (F (1, 11) = 5.290, p = .042) indicating a significant increase

in the percentage of frames with wrong recognitions when the background is not

visible (M = 9.723%, SD = 1.902) in comparison with when the background is not

visible(M = 6.970%, SD = 2.131).

For OpenPose, the main effect of Light was significant (F (1, 11) = 21.425, p <

.001) indicating a difference between lights on (M = 11.490%, SD = 4.055) and

lights off(M = 24.368, SD = 4.999) for the percentage of frames where a wrong

recognition was made, with Lights off having the higher percentage. This is made

visible in Figure 4.7.

System showed to have a significant effect on the percentage of frames with

wrong recognitions F (1.193, 13.120) = 5.696, p = .028. A post hoc test showed

that OpenPose (M = 17.929%, SD = 4.334) had a significant higher percentage of

frames with wrong recognitions compared to Cubemos (M = 6.756%, SD = 1.840)

with and Nuitrack (M = 7.483%, SD = 1.408) both. Cubemos and Nuitrack did not

differ significantly.
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Figure 4.8: The effect of Light and Background on the mean percentage of frames

where a wrong recognition was made by Nuitrack.

4.2.4 Mean step length error

To compare the mean error to the expected 60cm step length, a five-way repeated-

measures ANOVA was conducted to check for the effect of five independent vari-

ables (Step, System, Light, Clothing and Background). No significant interactions

were found between these variables. Light (F (1, 10) = 3.288, p = .100), Clothing

(F (1, 10) = 2.849, p = .122) and Background (F (1, 10) = 0.154, p = .703) did not

have a significant effect on the mean step length error. The main effect of System

showed to be significant with F (1, 659, 16, 591) = 7.991, p = .005. A post hoc test

showed significant differences between Cubemos (M = −0.017m,SD = 0.022) and

Nuitrack (M = −0.078m,SD = 0.017) with p = .019. A significant difference was also

found between OpenPose (M = −0.012m,SD = 0.008) and Nuitrack with p = .001.

No significant difference was found for OpenPose and Cubemos (p = .774). This

indicates a significantly higher mean step length error for Nuitrack over Cubemos

and OpenPose.

The main effect of the Steps showed to be significant with an F ratio of F (2.884, 28.843) =

44.361, p < .001. The mean step length error is shown in Figure 4.9 for every step.

The results of the post hoc test are displayed in Appendix C in Table C.1. The most

clear difference is between the two steps towards the Posterior marker (away from

the camera) and all other steps. The means of all other steps, vary between M =

0.050m,SD = 0.010 (Right foot, Anterior marker) and M = −0.030m,SD = 0.017
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Figure 4.9: Mean Step Length Error for every step

(Right foot, Posterior Right marker), while the right and left foot steps to the Poste-

rior marker show errors of M = 0.181m,SD = 0.032 and M = 0.197m,SD = 0.023

respectively.
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Figure 4.10: Mean Step Length Error for every step. The arrow points in the direc-

tion the subject is facing.

Figure 4.10 shows where the mean stepping end position is for every step after

each X- and Z-coordinate has been translated to the middle position by subtracting

the distance over the X- and Z- coordinate between the origin and middle mean

resting position for each video. As described, for every video a small rotation around

the Y-axis was also performed to correct for small changes in setup between videos.
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Discussion

The following chapter will interpret the results presented in the previous chapter and

compare those to existing literature on the subject, if available.

5.1 Skeleton Trackers compared to Qualisys

The most important finding of this experiment is that the root mean squared error

over the entire video was the lowest for Cubemos for both feet, followed by Open-

Pose and then Nuitrack, indicating that of the three skeleton trackers Cubemos per-

formed the best when being compared to a golden standard.

The higher root mean squared error for the right foot can be explained by a

larger error when the subject was stepping to the Anterior marker with the left foot,

as was made visible in Figure 4.1 and 4.2. Large RMSEs were also found for steps

backward towards the Posterior marker. Steps towards the Anterior and Posterior

marker are the steps where occlusion can happen: One of the legs blocks the cam-

era from seeing the other leg. This same effect was visible in Figure 4.10, where

the final step locations towards the Posterior marker are underestimated in distance

and also have a large standard deviation along the Z-axis. Occlusion causes the

skeleton trackers to still recognise both ankles, even though one is hidden behind

the other. The infrared camera that the 3D camera uses to deproject the 2D images

back to 3D now encounters the anterior leg first and estimates the 3D position of

the posterior leg to be on the position of the anterior leg, thus failing to recognise

its actual depth position. When designing stepping exercises using this setup, it is

recommended to avoid movement where this type of occlusion can occur.

All Root Mean Square Errors were large for all steps and the total movement

both, indicating a large error between the single-camera skeleton trackers and Qual-

isys with its twelve cameras. However, for all skeleton trackers it is visible that steps

can be distinguished from one another, as none of the mean step locations and their

41
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standard deviations overlap (Figure 4.10) With Root Mean Squared Errors ranging

from 8.6cm to 29.6cm over the entire recording, all three skeleton trackers have diffi-

culty accurately estimating the actual ankle location and are not suitable for precise

location estimation of the ankle joints. However, if precise location estimation is not

necessary, it can be stated that steps in different directions can be distinguished

from one another. As is better made visible in Figure 4.1, this is more problem-

atic for Nuitrack, as the noise surrounding the middle position is high, which means

that smaller steps could fall in this noise area and not be recognised. OpenPose

and Cubemos show less noise, making these two systems more suitable for step

direction recognition.

Earlier research into the accuracy of OpenPose showed a similar result. Qualita-

tively recognised joint positions corresponded well to marker-based motion capture

and followed its trajectory closely. Quantitatively, this research showed mean abso-

lute errors ranging from 20mm to 40mm. This research however used five normal

cameras surrounding the subject in comparison to this research’s one 3D camera,

which could explain the difference in found accuracies. [36]

5.2 Mean Step Length Error

The most important finding of this experiment, is that even though position accuracy

compared to Qualisys has proven to be low, comparing measured step length er-

rors to the expected 60cm has proven to be acceptable in most stepping directions,

showing a max mean error of 5cm towards the anterior marker with the right foot and

smaller errors for all other steps. The two steps towards the Posterior marker have

a mean higher error to the expected 60cm distance (M = −0.181m,SD = 0.032 and

M = −0.197m,SD = 0.023 for the right and left foot respectively). As the two steps

towards the Left-Posterior and Right-Posterior marker do not show this large error

while being at a similar depth level, it can be concluded this is not due to the skele-

ton tracker failing at larger distances, but rather due to the earlier explained effect

of occlusion. Occlusion can not happen at the Right-Posterior and Left-Posterior

marker, due to no overlap of the two legs occurring during these steps, while they

do occur during the steps towards the Posterior marker. Occlusion was also noticed

during steps towards the Anterior marker. The non-moving foot was estimated to be

further forward than the actual middle position. This is not visible in the results of the

second experiment due to the fact only the mean step length error of the moving foot

has been analysed. It was however made visible in the results of the comparison

to Qualisys with a large RMSE for the nonmoving foot for both steps towards the

Anterior marker. (Table 4.2) With these results in mind, for a single-camera setup,

the recommendation is to not include design stepping exercises that could cause
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occlusion as these will likely lead to wrong measurements.

A study performed by Dev et al. focused on tracking upper limb movement found

a mean wrist endpoint error of M = 2.6cm, SD = 1.8cm compared to a Motion

Capture system, which is similar to the results we found for OpenPose’s mean step

length error (M = −0.012m,SD = 0.008), indicating that movement length errors for

OpenPose are expected to be in this range [37].

5.3 Skeleton and Joint recognition

Skeleton recognition: During this experiment, Nuitrack never recognised addi-

tional skeletons, while Cubemos and OpenPose did. Of the two, OpenPose is the

most prone to recognising additional skeletons, which becomes more pronounced

when the lights are turned off. This was an expected result due to the bottom up-

approach OpenPose uses. [23] Cubemos was not affected by any of the ambient

conditions on the percentage of frames where it recognised an additional skeleton.

During the analysis of the XZ plots that the MATLAB program did output, it was

noted that during frames where multiple skeletons were recognised by Cubemos or

OpenPose, the skeletons were always kept apart properly and did not influence the

accuracy of the tracking of the actual skeleton of the user. This means that even

though Cubemos and OpenPose sometimes make this type of wrong recognition, it

does not influence the skeleton tracking of the original user, and is thus not some-

thing that needs to be kept in mind during the design of an exergame.

When there is no background available, Nuitrack has significantly more trouble

recognising the skeleton of the user when the lights are off. When a background

is visible, the state of light does not significantly influence the percentage of frames

with a missing skeleton. A possible explanation for this effect could be the contrast

a background provides. When a visible background is providing contrast to the user,

the light is not needed to provide this contrast, while when no background is visible

to provide contrast, only the amount of light is available to do so.

Joint recognition: Nuitrack is significantly better at recognising joints on frames

where it recognises a skeleton in comparison to Cubemos and OpenPose, which

are more likely to recognise a skeleton but miss certain joints. As expected, the

amount of light significantly influences the number of frames where at least one

joint is not recognised. When the lights are turned off, the percentage of frames

where at least one joint is not recognised is higher for all three skeleton trackers.

It was furthermore shown that wearing monochromatic clothing works positively for

the recognition of joints. In comparison to speculation by van de Pol, Background

does not seem to significantly influence the ability of skeleton trackers to recognise

joints on a person [26].
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Total wrong recognitions: When looking at the total percentage of frames with

wrong recognitions, it can be observed that Nuitrack and Cubemos have similar per-

centages of frames with wrong recognitions in comparison to OpenPose, which has

a significantly higher percentage of wrong recognitions. It has to be kept in mind that

the wrong recognitions of Nuitrack are mostly due to missing entire skeletons, while

the wrong recognitions of Cubemos and OpenPose are due to only missing sin-

gle joints or seeing additional skeletons where there aren’t any. It could be argued

that not recognising the user’s skeleton is a worse wrong recognition, than either

missing only single joints or recognising additional skeletons (which does not impact

stepping accuracy, as mentioned earlier). Cubemos is not significantly affected by

either of the three main variables (Light, Background, Clothing) for proper recogni-

tion, which is a positive for an at-home user, as they can use this system anywhere,

under all tested conditions. Nuitrack was only significantly affected by the visibility

of the background when the lights were turned off, where having a background low-

ered the number of wrong recognitions. OpenPose is significantly affected by the

amount of light in the room, strongly showing that having the lights turned on lowers

the percentage of frames with wrong recognitions.

Considering all results, for a robust system for single-depth camera skeleton

tracking with a low position- and mean step length error, Cubemos is a good op-

tion. It is not affected by the type of clothing, the amount of light, and the type of

background with regards to mean step length error and percentage of frames with

wrong recognitions. OpenPose shows generally the same results as Cubemos, but

has a higher percentage of wrong recognitions and is more heavily influenced by

the amount of light available. Nuitrack is not a good option, as it is the only skeleton

tracker that sometimes fails to recognise the entire user, and has high errors com-

pared to Qualisys and the expected 60cm step length. Its joint position data is also

visibly the noisiest of the three skeleton trackers.

5.4 Limitations

Data obtained from Cubemos was used to select plateaus in the distance between

the two ankle joints. This data was then used to calculate various mathematical val-

ues. Due to the fact these plateaus were selected on Cubemos’ data, it could have

skewed the results more favorably for this system. This choice was however made

due to the high amount of noise in the Nuitrack data, which would make a proper

selection of plateaus (nearly) impossible. Due to the automatic plateau selection

algorithm not being completely proper, user input was allowed to fix the automatic

detection. A different user may therefore find different results for the same video.

Even though finding plateaus in the data could be difficult for the algorithm, for the



5.5. RECOMMENDATIONS FOR FUTURE STUDIES 45

human eye this was always easy. No big differences are to be expected between

users. No testing was done to find inter-and intra-observer variability, however.

Since the recordings were made over several different days at several different

times during the day, two things may have influenced the results. First of all, the

different times of day and weather outside could have altered the amount of light in

the room. Closing all the blinds in the room was performed to homogenise the setting

as much as possible. Because the measurements were performed on different days

and the setup had to be done again on every one of those days, small differences

in the setup may have happened as well. (Angle mat, distance greenscreen to

subject) Corrections after the analysis of the videos by the three skeleton trackers

were performed to better compare the videos on stepping location and stepping

distance. However, if these (small) differences affected the skeleton/joint recognition

by the skeleton trackers, this may have altered those results. This is however not

expected.

Because there is no proper comparison with a gold standard during the second

experiment, it is hard to say if the subjects indeed made steps of sixty centimeters.

This makes the outcome measure of the mean distance between the recognised

final stepping distance and the expected sixty centimeters less valuable. However,

because a clear, large difference can be seen between the two steps where the

person steps backward and all other remaining steps, it can still be concluded that

all systems have more trouble properly measuring the steps away from the camera.

Something that has to be kept in mind while interpreting the statistical analysis

of the skeleton and joint recognition, is that the data was not normally distributed.

Performing a factorial repeated measures ANOVA on non-normally distributed data

increases the chances of finding false-positive results. As most found p-values found

for these results were p < 0.032 it can be assumed that these found differences

are still significant, as these p-values are still far below the 0.050 threshold. The

highest p-values found were those of the significance of the effect of Clothing on the

percentage of frames with missing joints with a p-value of 0.041 and the effect of

Background on the percentage of frames with wrong recognitions for Nuitrack if the

lights are turned off with a p-value of 0.042. These results could therefore be false

positive, and in reality not have an influence on joint- and skeleton recognition.

5.5 Recommendations for future studies

The results of this study lay a good groundwork for comparing various skeleton track-

ers and the effect of ambient conditions and user properties on their performance.

During this research only one type of 3D camera was used, the Intel Realsense

Depth Camera d435i. It would be worth investigating if other Depth Cameras per-
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form differently for these skeleton trackers. More ambient conditions and user prop-

erties could also be tested for. Possible ambient conditions could be movement

behind the user, light shining in the camera or small objects blocking the view of the

user, like a small table. Possible user properties could be gender, height, tightness

of clothing, and/or ethnicity.
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Conclusions and recommendations

To conclude, all three skeleton trackers show a large error to Qualisys. However,

for every skeleton tracker, all steps are still clearly recognised and distinguishable

from one another. For every analysed skeleton tracker, steps away from the cam-

era are strongly underestimated in distance, probably due to occlusion of the non-

moving leg. When designing exercises for at-home rehabilitation, this should be

kept in mind. Recognised step length for all three systems showed not to be signifi-

cantly affected by any environmental factors or user property. Nuitrack did have the

biggest error to the expected 60-centimeter step length and also the highest RMSE

compared to Qualisys, while Cubemos and OpenPose showed lower errors. Thus,

if the exergame needs proper measurement of step distance, Nuitrack is not a good

option.

For the percentage of frames with at least one missing joint, all Systems showed

to be significantly affected by the amount of light and type of clothing. For the per-

centage of frames with wrong recognitions, Cubemos showed to be resistant to the

influence of Light, Background and Clothing. OpenPose showed to be affected to be

influenced by Light. For both Cubemos and OpenPose, for the user the recommen-

dation is to wear monochromatic clothing and make sure the room is properly lit for

the best skeleton recognition, as this lowers the percentage of frames where joints

are not recognised. The background does not significantly influence the accuracy of

the skeleton trackers, which means the user does not have the burden of preparing

a proper background for exercising. As Cubemos showed a significantly lower per-

centage of wrong recognitions than OpenPose, thus becoming the recommended

choice for single 3D camera at home skeleton tracking.
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56 APPENDIX A. TABLE WITH ALL OF THE PERFORMED TESTS

Table A.1: All performed tests summarised.

Skeleton Tracker Lighting Condition Color of Clothes worn Busy Background

Cubemos

Low

Monochromatic
Yes

No

Multichromatic
Yes

No

Normal

Monochromatic
Yes

No

Multichromatic
Yes

No

Nuitrack

Low

Monochromatic
Yes

No

Multichromatic
Yes

No

Normal

Monochromatic
Yes

No

Multichromatic
Yes

No

OpenPose

Low

Monochromatic
Yes

No

Multichromatic
Yes

No

Normal

Monochromatic
Yes

No

Multichromatic
Yes

No
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Consent Form for The Comparison of Accuracy of Camera-based Skeleton 

Trackers During the Stepping Response for Recovering Balance in a Home 

Based Environment. 
YOU WILL BE GIVEN A COPY OF THIS INFORMED CONSENT FORM 

Purpose of this research 

The presented research was done as part of the HEROES Project at the University of Twente, ET 

Faculty, Department of Biomechanical Engineering (BE). The HEROES Project aims to reduce fall-

related healthcare utilization and associated costs, preventing falls and related injuries, and help 

People with Stroke (PwS) maintain independence once they are discharged from primary care unit. 

The project aims to achieve this by developing an exergaming system for home rehabilitation. The 

exergame will be focused on improving the stepping response of patients. The exergame will use a 

camera based skeleton tracking system to identify the position of various different joints of the 

patient. Various different skeleton trackers exist and this research aims to quantify the accuracy of 

these skeleton trackers under different environmental conditions, like light, colors of clothes worn 

and crowdedness of the background.  

Benefits and risks of participating 

There are little to no risks involved in participating in this study. A possible risk is the participant 

falling over while performing the instructed motions. This risk is considered negligible. Benefits 

include a complementary snack after the completion of the experiment. This research project has 

been reviewed and approved by the ET Ethics Committee. 

Procedures for withdrawal from the study 

You are able to withdraw yourself from the study at any moment during the experiment or even 

thereafter. During the experiment you can declare you wish to stop to the supervisor. If you wish to 

withdraw afterward, you can send an email to the researcher listed on this sheet. In both scenarios, 

all collected data of you will immediately be deleted.  

Collection of personal data 

This study includes being recorded using an 3D video camera. This data will be stored and later used 

for the analysis of the skeleton trackers. Due to the nature of a video, it is not possible for this 

information to be anonymised. The video will be saved under participant[number] to ensure names 

are not needed. Personal information, like your age, gender, height, and skin complexion will also be 

collected. This information will be saved in the same manner (participant[number]). The processed 

data will also be saved anonymously in the same manner.  

Retention period of data 

The collected data will be used during the HEROES Project. This project will run for at least 3 more 

years. The data will be retained for 5 years. 

Contact details 

In case of complaints, questions or the wish to withdraw from the study, you can reach the 

researchers, Wessel Nieuwenhuys, Aurora Ruiz Rodriguez or Edwin van Asseldonk on the following 

email addresses: w.w.nieuwenhuys@student.utwente.nl, a.ruizrodriguez@utwente.nl or 

e.h.f.vanasseldonk@utwente.nl.  

If you have questions about your rights as a research participant, or wish to obtain information, ask 

questions, or discuss any concerns about this study with someone other than the researcher(s), 

please contact the Secretary of the Ethics Committee of the Faculty of Behavioural, Management and 

Social Sciences at the University of Twente by ethicscommittee-bms@utwente.nl. 

 

 

 

 



 

  

Please tick the appropriate boxes Yes No  

Taking part in the study    

I have read and understood the study information dated _________, or it has been read to 

me. I have been able to ask questions about the study and my questions have been answered 

to my satisfaction. 

 

  

I hereby declare that (currently) I do not suffer from balance impairment, or have suffered a 

stroke in the past 

 

  

I consent voluntarily to be a participant in this study and understand that I can refuse to 

answer questions and I can withdraw from the study at any time, without having to give a 

reason.  

 

  

 



I understand that taking part in the study involves being recorded using a 3D Camera and that 

this video will be saved while this project is ongoing. These videos will be used for the analysis 

of camera based skeleton trackers for the HEROES Project. I also understand that personal 

characteristics such as age, height, skin complexion and gender will be notated. This 

information will be anonymised in the research paper.  

 

Risks associated with participating in the study 

 

 

 

 



I understand that taking part in the study involves the following negligible risks: Falling over 

while performing the experiment.  


 


  

Use of the information in the study    

I understand that information I provide will be used for a research paper comparing various 

skeleton trackers to better help the HEROES Project (and further movement analysis projects) 

select the most optimal skeleton tracker.  

 

 

 

 

 



I understand that personal information collected about me that can identify me, such as the 

recorded video and personal details will not be shared beyond the study team.  

 

 

 

 



    

Future use and reuse of the information by others    

I give permission for the 3D video recording that I provide to be archived in .bag-, .csv- and 

.mat-files so it can be used for future research and learning. The .bag file is a saved 3D video 

file, which will have your person visible. The .mat files only contain the (un)processed joint 

location data and are thus anonymised. This data will only be used by (future) people of the 

HEROES Project.  





 




 



Signatures    

 

_____________________                       _____________________ ________  

Name of participant                                            Signature                 Date 

   

I have accurately read out the information sheet to the potential participant and, to the best 

of my ability, ensured that the participant understands to what they are freely consenting. 

 

Wessel Nieuwenhuys                __________________         ________  

Researcher name                Signature                 Date 
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62 APPENDIX C. MEAN STEP LENGTH ERROR RESULTS

Table C.1: Pairwise comparisons of every step. Bold results mean significant differ-

ences. Continuation on the next page
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Appendix D

Screenshots Skeleton Analysis

Program

Figure D.1: Opening screen of the application where data can be loaded in

65



66 APPENDIX D. SCREENSHOTS SKELETON ANALYSIS PROGRAM

Figure D.2: XZ-plot screen

Figure D.3: Result of automatic plateau detection on the Cubemos data
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Figure D.4: The same plateau detection pushed through to Nuitrack and Openpose

Figure D.5: Detection of the mean end position of every step
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Figure D.6: Screen displaying all the data for missing joint calculations. The top

half shows the amount of frames a certain joint was not recognised.

The bottom half shows first the total amount of frames with at least one

missing joint, and then the frame numbers of these frames.
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Figure D.7: Screen displaying all the data for missing skeleton calculations. On the

left side, all frames with at least one additional recognised skeleton are

shown. On the right side, all frames with zero recognised skeletons are

shown.
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Figure D.8: Bar graph displaying all step distances for every skeleton tracker
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