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Abstract 

The triple jump is a track and field event comprising an approach run followed by three 

phases – hop, step, and jump – culminating in a sand pit landing. Typically, triple jump technique 

is evaluated subjectively by coaches, with quantitative assessments often relying on high-cost 

multi-camera systems. To address this limitation, a low-cost framework was developed for 

objectively analyzing triple jump technique in real-world settings using a single iPhone 12 

camera and the open-source human pose estimation software, Google MediaPipe pose (GMP 

pose). Data were collected from 30 participants (15 male, 15 female) performing six triple jumps 

each across four different track and field facilities, resulting in 154 usable videos for analysis. 

Participants were categorized by skill level based on their personal best triple jump distance. 

Central to the framework is the use of homography transformations, which enabled the 

conversion from GMP pose data to real-world coordinates to calculate triple jump performance 

metrics, including horizontal and vertical centre of mass velocities, last stride velocity, effective 

distance, phase distances and phase ratios. Additional performance metrics, including ground 

contact times, flight times, and knee angles, were derived from the video recordings and GMP 

pose data. Validation of the pose estimations and homography transformations was done 

primarily through subjective visual assessments using a custom Python tool, with reprojection 

error serving as an additional quantitative measure of relative homography performance. 

The performance metric results showed that more skilled participants exhibited superior step 

phases compared to their less skilled counterparts and demonstrated performance trends similar 

to elite jumpers from World Athletics reports, particularly in the reduction of horizontal and 

vertical velocity across jump phases, albeit at lower velocities. Moreover, participants’ phase 

ratios were consistent with elite-level jumpers. Comparisons with World Athletics data provided 

a reference to validate the triple jump performance metrics, showing promising alignment.  

This study demonstrates the potential of an affordable, single-camera markerless motion 

capture system to analyze triple jump technique in real-world settings. Although the system 

shows promise, much of the process remains manual, limiting its scalability for broader use. 

Despite its current limitations, the proposed framework offers a novel perspective on the 

feasibility of affordable, single-camera markerless motion capture systems in real-world 

environments, providing a foundation for further development. 
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Chapter 1: Introduction 

Triple jump is a complex track and field event that demands exceptional acceleration, 

velocity preservation, and precise timing to execute the hop, step, and jump phases [1], [2] to 

achieve the farthest possible horizontal jump distance [3]. Identifying the movement patterns 

required to improve triple jump performance can be challenging, warranting the need for 

quantitative feedback mechanisms. Various biomechanical analyses and simulations employed to 

evaluate the triple jump technique have been predominantly focused on elite athletes competing 

at or near the Olympic level [2], [3], [4], [5]. This narrow focus fails to adequately represent the 

broader spectrum of triple jumpers, limiting the applicability of findings for most athletes. 

Moreover, existing triple jump analyses appear to rely on costly hardware and proprietary 

software, with usage primarily observed at world championships organized by the World 

Athletics, formerly International Amateur Athletic Federation and International Association of 

Athletics Federations (IAAF), sport governing body [6], [7], [8], [9].  

It is recognized that there is diversity in technique amongst triple jumpers, and even elite 

athletes demonstrate technique inconsistencies across jump trials in competition [5]. The 

consensus suggests the most effective technique may vary according to an athlete’s individual 

biomechanics, physique, skills, and preferences [5]. This recognition highlights the inherent 

variability among triple jumpers and underscores the importance of experimentation and 

continuous refinement as athletes strive to optimize their jump performance. Using subjective 

coaching feedback and collecting quantitative measures, athletes can garner the personalized 

approach to technique development that they need. Thanks to technological advancements in the 

field of computer vision (CV) and machine learning (ML), tools for developing such measures 

are increasingly available. Specifically, advancements have catalyzed the use of markerless 

motion capture for biomechanical applications [10]. 

Motion capture methods are broadly classified as marker-based, markerless, and inertial-

based.  Marker-based motion capture involves placing a set of active or passive markers at 

strategic anatomical locations on a human participant, along with the use of high-resolution, 

synchronized infra-red cameras [10], [11]. Active markers emit light, whereas passive markers 

reflect infra-red light back to the cameras [11]. In contrast, markerless motion capture methods 

extract participant movement information without the need for physical markers, relying instead 
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on human pose estimation (HPE) algorithms, which have emerged from advancements in CV 

[10]. Markerless motion capture HPE architectures often leverage “Convolutional Neural 

Networks (CNNs) to extract features of an image and decoder networks to determine 2D key 

point body part locations in the image space [12].” Inertial measurement units (IMUs) are small 

wearable devices equipped with an accelerometer, gyroscope, and sometimes a magnetometer 

[13]. The data generated by these sensors can be utilized to perform motion analysis with 

demonstrable success in sporting applications [14], [15], [16]. While IMUs offer a portable, low-

cost option in biomechanics research, they necessitate hardware placement on athletes, adding 

complexity for coaches [13]. A video-based approach using cameras, however, aligns with 

existing coaching practices. Based on the researcher’s experience as a triple jump coach and 

athlete, filming triple jumps in practice and competition settings using a smartphone camera is 

already standard, making single-camera video-based methods more practical for coaching 

applications.  

Despite being considered the “gold standard” in biomechanics research, marker-based 

motion capture has several limitations [17], [18]. Firstly, the indoor laboratory environment 

typically used in marker-based motion capture studies can introduce unknown influences on a 

participant’s movement, thus deviating from natural conditions [10], [12]. Although marker-

based motion capture can be conducted outside an indoor laboratory setting, the markers, 

typically placed on the skin, introduce additional movement that violates the rigid body 

assumption [10], [12], [19], [20]. Moreover, setup time is extensive, and marker placements may 

vary between researchers [10]. Due to these limitations and the desire to evaluate movement 

patterns without obstructions, markerless motion capture presents an attractive alternative [10], 

[18], [21]. Additional advantages of markerless motion capture over marker-based methods 

include reduced study setup times, the ability to capture participants in their natural 

environments more easily, and the potential for more cost-effective setups. However, this 

approach also presents a variety of challenges, including demanding computational requirements, 

often necessitating high-performance computers with Graphics Processing Units (GPUs) to be 

used [22]. Moreover, achieving accurate measurements typically entails the use of multiple 

cameras, which adds complexity when implementing markerless motion capture outside of 

controlled laboratory environments. Many commercial solutions still require the use of multiple 

cameras and proprietary software purchase [22]. Consequently, the advantage of capturing 
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participants in their natural surroundings can become impractical and expensive. Further, much 

of the existing literature focuses on validating markerless motion capture technologies against 

the marker-based “gold standard,” leading to predominant use in controlled settings [23]. While 

markerless motion capture is extensively researched and applied in fields like smart surveillance 

and virtual reality, its practical adoption in real-world settings remains limited [18], [24], [25].  

To fully leverage the benefits of markerless motion capture in real-world environments, 

challenges hindering its widespread adoption must be addressed. Open-source markerless motion 

capture solutions using low-cost cameras have the potential to make motion capture accessible to 

clinicians and coaches alike without the need for costly equipment [24]. Ideally, markerless 

systems should seamlessly operate with a single camera. However, the single-camera approach 

has several limitations, such as depth ambiguities, high-dimensional representation of human 

pose, self occlusion, and unconstrained lighting [25]. While single-camera dual lens systems, 

such as stereo cameras, do exist, they are inaccessible to most coaches and athletes due to both 

their cost and specialized knowledge needed for effective operation [26]. One solution to address 

these issues in sports analyses scenarios is the implementation of homography techniques [27], 

[28], [29]. Homography is a “projective transformation between two planes, or alternatively, a 

mapping between two planar projections of an image [30].” Employing homography methods 

becomes necessary when dealing with images taken from different angles as objects in the scene 

may appear distorted; for example, objects closer to the camera appear larger than those further 

away. In practical terms, homography allows the relation of points in one image to their 

corresponding points in another image, even when these images were taken from different 

angles. This is a powerful technique that, when combined with markerless motion capture 

solutions, can enable biomechanical analyses in uncontrolled environments. 

Leveraging homography techniques with a single camera setup and open-source 

markerless motion capture software presents an innovative avenue for conducting athletic 

performance assessments. This study provides a blueprint for employing a low-cost markerless 

motion capture system for triple jump analyses “in the wild.” The proposed methodology holds 

promise for democratizing biomechanical insights by offering an affordable approach, compared 

to alternative multi-camera motion capture setups, accessible to athletes of all skill levels and 

addresses critical limitations in the current use of markerless motion capture in uncontrolled 
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settings. This study aimed to develop an end-to-end framework for a single-camera markerless 

system for evaluating triple jump technique. The solution was validated primarily using 

subjective visual assessments of pose detection performance, as well as triple jump performance 

metrics compared to elite athletes included in World Athletics reports [6], [7], [8], [9]. 
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Chapter 2: Literature Review 

2.1 Triple Jump Background 

Men’s triple jump has been an Olympic event since the first modern Games in Athens in 

1896 [31]. Initially, the event involved two hops on the same foot followed by a jump, but this 

was changed to the hop, step, jump technique in 1908 [32]. The men’s world record was set in 

1995 by Jonathan Edwards of the United Kingdom with a jump of 18.29 metres [33]. The men’s 

Canadian record stands at 17.29 metres, set by Edrick Floreal in 1989 [34]. It took ninety years 

for women to be permitted to triple jump at the Olympics, with the inaugural event held at the 

1996 Games in Atlanta [32]. Yulimar Rojas of Venezuela holds the women’s triple jump world 

record with her jump of 15.74 metres achieved in 2022 [33]. The Canadian record was set by 

Caroline Ehrhardt at 14.03 metres in 2023 [34]. 

Despite Canada’s recent success in numerous track and field events including earning 

medals at the 2024 Paris Olympic Games in the men’s 100-metre relay, the women’s pole vault, 

the men and women’s hammer throw, the men’s 800-metres, as well as several notable near-

podium finishes, there have been no Canadian Olympic triple jumpers since 1988 [35], [36], 

[37]. Only four Canadian men have ever competed in the triple jump at the Olympics – J. 

Garfield MacDonald and Calvin Bricker in 1908, with Bricker also competing in 1912, Sammy 

Richardson in 1936, and most recently, Edrick Floreal at the 1988 Games [37]. No Canadian 

woman has ever met the Olympic qualifying standards for the event [37]. The absence of a 

Canadian triple jumper at the Olympics for over 30 years highlights an intriguing phenomenon, 

given the country’s success in other track and field events. While this work does not aim to 

uncover the reasons behind this disparity, it was partially motivated by this fact. 

The components of triple jump, as outlined in Table 2.1 and visually depicted in Figure 

2.1, include the approach run, hop, step, and jump phases. Athletes must begin their hop phase on 

or before a wooden board on the jump runway; if they take-off beyond the board, this is 

considered a foul and the jump is not measured [38]. In Figure 2.1, observe the athlete’s initial 

take-off foot is clearly before the red marking on the board, indicating a valid jump. 
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Table 2.1: Triple jump phases. Descriptions obtained from [3], [5]. 

Triple Jump Component Description 

Approach Run 
Athletes begin the triple jump by running; they can choose where they start their 

run. 

Hop (first phase) Athletes take-off on one foot at a predetermined board and land on the same foot. 

Step (second phase) After landing the hop, athletes step onto the opposite foot. 

Jump (third phase) After landing the step, athletes complete their jump in a sand pit. 

 

Figure 2.1: The men’s first place triple jump of 17.26m by Girat A. at the 2009 IAAF World Championships in 

Athletics in Berlin. Image obtained from [39]. 

In triple jump competitions, each athlete is initially permitted three jumps [38]. After 

these three rounds, the top eight competitors, based on their best distance, are allowed three 

additional jumps, resulting in a total of six rounds [38]. The athlete with the longest triple jump 

from any of the six attempts is declared the winner [38]. During the competition, triple jump 

officials carefully watch the board to record any fouls [40]. At elite meets, cameras are generally 

used to film the board, allowing for instant replays if an athlete wishes to challenge a foul. For 

outdoor events, a wind gauge is required and the wind speed during each jump must be recorded 

for the jump to be valid [40]. A wind speed below 2.0 metres per second is considered legal. If an 

athlete jumps under illegal wind conditions, their results count for the competition but are not 

eligible for official rankings or records [40]. Indoor events do not require a wind gauge, 

simplifying the setup. 

As athletes perform the triple jump, they may choose to use a single-arm or double-arm 

technique at each phase. Consequently, triple jump is often broadly categorized into single-arm 

and double-arm techniques, depicted in Figure 2.2. The optimal arm movement in the triple jump 

is a subject of ongoing scrutiny within the track and field community, with debate focusing on 

whether employing a single- or double-arm movement yields further triple jump distances [5],  

[41]. The single-arm technique involves the arms moving asymmetrically as one does when 

running, while the double-arm technique involves a symmetrical shoulder flexion during takeoff, 

starting from an extended position [41]. The debate delves into biomechanical principles and 
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efficiency of movement, requiring athletes and coaches to navigate this nuanced topic. This work 

does not explore the impact of arm technique on jump performance, but it is included for 

completeness given its relevance in the triple jump technique discourse. 

 

(a) 

 

(b) 

Figure 2.2: Visual depiction of (a) single-arm technique and (b) double-arm technique. Blue dots indicate left body 

landmarks, and red dots indicate right body landmarks. The green dot indicates the estimated centre of mass, and the 

green line depicts the direction of travel. 

Beyond single-arm and double-arm categories, various biomechanical factors and jump 

attributes are discussed as important measures of performance, including final stride velocity 

which reflects the initial take-off velocity and influences momentum carried into the jump 

sequence; phase ratios, which refer to the distances of each phase represented as percentages of 

the total distance [42]; horizontal and vertical velocity trade-offs which provide insight into how 

athletes manage energy transfer throughout the jump; and take-off angles which influence the 

horizontal and vertical trajectory of the jump. By exploring these biomechanical factors and 

performance metrics, it is possible to gain a deeper understanding of the intricacies of the triple 

jump technique.  

Diverse approaches for conducting biomechanical assessments of the triple jump 

technique exist in the literature. Particularly noteworthy is a 1992 publication by Dr. James G. 

Hay, who performed an impressive in-depth analysis of triple jump biomechanics, including the 

development of a theoretical model, presented in Figure 2.3, to “describe biomechanical factors 

that determine the distance of a triple jump,” where each factor is determined by the factors 

below it [5]. Hay’s model played a pivotal role in triple jump research and serves as the basis for 

many subsequent studies. 
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Figure 2.3: Theoretical model of biomechanical factors influencing the distance of a triple jump, developed by 

James G. Hay and included in his publication, "The biomechanics of the triple jump: A review," Journal of Sports 

Sciences, Vol 10 Issue 4 © Taylor & Francis 23 Sep 1991, reprinted by permission of Informa UK Limited, trading 

as Taylor & Francis [5]. The abbreviation CG (Centre of Gravity) is used in the diagram. All biomechanical factors 

under hop distance also apply to step distance and jump distance but are omitted for simplicity. 

The primary metric used to assess triple jump performance is the jump distance: a further 

distance is a better jump. Athletes select a take-off board location from a predetermined set of 

options, commonly spanning distances of seven, nine, eleven, and thirteen metres. The triple 

jump is measured from the chosen board to the athlete’s nearest landing mark in the sand pit 

[38], [40]. At a competition, athletes must specify to the officials their desired take-off board 

before initiating a jump and may change their board at any point throughout the competition. If 

an athlete takes off from behind their selected board, the jump is still measured from that board. 

However, if the take-off point is beyond the board, the jump is not measured and is classified as a 

foul, as previously mentioned. Hay’s definitions for official distance, distance lost at take-off, 

and actual distance are provided in Table 2.2 below [5]. 
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Table 2.2: Triple jump take-off performance measures [5]. 

Performance Measure Description 

Official distance 

Official distance is measured by meet officials and is recorded in competition 

results. It is the measurement from the edge of the board to the landing location in 

the sand pit. 

Distance lost at take-off 

Refers to the distance between the athlete’s toe position at first take-off and the 

edge of the board. Ideally, this distance is zero, though this is challenging to 

achieve. 

Actual distance 

Refers to the distance from where the athlete’s toe position at first take-off to their 

landing location in the sand pit. In competitions, this distance is not recorded 

since part of the challenge of the event is to take off as close to the edge of the 

board as possible. For a valid jump, the actual distance is the official distance plus 

the distance lost at take-off. 

While numerous factors evidently influence triple jump distance, it is generally agreed 

that phase ratios, approach run speed, and effectively managing horizontal and vertical velocity 

trade-offs are amongst the most important aspects of triple jump technique and are further 

explored in subsections 2.1.1 – 2.1.4 [5], [43]. Despite some consensus on these factors, ongoing 

discussions persist regarding the relative significance of each element. 

2.1.1 Phase Ratios 

Phase ratios refer to the distances of each phase represented as percentages of the total 

distance [42]. Athletes can be classified as hop-dominant, jump-dominant, or balanced [42]. Hop 

or jump dominance is determined if the corresponding “phase percentage is at least 2% greater 

than the next largest phase percentage [42].” Extensive research has been conducted on the 

influence of phase ratios on triple jump performance and the identification of an optimal phase 

ratio. Although work published by Yu and Hay demonstrated that “there is no single optimum 

phase ratio for all triple jumpers [44],” there is a theoretical economic distribution for each phase 

of 36-37% for the hop, 29-30% for the step, and 33-34% for the jump phase [42], [44], [45].  

Researchers have tested these theoretical distributions; most notably, Allen et al. 

developed a computer simulation to determine the optimal triple jump phase ratio [42]. For the 

single subject in their study, they found a hop-dominated technique with phase ratios of 35.7%, 

30.8%, and 33.6% was optimal [42]. These theoretical results can be validated against actual 

elite triple jump performances. World Athletics published phase ratios for men and women’s 

triple jump at the Athletics World Championships in 2017 and 2018, summarized in Table 2.3 

below [6], [7], [8], [9].  
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Table 2.3: Mean phase ratios and standard deviations (SD) from elite male and female triple jumpers compared to 

theoretical economic phase distributions. Phase ratios were summarized across all athletes included in the 2017 and 

2018 World Athletics reports [6], [7], [8], [9]. Theoretical economic distributions obtained from [42], [44], [45]. 

Phase 
Female Mean  

Percentage (%) (SD) 

Male Mean  

Percentage (%) (SD) 

Theoretical Economic 

Distribution (%) 

Hop 36.1 (1.30) 35.8 (1.40) 36-37 

Step 29.0 (1.89) 29.9 (1.90) 29-30 

Jump 34.9 (1.76) 34.3 (2.10) 33-34 

2.1.2 Speed at Take-off and Last Step Length 

In a 1986 triple jump study, Hay et al. found that when evaluating four performance 

factors – relative height at take-off, speed at take-off, angle of take-off, and loss due to air 

resistance – only the speed at take-off appeared to impact the triple jump distance [46]. 

Moreover, a triple jump simulation model created by Allen et al. found that jump distance 

improved with increased approach run velocities, assuming athletes possessed the strength and 

coordination required to manage such velocities [47]. The speed at take-off is considered by 

some researchers to be “the most critical kinematic factor” in triple jump [4], [46]. 

During the approach run, it is ideal for stride frequency to increase during the final four 

to eight steps to increase speed [48]. Athletes typically begin to lower their centre of gravity 

during these final steps in preparation for the hop phase [5]. Notably, it is believed that the length 

and frequency of the last one to two strides are critical to jump performance and that athletes 

should aim to reach their peak velocity during these strides [3], [48]. The maximum horizontal 

velocities at take-off achieved by male athletes at the 2017 and 2018 World Athletics competition 

were 9.84 m/s and 9.85 m/s, respectively, achieved at the hop take-off, as last stride velocity was 

not reported [8]. On the women’s side, maximum horizontal velocities achieved were 8.57 m/s in 

2017, and 8.79 m/s in 2018 [9]. Interestingly, only one of these athletes with the highest 

horizontal velocity at hop take-off won their respective competition – the decorated American 

athlete Christian Taylor with 9.85 m/s at the 2017 World Athletics Championships [7]. Though 

definitive conclusions cannot be determined from such a small sample size, it implies that while 

horizontal velocity at take-off is an important aspect of the triple jump, this measure alone does 

not define jump distance and must be balanced with other technique considerations. 
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2.1.3 Horizontal and Vertical Velocity Trade-Offs 

Unlike a sprinting event, athletes cannot only focus on running as fast as possible; they 

must manage their horizontal and vertical velocities throughout the triple jump. Minimizing 

horizontal velocity loss throughout the three take-off phases leads to a better result and is, 

therefore, an important consideration when assessing triple jump performance [3], [43]. 

However, an “increase in horizontal velocity component results in reduced vertical velocity 

component and vice versa,” requiring athletes to find an optimal balance [43], [47]. Both Yu and 

Allen et al. remarked that generally, as vertical velocity increases, a proportionally greater loss of 

horizontal velocity occurs in their respective publications [47], [49]. In this regard, horizontal 

velocity is “gained during the approach and lost primarily due to ground contact during each of 

the three take-off phases,” which results in a decrease in horizontal velocity observed at each 

phase [3].  

To further demonstrate the horizontal and vertical velocity trade-offs, data from the World 

Athletics triple jump reports were once again summarized [6], [7], [8], [9]. The average 

horizontal and vertical velocities achieved at each take-off point for both men and women are 

presented in Table 2.4 and Table 2.5, respectively. 

Table 2.4: Mean horizontal velocities and standard deviations (SD) in metres per second (m/s) achieved at each take-

off point in the triple jump for elite men and women. Horizontal velocities for each phase were summarized across 

all athletes included in the 2017 and 2018 World Athletics reports [6], [7], [8], [9]. 

Phase 
Female Mean Horizontal Velocity (m/s) 

(SD) 

Male Mean Horizontal Velocity (m/s)  

(SD) 

Hop 8.15 (0.31) 9.34 (0.32) 

Step 7.44 (0.28) 8.15 (0.44) 

Jump 6.23 (0.36) 6.80 (0.56) 

Table 2.5: Mean vertical velocities and standard deviations (SD) in metres per second (m/s) achieved at each take-

off point in the triple jump for elite men and women. Vertical velocities for each phase were summarized across all 

athletes included in the 2017 and 2018 World Athletics reports [6], [7], [8], [9]. 

Phase 
Female Mean Vertical Velocity (m/s)  

(SD) 

Male Mean Vertical Velocity (m/s)  

(SD) 

Hop 2.58 (0.21) 2.77 (0.27) 

Step 2.02 (0.25) 2.37 (0.39) 

Jump 2.68 (0.22) 2.87 (0.46) 
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Evidently, achieving optimal horizontal and vertical velocity throughout the approach run 

and three jump phases is a challenging task and are important metrics to evaluate to inform the 

triple jump technique. 

2.1.4 Additional Triple Jump Performance Metrics 

Flight time refers to the duration during which athletes remain airborne in a triple jump, 

indicating the interval between ground contacts [2]. While prolonged flight times often correlate 

with improved jump distances, the balance between horizontal and vertical components must be 

considered. For instance, an athlete may achieve considerable flight time but expend excessive 

energy in vertical motion. Consequently, while the first phase may feature an impressive flight 

time, sustaining the jump amidst significant vertical movement becomes challenging. Flight 

times of elite male and female athletes at the 2017 and 2018 World Athletics championships are 

presented in Table 2.6 [6], [7], [8], [9]. 

Table 2.6: Mean flight times and standard deviations (SD) in seconds (s) at each phase for elite male and female 

triple jumpers. Flight times for each phase were summarized across all athletes included in the 2017 and 2018 World 

Athletics reports [6], [7], [8], [9]. 

Phase 
Female Mean Flight Time (s)  

(SD) 

Male Mean Flight Time (s)  

(SD) 

Hop 0.51 (0.03) 0.53 (0.04) 

Step 0.37 (0.04) 0.46 (0.06) 

Jump 0.64 (0.04) 0.69 (0.06) 

Ground contact times refer to the support phases during triple jump where one foot is 

planted on the ground [2]. Athletes aim to minimize the time spent on the ground since as 

horizontal velocity decreases, the duration of support phases increases [43]. In other words, 

lower velocities are related to longer ground contact times, both of which have been shown to 

lead to a shorter jump distance [2]. Ground contact times of elite male and female athletes at the 

2017 and 2018 World Athletics championships are presented in Table 2.7 [6], [7], [8], [9]. 
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Table 2.7: Mean ground contact times and standard deviations (SD) in seconds (s) at each phase for elite male and 

female triple jumpers. Ground contact times for each phase were summarized across all athletes included in the 2017 

and 2018 World Athletics reports [6], [7], [8], [9]. 

Phase 
Female Mean Ground Contact Time (s)  

(SD) 

Male Mean Ground Contact Time (s)  

(SD) 

Hop 0.13 (0.01) 0.12 (0.01) 

Step 0.16 (0.01) 0.16 (0.02) 

Jump 0.17 (0.02) 0.18 (0.02) 

Knee angles at each take-off are also often considered in triple jump performance 

assessments. While definitive optimal angle ranges could not be found in the literature, 

examining results from published reports by World Athletics provided a useful range for 

comparison. These reports define the knee angle as the angle between the thigh and lower leg, 

“considered to be 180 degrees in the standing anatomical position,” and measuring it at its 

minimum during the contact of each triple jump phase [6], [7], [8], [9]. Further, the constraints of 

human biomechanics prevent the consideration of physically implausible knee angles, assisting 

the determination of realistic boundaries. This is helpful as the relationship between knee angles 

and performance is not as clear compared to other performance metrics. Minimum knee angles 

of the contact limb of elite male and female athletes at the 2017 and 2018 World Athletics 

championships are presented in Table 2.8 [6], [7], [8], [9]. 

Table 2.8: Mean minimum contact limb knee angles (angle between the thigh and lower leg considered to be 180 

degrees in the anatomical standing position) and standard deviations (SD) in degrees (°) at each phase for elite male 

and female triple jumpers. Minimum knee angles for each phase were summarized across all athletes included in the 

2017 and 2018 World Athletics reports [6], [7], [8], [9]. 

Phase 
Female Mean Minimum Knee Angle (°)  

(SD) 

Male Mean Minimum Knee Angle (°)  

(SD) 

Hop 138.6 (8.83) 136.3 (8.92) 

Step 133.6 (7.05) 128.0 (7.40) 

Jump 135.5 (9.03) 127.9 (7.46) 

Take-off angles of the trunk at each phase impact the jump distance, with larger initial 

take-off angles resulting in a higher flight trajectory of the body’s centre of mass (COM), 

consequently leading to a lengthened flight time during the third phase [43]. Conversely, 

increasing the take-off angle may prolong braking time, potentially resulting in reduced 

horizontal velocity from one take-off phase to the next [3], [50]. Such velocity reduction can 

adversely affect the overall jump distance, emphasizing the challenge of attaining the optimal 
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take-off angle, particularly during the initial phase, to maximize performance across the entire 

jump. Take-off angles of the trunk at each phase were not computed due to challenges in 

accurately capturing these values; however, their critical impact on performance must be 

considered. For example, while an extended flight time may produce a better performance, an 

excessively high vertical component of the take-off angle could lead to unnecessary energy 

expenditure in the vertical direction at the expense of horizontal velocity [2]. Therefore, the take-

off angle remains an important performance metric for a comprehensive understand of the triple 

jump technique. 

Finally, single-arm versus double-arm movement is widely discussed in the context of 

triple jump performance. At the elite level, the adoption of the double arm technique is prevalent 

amongst male athletes, while the single-arm technique is predominantly used by female jumpers 

[51]. The current male world record holder employed a double-arm technique for his 18.29 metre 

jump [52], while the female world record holder leapt to 15.74 metres using a single-arm 

technique [53]. Evidently, the debate between single and double arm technique persists. There is 

limited research on the impact of arm technique on jump performance beyond work published by 

Allen et al. and Panoutsakopoulos et al. [41], [51]. Notably, Allen et al. found possible benefits 

of the double arm technique including “cushioning the stance leg during impact, raising the 

COM of the body at take-off, and facilitating an increase in kinetic energy at take-off [41].” 

Athlete preferences are also a factor when considering whether single-arm or double-arm 

technique is optimal. 

2.1.5 Triple Jump Performance Metrics Summary 

The distance achieved in triple jump is influenced by a complex interplay of a variety of 

factors and a subset of these factors was explored. Athletes and coaches must strategically 

manage these variables to optimize their technique. Objectively measuring jump performance 

metrics may provide useful feedback to athletes as current feedback mechanisms are largely 

limited to subjective observations. 

Basic elements of triple jump technique are stable; however, various factors such as 

mental state, stress, fatigue, wind, and temperature, have an impact on technique and 

performance [43]. While these factors are beyond the scope of this thesis, it is necessary to 

acknowledge their potential effect on athlete performance.  

https://www.researchgate.net/profile/Vassilios-Panoutsakopoulos?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoicHVibGljYXRpb24ifX0
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2.2 Markerless Motion Capture in Biomechanical Analyses 

Markerless motion capture holds promise for advancing biomechanical analyses. There is 

potential to quickly and reliably capture larger numbers of participants and collect natural 

movement data outside of controlled laboratory environments. However, there are significant 

challenges that need to be addressed before low-cost and accessible markerless motion capture 

systems are available to the general population, including coaching staff. 

The performance of markerless motion capture against “gold standard” marker-based 

approaches in multi-camera scenarios has produced encouraging results [18]. Theia3D (Theia 

Markerless, Kingston, Canada) proprietary markerless software is widely used in research and 

has demonstrated considerable success in numerous studies when validating its performance in 

computing kinematic variables and joint angles against marker-based motion capture systems 

both “in the wild” and in controlled settings for clinical and sports applications [54], [55], [56], 

[57]. Though Theia3D software can produce results nearly comparable to marker-based 

approaches, it “requires a minimum of six cameras for tracking,” making it difficult to employ in 

many real-world scenarios [58]. The open-source software, OpenPose (Carnegie Mellon, 

Pittsburgh, United States), is another markerless motion capture solution commonly employed in 

biomechanics research and has also produced promising results in validation studies [59], [60], 

[61], [62]. 

While many studies have demonstrated success in utilizing markerless motion capture 

solutions with multi-camera configurations, it is critical to note the limitations in real-world 

settings. Cronin et al. assessed the feasibility of OpenPose in assessing long jump take-off 

metrics during the 2017 World Athletics Championships [23]. The authors found very poor 

agreement between data from two calibrated cameras and manually digitized data labelled by an 

experienced individual using SIMI Motion software (Simi Reality Motion Systems GmbH, 

Germany) [23]. Beyond the anticipated challenge of placing cameras in ideal locations during 

competition, the highly variable OpenPose results hindered the identification of specific 

limitations of the markerless approach [23]. These findings suggest usage of open-source 

markerless systems to perform analyses in real competition scenarios requires significant 

improvements before it can be usable, though the authors only tested the OpenPose software. 
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Cronin et al. concluded that manual alternatives currently demonstrate more reliable results when 

the environment is unconstrained [23].    

An important consideration with open-source markerless motion capture software is that 

these solutions are often developed using public training datasets, which comprise a small 

number of healthy adult participants engaged in basic movements like walking and standing [24]. 

Open-source markerless motion capture software is often trained on these datasets and may not 

perform as well for clinical populations and sports analyses, where subjects may present with 

atypical gait patterns and perform more complex movements, respectively, which are unfamiliar 

to the HPE algorithms [24], [63]. Other challenges currently being researched include variations 

in human visual appearance and physique, lighting conditions, partial obstructions, high pose 

dimensionality, and loss of 3D information when observing poses in two-dimensional (2D) 

images [64]. 

Despite the aforementioned obstacles, markerless motion capture may offer advantages 

over marker-based methods, depending on the research objective. Markerless motion capture 

enables easier and broader participant inclusion, and so long as an acceptable level of accuracy is 

achieved, it may outweigh the benefits of highly precise marker-based methods. However, the 

context is crucial – in clinical settings where results can influence a patient’s treatment plan, for 

example, the highest possible accuracy is likely desirable. In contrast, for sports assessments 

where the goal is to augment coaching feedback, the lower accuracy of markerless motion 

capture systems may be sufficient. Moreover, certain analyses are infeasible within a laboratory 

setting, including assessing triple jump technique, which requires substantial space and 

specialized equipment. In such cases, choosing a less accurate analysis provided by a markerless 

system, but still within acceptable limits, may be preferable to not conducting the analysis at all. 

Furthermore, with ongoing advancements in CV and HPE, it is anticipated that markerless 

motion capture solutions will continue to improve. These developments, along with current 

research examples, are discussed in subsection 2.2.1. 

2.2.1 Existing Open-Source Markerless Motion Capture Solutions 

While various open-source markerless motion capture software solutions exist, two were 

chosen for evaluation – OpenPose and Google MediaPipe (GMP) – based on their accessibility, 

processing capabilities, and suitability for the desired analyses. Proprietary markerless software 
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were excluded from consideration as they do not meet the research objective of building an 

accessible and low-cost solution. Both OpenPose and GMP software present promising avenues 

for sports analytics single-camera markerless systems. 

OpenPose is a popular open-source pose estimation software that has been employed for 

a variety of biomechanics research purposes [59], [60], [61], [62], [65]. OpenPose was trained on 

the publicly available COCO [66] dataset and has a 25-keypoint model to detect human body 

part landmarks in 2D, as shown in Figure 2.4 [23].  

 

0 – Nose 

1 – Neck 

2 – Right shoulder 

3 – Right elbow 

4 – Right wrist 

5 – Left shoulder 

6 – Left elbow 

7 – Left wrist 

8 – Mid hip 

9 – Right hip 

10 – Right knee 

11 – Right Ankle 

12 – Left hip 

 

13 – Left knee 

14 – Left ankle 

15 – Right eye 

16 – Left eye 

17 – Right ear 

18 – Left ear 

19 – Left big toe 

20 – Left small toe 

21 – Left heel 

22 – Right big toe 

23 – Right small toe 

24 – Right heel 

25 – Background 

Figure 2.4: OpenPose 25-keypoint 2D pose model. Image from [67] and keypoint mappings from [68]. 

The pose estimation approach used in OpenPose leverages Part Affinity Fields (PAF), a 

technique used to determine which detected body parts belong to each person in an image [69]. 

PAFs establish connections between body parts, allowing the system to accurately associate limb 

segments with the correct person, even in complex and crowded scenes [69]. Users can interact 

with OpenPose through a command-line interface for basic scenarios and can optionally use the 

Python or C++ Application Programming Interfaces for solutions requiring more customization 

[68]. To save pose data, OpenPose supports exporting outputs to JSON files, enabling subsequent 

analyses [68]. 

The ability to easily extract pose data from OpenPose software has facilitated its 

widespread use in various research applications, as previously mentioned [59], [60], [61], [62]. 

However, there are several notable drawbacks. While OpenPose is capable of multi-person 

detection, it does not assign a consistent identifier to a person across video frames, requiring 

researchers to develop custom logic to handle this [23]. Moreover, the OpenPose solution is most 
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performant when using a device equipped with one or multiple GPUs, however, it is possible to 

run the software on a CPU-based device [68].  

To assess the feasibility of OpenPose for triple jump analyses, attempts to process a 

subset of videos on a CPU-based device were made. Unfortunately, the processing speed was 

prohibitively slow, requiring nearly two hours for a single video with a length of approximately 

15 seconds. Performance improved significantly when using a GPU-equipped device, but this 

approach was not ideal as the triple jump technique evaluation system should operate on 

hardware readily accessible to the general public. Additionally, the OpenPose license restricts use 

to non-commercial research purposes and prohibits distribution or commercialization, which 

could limit the potential for future productization of the proposed solution [70]. These limitations 

prompted the exploration of alternative solutions, bringing GMP into consideration. 

Google MediaPipe (GMP) is a more recent open-source project and consists of a set of 

tasks for various ML applications including CV, text, audio, and generative Artificial Intelligence 

(AI) [71]. One of the vision-based tasks, Google MediaPipe pose landmark detection (GMP 

pose), can detect 33 body landmark locations in images or videos, and was investigated for use 

[72]. The pose landmarker model used to detect landmark locations is provided in Figure 2.5 

[72].  

 

0 – Nose 

1 – Left eye (inner) 

2 – Left eye 

3 – Left eye (outer) 

4 – Right eye (inner) 

5 – Right eye 

6 – Right eye (outer) 

7 – Left ear 

8 – Right ear 

9 – Mouth (left) 

10 – Mouth (right) 

11 – Left shoulder 

12 – Right shoulder 

13 – Left elbow 

14 – Right elbow 

15 – Left wrist 

16 – Right wrist  

17 – Left pinky 

18 – Right pinky 

19 – Left index 

20 – Right index 

21 – Left thumb 

22 – Right thumb 

23 – Left hip 

24 – Right hip 

25 – Left knee 

26 – Right knee 

27 – Left ankle 

28 – Right ankle 

29 – Left heel 

30 – Right heel 

31 – Left foot index 

32 – Right foot index 

Figure 2.5: Google MediaPipe pose landmarker model, capable of detecting 33 body landmark keypoints. Image and 

keypoint mappings obtained from [72]. 
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Currently, GMP pose is only capable of single-subject pose estimation and can be used 

effectively on CPU-based devices. The GMP pose task leverages the BlazePose model developed 

by Bazarevsky et al. from Google Research [73]. The BlazePose model has a CNN architecture 

to perform pose estimation and has been validated against OpenPose on the COCO dataset [73]. 

Bazarevsky et al. compared OpenPose and BlazePose to a human-annotated baseline dataset and 

found that although OpenPose produced slightly better performance, BlazePose was superior for 

yoga and fitness scenarios [73]. Moreover, BlazePose was “found to be 25-75 times faster on a 

single mid-tier phone CPU compared to OpenPose on a 20-core desktop CPU,” demonstrating its 

suitability for real-time use cases [73]. 

The GMP pose model returns [x, y, z] coordinates, visibility, and presence values for each 

keypoint for each frame. The x and y coordinates are “local to the region of interest and range 

from [0.0, 255.0] [74].” The z-coordinate “represents the distance relative to the plane of the 

subject’s hips, which is the origin of the z-axis [74].” The z-coordinate is a 3D depth estimation 

in the BlazePose model architecture, which incorporates the Generative 3D Human Shape and 

Articulated Pose (GHUM) Model developed by Google Research [75]. The visibility result is a 

value between 0.0 and 1.0 to indicate that the landmark keypoint is “located within the frame and 

not occluded by another bigger body part or object [74].” The presence value has the same range 

as visibility and represents the “probability that a keypoint is located within the frame [74].” 

Though GMP pose has fewer published validation studies, it offers several advantages 

over OpenPose: 

• GMP pose was designed with fitness applications in mind and included subjects 

performing fitness exercises in the training dataset [74]. 

• GMP pose produces both 2D pixel coordinates, and 3D “world space” coordinates, with 

an origin at the subject’s hip centre [71], [76]. In single-camera setups, OpenPose is 

limited to providing 2D pixel coordinates, as generating 3D keypoint values requires the 

use of multiple stereo cameras [77]. 

• GMP pose includes a lightweight model optimized for mobile usage (iOS and Android) 

and supports various programming languages including Python, C++, and JavaScript 

[78]. These features can facilitate the future development of mobile applications. 
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• GMP has more permissive licensing than OpenPose, enabling its use in potential future 

development of mobile applications. 

• GMP pose demands fewer computational resources than OpenPose and can be used on 

CPU-based devices [22], [73]. 

• Google is actively developing the MediaPipe project including updating documentation, 

providing code usage examples, and fostering a community of users. No major features 

have been released in the OpenPose project since November 2020; it is unclear if there 

will be updates in the future [68]. 

In their 2022 literature review on healthcare applications with single camera markerless 

motion capture setups, Scott et al. observed that OpenPose and DeepLabCut are computationally 

expensive and unlikely to provide real-time results on most devices [22]. They suggest Google 

MediaPipe as a potential alternative to address this issue but note that no studies used it in their 

review [22]. A 2024 study that investigated the use of open-source markerless software for 

classifying Pilates poses compared the performance of OpenPose and GMP pose [78]. They 

found that although OpenPose had a higher recognition accuracy, GMP pose used fewer 

computational resources and was faster while still achieving reasonably good recognition rates 

[78]. Given its computational advantages, this underscores the necessity for further research with 

GMP and highlights its suitability for real-time sports analytics scenarios, making it a suitable 

choice to evaluate triple jump technique. 

2.2.2 Single Camera Setups with Markerless Motion Capture 

Single camera setups introduce additional complexities but could facilitate the 

deployment of markerless technologies in sports settings without requiring expertise in CV [24]. 

Research in this area has primarily focused on estimating sagittal plane kinematics in a 

controlled environment, successfully identifying joint angles in comparison to manually-labelled 

or marker-based methods [18], [24]. In their 2023 publication, Wade et al. note that existing 

research often does not consider “occluded joint centre locations on the far side of the body” 

although this information is provided by HPE algorithms [24]. Scott et al. also recommend that 

future research should focus on improving the accuracy of out of plane movements, reiterating a 

current limitation of single camera markerless systems [22].  
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While single-camera markerless systems present limitations, they offer reduced setup 

times and avoid the need for potentially intrusive markers [22]. However, these systems 

generally demonstrate reduced accuracy compared to 3D marker-based motion capture [79]. 

Some researchers argue that true 3D HPE with a single camera is not yet feasible, although 

“2.75D” estimates can be achieved in specific scenarios, such as track and field, where 

simplifying assumptions around the direction of movement are applicable [27]. However, single-

camera markerless “may still provide greater reliability compared to subjective or self-reported 

measures [80].” Further, single-camera markerless systems enable motion analysis in scenarios 

and environments that would not be possible with more complex setups [22], including 

evaluating triple jump technique. These lower cost systems are also more accessible, requiring 

fewer resources and less expertise, enabling more frequent data collection for significantly more 

participants [79], [80]. Facilitating data collection for a greater number of participants is 

particularly critical as “a recent review of 30 years of publications within the Journal of Applied 

Biomechanics found that 84% of studies used convenience samples of less than 30 subjects 

[18].” Expanding the application of markerless motion capture assessments beyond laboratory 

settings is essential for their practical utility. While challenges remain, further investigation into 

single-camera markerless systems is warranted. Markerless motion capture, particularly with 

single-camera setups, offers a promising avenue for democratizing biomechanics research in 

sports coaching scenarios and beyond, provided that acceptable performance standards can be 

met. 

2.2.3 Advancements in Markerless Motion Capture 

Research in the area of CV have facilitated notable improvements in HPE algorithms, 

leading to the development of both open-source and proprietary markerless motion capture 

software. The availability of public datasets that can be used to train models with complex 

architectures is critical to advancements in this field. Table 2.9 summarizes popular public 

datasets that have been used to develop HPE algorithms: ImageNet [81], Human3.6M [82], 

HumanEva-I and II [83], and COCO [66]. 
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Table 2.9: Publicly available datasets often used for training computer vision models. 

Dataset Description 

ImageNet Database of 3.2 million annotated images designed for use in “visual object recognition, 

image classification, and automatic object clustering [81].”  

Human3.6M One of the largest public motion capture datasets, consisting of 3.6 million human poses 

and corresponding images captured by a high-speed motion capture system; contains 11 

participants in 17 scenarios [82]. 

HumanEva-I and II Contains subjects performing a set of predefined actions, recorded using synchronized 3D 

motion capture and multi-view video [83]. The HumanEva-I dataset has four subjects 

performing a set of six predefined actions with three repetitions; the HumanEva-II dataset 

contains “two subjects performing an extended sequence of actions [83].” 

COCO Common Objects in Context or COCO is a “large-scale object detection, segmentation, 

and captioning dataset [66].” 

While these publicly available datasets have contributed to significant progress in CV 

algorithm development, the range of participants and movements are limited. Drazan et al. 

highlighted the importance of training markerless motion capture “on datasets that are close 

matches to the intended use case [18].” This is particularly important in clinical and sports 

settings where participants may not always come from a healthy population or perform “typical” 

movements, respectively. Solutions including DeepLabCut, which facilitates training a neural 

network from a labelled dataset, have been developed to address these shortcomings [84]. For 

example, Yamamoto et al. leveraged DeepLabCut to enhance their single-camera markerless 

analysis of golf swings, yielding a useful system for coaching golf [85]. 

In addition to more widely available training data, models have become more efficient. 

Previously, it was not possible to perform CV tasks within a reasonable timeframe without 

GPUs. Now, open-source HPE solutions such as Google MediaPipe can be run on most CPU-

based systems, further reducing the barrier to these technologies [71].  

Evidently, both marker-based and markerless motion capture techniques possess inherent 

limitations, the selection of an appropriate approach must align with research objectives. In the 

context of this study aimed at enhancing accessibility of triple jump performance analyses, 

markerless motion capture is the preferred choice, leading to the selection of GMP software for 

the proposed framework. 
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2.3 Homography Background 

A significant challenge with a single-camera markerless motion capture setup in an 

uncontrolled environment is establishing a real-world coordinate system for the participant’s 

movement. While it is possible to calculate certain metrics, such as relative joint angles, using 

pixel space coordinates generated by open-source markerless software, this approach has 

limitations when applied to calculating performance metrics in the real world. For example, 

when evaluating triple jump technique, horizontal and vertical velocities, as well as distance 

metrics, are not meaningful in pixel space. This necessitates a solution for translating the 

participant’s pose data in pixel space to real-world space. One solution to this problem is the 

implementation of homography techniques. A homography is a “projective transformation 

between two planes or, alternatively, a mapping between two planar projections of an image 

[30],” as depicted in Luo et al.’s diagram shown in Figure 2.6 [86]. Homography relates points in 

one image to their corresponding points in another image when the images were taken from 

different angles [30], [86]. 

 

Figure 2.6: Homography estimation is a projective transformation between two images taken from different 

perspectives. Diagram obtained from [86] under the Creative Commons CC BY 4.0 license. 

 

Homography techniques are useful in the development of a single-camera markerless 

system, as they provide an approach to transform pixel coordinates to real-world coordinates 

using known dimensions. Applying homography involves a multi-step process outlined in Figure 

2.7. 
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Figure 2.7: High-level steps for utilizing homography techniques. Diagram steps adapted from [86]. 

For the first step, two perspectives can be obtained either by using two images or video frames of 

the same scene taken at different angles, or one image or video frame and a “reference model 

[28].” The former case requires multiple camera perspectives to be available. In contrast, the 

reference model approach is applicable when only a single camera was used, but the facility has 

known feature dimensions that can be modeled from an overhead view. For example, Bjering 

developed an ice rink model in their 2019 paper using the established feature dimensions of a 

hockey rink to enable homography transformations [28]. 

Next, four pairs of corresponding points on the same 2D plane between the two 

perspectives must be labelled, although having more than four pairs is advantageous [28], [86], 

[87]. Automated feature-extraction approaches have been used to identify corresponding points 

and can be broadly classified into feature-based or deep-learning based methods [86]. For 

feature-based methods, a variety of algorithms can be used including Scale Invariant Feature 

Transform (SIFT) and Speeded Up Robust Features (SURF), which enable the identification of 

key points in images by identifying distinct patterns like edges and corners, whereas deep 

learning methods leverage CNNs to obtain features and perform feature matching between the 

two perspectives [86]. While these approaches are not restricted to extracting features on a single 

plane, the homography transformation is effective only if all features exist on the same plane. 

Alternatively, features can be manually labelled, as is often required in the reference model 

scenario [88]. 

Regardless of how the points for homography are determined, the third step is to compute 

the homography matrix. To compute the mapping between two perspectives, the homography 

matrix H must be computed as shown in Equation 2.1 [86], 

 

𝐻 = [

ℎ11 ℎ12 ℎ13

ℎ21 ℎ22 ℎ23

ℎ31 ℎ32 ℎ33

] (Eq. 2.1) 
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where [ℎ11, ℎ12, ℎ21, ℎ22] represents the affine transformation,  [ℎ13, ℎ23] represents the 

translation and transformation, and [ℎ31, ℎ32] represents the perspective transform between 

images [86]. The last element, ℎ33, is normalized to 1 so that H has eight degrees of freedom 

[86]. To implement this technique, OpenCV provides a set of geometric image transformations 

and camera calibration functionalities, which can be used to determine the homography matrix 

and apply it to obtain the transformed data [89], [90]. The final step is to apply the homography 

matrix to obtain additional points in the desired coordinate space. 

Once homography transformations are implemented, their validity must be assessed, 

which can be done quantitatively and qualitatively. Visually overlaying homography results 

provides one mechanism to assess its subjective accuracy. Specifically, reprojecting pose 

landmarks after applying homography transformations allows for a visual subjective assessment 

of the homography accuracy. For quantitative assessments, there is no standardized evaluation 

metric, however, reprojection error in 2D image space can be used [27]. Reprojection error can 

measure the effectiveness of the homography transformation by converting the homography-

transformed 3D world coordinates back to pixel coordinates. Adapting reprojection error from 

Baumgartner et al., the squared sum of the differences between the known pixel coordinates 

labelled using the reference model and the reprojected pixel coordinates is computed across all 

frames for each video to obtain the overall reprojection error [27]. Despite being a quantitative 

measure, guidelines for an acceptable reprojection error are unclear as errors of measurement are 

not reported consistently in existing research [22].  

To apply the homography approach described in Figure 2.7, “track and field reference 

models,” which represent the facility’s coordinates from an overhead view, can be developed. 

Similar to hockey rinks, track and field facilities have markings and objects such as wooden 

boards that, though not always standardized, can be easily measured. In this scenario, the first 

perspective consists of 2D videos, and the second perspective is the known dimensions of the 

track and field facility from an overhead view, created via manual measurements, and expressed 

as a series of x-y coordinates. By relating known points on these models to 2D videos captured 

from a different perspective, the homography transformation can be calculated. It is crucial to 

note that not all known points are equally useful; parallel lines, due to their collinearity, result in 



26 

 

the vanishing point effect where they appear to converge towards a single point, providing 

insufficient information for computing a homography transformation [27].  

Evidently, homography estimations have demonstrable usefulness in a wide range of 

fields, including sports analytics. However, when combining homography techniques with pose 

data obtained from a single-camera markerless system, valid results are limited to those where 

the participant has a contact point with the ground. This is because homography relies on fixed 

relationships between points on a common plane to accurately map positions between 

perspectives. For instance, in hockey, the player’s skate must be on the ice, and in triple jump, 

the athlete’s foot must be on the track. Analyzing frames where the participant is not in contact 

with the ground would require estimating their position in space using different techniques, 

introducing additional complexity. Incorporating methods to analyze non-ground contact frames 

is beyond the current scope, though it is an interesting topic for future research. 

2.3.1 Homography Applications in Sports Analytics 

Employing homography techniques in sports analyses is useful as sports footage is often 

captured using a single camera that pans as athletes move, and sporting facilities have features of 

known dimensions. For instance, in hockey, a single camera commonly captures footage of the 

ice rink, panning as players move, and the rink’s markings can be leveraged for homography 

computation [28], [88]. When the player has a contact point with the ice rink, pose data from 

HPE algorithms can be employed to determine the physical whereabouts of players in real-world 

space, enabling subsequent analyses. Beyond hockey, homography techniques have also proven 

effective in sports analyses for golf, soccer, weightlifting, and track and field [27], [29], [87], 

[91], [92].  

There are two broad approaches for identifying suitable points for homography in sports 

analytics when feature-based and deep-learning based methods are not applicable, (1) manual 

labelling of features with known dimensions, and (2) automated selection of known reference 

objects as features. While automated approaches are preferred, they are not always feasible in 

practice. In 2021, Walters et al. developed a tool for manually annotating homographies from 

hockey broadcast videos [88]. The authors emphasized the need for ground truth labels for point 

correspondences between each frame of hockey broadcast videos and an overhead view of an ice 

rink [88]. Importantly, broadcast videos involve camera panning, tilting, and zooming; therefore, 
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each frame must be registered to obtain real-world locations of the players and puck, a process 

they refer to as “sports field localization [88].” The proposed tool allows users to select as many 

corresponding points as possible between a video frame and the ice rink model, noting that “the 

best points are located at the ends of lines on the playing surface [88].” Once at least four 

corresponding points are selected, the homography transformation is computed and the result is 

overlaid so users can visually validate the efficacy of their selected points [88]. The tool has 

enabled the development of a dataset containing 4,262 hockey broadcast homographies [88].  

Researchers have also explored methods requiring less manual intervention by 

strategically placing known reference objects in video frames. For instance, in 2021, Pueo et al. 

employed homography transformations to facilitate measuring barbell velocity from videos of 

athletes performing back squats recorded by a single smartphone camera [87]. The researchers 

placed known reference marks on a multipower machine to facilitate automatic point detection 

for homography transformation [87]. This enabled mapping image pixels to real-world 

coordinates, and subsequently the calculation of barbell velocity [87]. Placing reference objects 

on sports fields, including ice rinks and track and field facilities, is often impractical due to the 

potential interference with athletes and the challenge of ensuring the objects are visible in all 

frames, particularly in larger sports venues. Moreover, analyses are often performed on broadcast 

video obtained from public sources, where there is no opportunity for researchers to strategically 

place reference objects in the field of view. Therefore, pursuing methods that do not rely on 

reference objects is valuable, as it better simulates real competition scenarios for sports such as 

track and field, hockey, and soccer, and is applicable to analyses captured from public broadcast 

videos. However, implementing such approaches entails several obstacles. 

Limitations in applying homography techniques to assess track and field events in 

uncontrolled environments present ongoing challenges for researchers. Unlike ice hockey rinks, 

track markings largely consist of parallel lines indicating lane markings [27]. According to 

Baumgartner et al., homography cannot be computed from track and field broadcast footage 

alone without additional known points due to the collinearity of input data consisting only of 

lane demarcations [27]. However, in their 2018 conference publication, Yagi et al. presented a 

methodology for estimating stride length in the 100-metre dash from a broadcast video using a 

homography approach [29]. The authors obtained a panoramic view of the track, counted the 
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runner’s steps and employed HPE to detect body landmarks, and estimated the homography 

matrix using a minimum of four corresponding points in the panoramic view and the video frame 

[29]. Using this approach, they calculated 20-metre interval times, step length, and step 

frequency of one runner in the 2009 World Athletics 100-metre final and had strong agreement 

with the results from the publicly available World Athletics report from that year [29]. Yagi et al. 

demonstrated that homography can be successfully employed in track and field from footage 

captured by a single camera, although their method could not be easily scaled to more than one 

runner and required significant manual intervention. Beyond these publications by Baumgartner 

et al. and Yagi et al., there is limited literature on the application of homography in track and 

field performance analyses. 

Homography techniques in sports analytics have proven to be effective for analyzing 

single-camera footage, which is common in sports broadcasting. These methods are relatively 

simpler when the camera is stationary, as in weightlifting, but become more complex with 

panning cameras, such as those used in hockey and track and field. While automated approaches 

for determining points for homography are preferred, they are not always practical because 

reference objects cannot always be placed in sports facilities, and they must be visible in every 

frame. Manual approaches, while tedious, overcome this challenge, as demonstrated by Walters 

et al. [88]. Despite its challenges, homography remains a powerful tool in sports analytics which, 

when combined with HPE, enables the computation of performance assessments in real-world 

coordinate systems. 

2.4 Summary 

Triple jump technique assessments must consider a variety of performance metrics to be 

useful for feedback. Most coaches and athletes have access to smartphones, which they may use 

to capture videos of the triple jump both in practice and during competition. Therefore, exploring 

how triple jump analyses can be conducted using only video footage captured by a single camera 

that pans may enable the development of a quantitative feedback tool. To build a solution 

accessible to the general public, the open-source GMP pose landmark model was selected to 

perform HPE. Combining knowledge of triple jump, GMP pose, and a single camera, an 

accessible solution could be developed. To overcome the challenges of using a single-camera 

system in an unconstrained environment, homography techniques provided a solution to compute 
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real-world coordinates of participant body landmarks, enabling the subsequent calculation of 

relevant performance metrics. The approach in this study was influenced by the aim to create a 

low-cost and accessible system to evaluate triple jump technique. Although biomechanical 

feedback alone has not been shown to reliably guide optimal training modifications, observing 

changes in performance metrics over time can assist athletes and their coaches in identifying 

areas for improvement [93].  
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Chapter 3: Objectives 

This study aimed to develop a proof-of-concept methodology for the quantitative analysis 

of triple jump technique in real-world settings using a low-cost system comprised of a single 

smartphone camera and open-source markerless motion capture. The triple jump performance 

metrics, selected according to literature and metrics included in World Athletics triple jump 

reports, included ground contact times, flight times, take-off knee angles, phase distances, phase 

ratios, horizontal and vertical take-off velocities, and last stride velocity. Participants in this work 

are athletes of varying ages, years of experience, and skill levels, defined by their personal best 

(greatest triple jump distance achieved). Data collection was performed at both outdoor and 

indoor track and field facilities. 

For preliminary validation of the proposed approach, performance metrics were 

compared between the studied athletes and those published in the World Athletics triple jump 

reports, in addition to visual assessments of the resulting pose estimation and reprojection error 

after applying homography. It was anticipated that more skilled participants would have shorter 

ground contact times, longer flight times, longer jump distances, more consistent intra-trial phase 

ratios and take-off knee angles, as well as higher last stride, horizontal and vertical take-off 

velocities compared to the less skilled participants. Compared to elite athletes assessed in the 

World Athletics reports, the studied athletes were expected to have longer ground contact times, 

shorter flight times, and shorter jump distances. Since the relationship between knee angles and 

performance is less evident, the range of knee kinematics was expected to overlap with those of 

elite jumpers due to physical biomechanical constraints. Given that phase ratios are a relative 

measure, they were also expected to overlap with those of elite jumpers. Moreover, the studied 

athletes were expected to demonstrate lower velocity metrics compared to elite athletes. 

 The primary goal of this study was to assess the feasibility of a low-cost, single-camera 

markerless motion capture system in analyzing triple jump technique. While current literature 

primarily explores markerless motion capture in controlled settings, conducting studies in 

uncontrolled environments with a single camera is necessary to democratize the use of 

markerless technology beyond academic settings. By proposing an end-to-end framework for 

performing markerless motion capture “in the wild,” key challenges, limitations, and areas for 

improvement were identified and can provide valuable insights to inform future research.  
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Chapter 4: Methods 

4.1 Participants 

Thirty participants (15 female, 15 male; average age 19.0 ± 4.0 years) were recruited 

with assistance from the Ottawa Lions Track and Field Club (OTTC). The OTTC is a long-

standing Canadian track and field institution with access to a network of athletes in the Ottawa 

region and beyond. Canadian track and field coaches in Ontario, Quebec, and Nova Scotia were 

sent study information via email. Some participants were known to the researcher; this was 

disclosed in the University of Ottawa ethics submission. 

Eligible participants were those who trained regularly in track and field (at least twice per 

week), with a focus on jumping events, and did not report any neurological, cardiovascular, or 

muscular disorders or injuries that may impact their triple jump performance. Moreover, 

participants were not required to alter their training schedule to participate in the study. A 

summary of the participant characteristics, grouped by relevant age categories used by Athletics 

Canada, the national governing body for track and field in Canada, is presented in Table 4.1 [94]. 

Table 4.1 Participant description, categorized by select age groups used by Athletics Canada, indicated in the 

parentheses. The abbreviations F (female), M (male), SD (standard deviation) are used in the table. 

Age groups 

(years) 

Number of 

participants 

Body mass 

(kilograms) 

Height 

(centimetres) 

Personal best 

(metres) 

Mean (SD) Mean (SD) Mean (SD) 

Under 16 5 F 52.6 (5.41) 165.0 (3.00) 9.57 (1.10) 

 4 M 64.6 (7.52) 175.0 (4.09) 12.7 (0.70) 

Total 9    

16-19  

(Under 20) 
8 F 62.9 (5.85) 171.0 (5.74) 10.7 (0.70) 

 6 M 74.8 (9.18) 181.0 (4.90) 13.6 (0.97) 

Total 14    

20 and over 

(Open) 
2 F 62.4 (1.60) 170.0 (2.47) 11.6 (0.62) 

 5 M 72.7 (1.79) 181.0 (5.43) 13.6 (0.66) 

Total 7    

Grand Total 15 F    

 15 M    
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4.1.1 Consent 

Prior to data collection, participants were provided with a paper copy of the consent form 

and research questionnaire in their preferred language (English or French). The study was 

approved by the University of Ottawa research ethics board (Ethics file number: H-04-23-9061). 

Research ethics certificate and consent forms in English are included in Appendix A, including 

the participant research assent and corresponding parental consent forms for participants under 

13 years of age, per University of Ottawa ethical guidelines. The project overview and data 

collection protocol were verbally explained to ensure that participants understood the study and 

could ask questions before determining their willingness to participate. As part of the informed 

consent process, individuals were told they could withdraw from the study at any time during or 

after completing the protocol. 

After the informed consent process was completed, participants completed a research 

questionnaire where they self-reported their height, weight, age, sex, and email, as well as their 

dominant leg for the triple jump and their personal best triple jump distance achieved in a 

competition. To confirm participant eligibility for the study, the questionnaire also asked them to 

specify their years of training for triple jump, weekly practice frequency, and any health 

conditions that may impact their ability to perform the triple jump. Participant emails were 

collected to enable the distribution of personalized biomechanical reports, as outlined in the 

research consent forms. Beyond the personalized biomechanical reports, no compensation was 

offered to the participants. 

4.2 Procedure 

4.2.1 Facilities 

Data collection was conducted at four locations: (1) Terry Fox Athletic Facility (TFAF) in 

Ottawa, Ontario (10 participants), (2) Pavillon d’Éducation Physique et Sport (PEPS) at Laval 

University in Quebec City, Quebec (6 participants), (3) Gryphon Fieldhouse at the University of 

Guelph in Guelph, Ontario (2 participants), and (4) Toronto Track and Field Centre (TTFC) at 

York University in North York, Ontario (12 participants). Images of each facility are shown in 

Figure 4.1.  
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(c) 

 

 
(d) 

Figure 4.1: Track and field facilities used during data collection. Clockwise from top left – (a) Terry Fox Athletic 

Facility in Ottawa, Ontario; (b) Pavillon d’Éducation Physique et Sport at Laval University, Quebec City, Quebec; 

(c) Toronto Track and Field Centre at York University, North York, Ontario; (d) Gryphon Fieldhouse at the 

University of Guelph, Guelph, Ontario. 

The TFAF is an outdoor facility, whereas the other three locations are indoor facilities, each with 

a designated area for horizontal jumps. At PEPs, the jumping area is located within tennis courts, 

which means the jumping runway includes tennis court markings, differing from a typical track 

and field facility. When not in use for jumping, the area is enclosed with a net, as seen in Figure 

4.1. The Gryphon Fieldhouse has a more isolated jumping area and can only be filmed from one 

side as the sand pit is positioned along a wall. Lastly, the TTFC has a large horizontal jumps 
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area, however, one side is adjacent to a 200-metre track accessible to the public and other track 

and field clubs, while the other side is a throwing area. It is important to acknowledge that 

special considerations were needed during data collection to adapt to these facilities with varying 

layouts. 

4.2.2 Equipment 

To record each participant’s jumps, a total of four tripods were used, one of which was 

part of the PIXEM 2 (MOVE ‘N SEE, France) automated tracking system. The PIXEM 2 system 

included three external sensors, deemed micro-beacons, a PIXEM 2 robot with an iPhone mount, 

which was mounted to a tripod, and a silicon wristband equipped with a sensor worn by the 

participants [95]. An iPhone 12 (Apple, USA; 30 Hz; resolution 3840 × 2160) was mounted on 

the PIXEM 2 robot, which was inserted onto one of the tripods. The remaining three tripods were 

used to mount the three micro-beacons. The PIXEM 2 robot automatically adjusted the position 

of the iPhone by triangulating the location of the wristband using the three micro-beacons, 

ensuring that participants remained centred in the frame throughout their approach run and triple 

jump. The PIXEM 2 automated adjustments helped to minimize potential filming inconsistencies 

that could occur with manual recording. Due to equipment availability and researcher errors, the 

PIXEM 2 system was employed for nineteen of the thirty participants (9 female, 10 male). For 

the remaining participants, the iPhone was mounted on one of the tripods, and video capture, 

including video panning, was done manually. The absence of the PIXEM 2 system may have 

introduced minor variations in filming but it is not expected to have led to any significant issues. 

A measuring tape was used to obtain comprehensive measurements of the jumping area at 

each track and field facility. This informed the development of hand-drawn diagrams that 

depicted the manually measured dimensions of the jump runway lines, sand pit, and take-off 

boards. The hand-drawn diagrams and corresponding measurements were used to develop a 

coordinate system for the jumping area of each facility, detailed in Section 4.3.6. No other 

equipment was required to conduct data collection. However, cones/pylons available at each 

facility were used to mark the appropriate take-off board if requested by the participant. 
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4.2.3 Participant Preparation 

Participants were instructed to dress in comfortable athletic clothing and were informed 

that loose-fitting clothing may negatively impact study result accuracy. Prior to data collection, 

participants performed their preferred warm-up routine and signalled to the researcher when they 

were ready to begin their jumping trials. The warm-up time ranged from approximately 15 to 60 

minutes, depending on the participant. Subsequently, they were directed to select a take-off board 

and an approach run distance that best aligned with their training program. Participants came 

from several different training groups led by different coaches and were not asked to alter their 

training programs, and thus data collection reflected a range of fatigue levels, with some 

participants having recently competed. This approach was intentionally chosen to minimize 

disruption to participants’ routines. 

Each participant was asked to perform six triple jump attempts to simulate a competition 

setting. This limit was also set based on an understanding of the event’s physical demands, and 

the impracticality of requiring more than six jumps from all participants. Participants were 

encouraged to focus on completing each triple jump attempt, without concern for fouling. Since 

the data collection did not occur during an official track and field competition, avoiding fouls 

was not emphasized as it could lead to the exclusion of valuable data. A jumping trial, referred to 

as an attempt, that involved a foul but included the completion of all jump phases and a landing 

in the sand pit was deemed valid. For valid attempts, jump distance was always measured from 

the take-off board. An invalid attempt included failure to successfully complete all jump phases 

and land in the sand pit. Regardless of the jump’s validity, a minimum rest period of five minutes 

was required between jumps, with additional time permitted if desired by the participant. 

4.2.4 Jumping Protocol 

Prior to data collection, the PIXEM 2 system was configured per the MOVE ‘N SEE user 

guide [96]. The iPhone mount was attached to the PIXEM 2 robot and secured to a tripod set at a 

height of ~1.40-metres. The three micro-beacons were each placed on tripods set at a height of 

~1.20-metres, as they needed to be at least one metre off the ground [96]. The tripod with the 

PIXEM 2 robot and iPhone was positioned near the sand pit, placed to capture the entire 

approach run and jump while accounting for the layout constraints of the facility. The distance 

between the PIXEM 2 micro-beacons was not a critical factor, provided it remained below 100 
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metres – well beyond the distance of any participant’s approach run and triple jump. The micro-

beacons were arranged in a triangular configuration, with micro-beacon two positioned to the left 

of micro-beacon one and micro-beacon three located farthest from the camera [96]. This setup is 

illustrated in Figure 4.2. For the eleven participants that did not use the PIXEM 2 system, the 

setup was simplified using only a single tripod set at a height of ~1.60-metres near the pit, with 

the iPhone mounted on it and the camera panning done manually. The height difference between 

the tripods in the PIXEM 2 and non-PIXEM 2 setup was to ensure the iPhone was at the same 

relative height in both configurations. 

 

Figure 4.2: Experimental data collection setup using an iPhone 12 mounted to the PIXEM 2 tripod and robot, 

positioned to capture the sagittal view of each jump, and the three PIXEM 2 micro-beacons fixed on tripods. 

 The experimental setup shown in Figure 4.2 was either configured and tested before 

participants arrived or while they performed their warm-up routine, depending on facility 

availability. Once the setup was finalized and the participants were ready to begin, they wore the 

PIXEM 2 sensor wristband on the wrist closest to the camera to avoid occlusion. Before each 

jump, the researcher raised their arm to signal that the participant could start their triple jump 

attempt and carefully ensured that each video was recorded properly, regardless of whether the 

PIXEM 2 system was used. After each valid attempt, the jump distance was manually measured 

with a measuring tape and recorded by the researcher. Although video footage of non-valid 

jumps was retained, distances were not measured for these attempts. All video recordings were 

automatically saved to iCloud (Apple, USA). In total, 192 videos were collected, including 

retries of missed attempts requested by participants, resulting in some participants exceeding the 

expected six jump attempts. 
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4.3 Data Analysis 

4.3.1 Software Architecture 

Python served as the primary programming language used to implement the 

methodology, along with some use of Structured Query Language (SQL). The software 

architecture was carefully designed to prioritize efficiency, consistency, and code reusability. For 

example, classes were developed to enable consistent usage of specific data structures across 

multiple Python scripts. This design also supported the automation of processing steps, such as 

performance metric calculations, and tools to allow for visual evaluations of the pose detection 

results. Git was employed for local code source control, while GitHub provided a cloud-based 

platform for storing the private repository, ensuring code backups, and enabling potential future 

development efforts [97], [98]. Git and GitHub are widely used tools in software development, 

offering change tracking capabilities, security, and facilitating code collaboration. Details of the 

software architecture and Python script dependencies are included in Appendix B, and the 

visualization tool used for validation is described in Appendix C. Though the visualization tool 

was a component of the overall software architecture, it is presented in its own appendix because 

it operated independently from the other scripts. Note that additional supplemental scripts for 

data loading and aggregation are not included in these appendices. 

4.3.2 Data Management 

A relational data model and database were implemented to facilitate all data processing 

and analysis tasks for this study. This standardized approach to data management was 

necessitated by the open-source nature of GMP, which lacks a built-in storage solution. To 

efficiently manage GMP data and integrate it with other study data, a custom solution was 

required to avoid the inefficiencies of manual handling. Adopting a structured data management 

approach enabled the reuse of data inputs and outputs across Python and SQL scripts, thereby 

ensuring consistency and reducing development overhead. Employing a database management 

system was a prudent decision and offers scalability for potential future development needs. An 

entity-relationship diagram (ERD), a tool to aid in designing an effective data model, was 

developed during the planning stage of the database implementation and is available in Appendix 

D [99]. Appendix D also includes a description of the database tables. ERDs are a “visual 
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representation of how items in a database are related to each other” and are an important 

component of data management planning [100]. 

The database was implemented using SQLite, a file-based, open-source and lightweight 

relational database management system capable of meeting the study requirements while 

minimizing complexity [101]. The SQLite database engine is “the most used database engine in 

the world,” with over 1 trillion SQLite databases in active use and is “built into all mobile 

phones [101].” The popularity and accessibility of SQLite made it a suitable choice for 

implementation, particularly if the proposed solution is developed into a mobile application in 

the future. 

Importantly, relational databases, including SQLite, are not optimized for storing large 

bulk data, such as video files. Therefore, the videos were stored elsewhere and referenced in the 

database using file paths. All videos were downloaded in .MOV format to retain the highest 

possible resolution, moved to a OneDrive folder, and renamed using a consistent naming format 

to facilitate further analyses. As part of this process and to maintain participant privacy, each 

participant was assigned a unique participant ID – an integer value – used to organize all related 

study data. For example, videos for participant 11 were organized in a subfolder named 

raw_videos with the participant ID and attempt number specified in the filename: P11_1.MOV, 

P11_2.MOV, P11_3.MOV, and so on. A diagram of this folder structure is available in Appendix 

E. The jump distances and participant characteristics from the study questionnaire were entered 

into an Excel spreadsheet and then loaded into an SQLite table. Backups of all video files were 

stored in an Azure Blob storage account in the Canada Central region. 

4.3.2.1 Video Preparation 

To reduce file size and eliminate extraneous footage, videos were trimmed to capture the 

footage between the final four strides of the approach run and landing in the sand pit. A Python 

script utilizing the moviepy library was developed for this purpose [102]. This script allowed for 

the manual specification of start and end times to trim the videos accordingly. The resulting 

videos were stored in a designated folder named “trimmed_videos” according to the file structure 

described in Section 4.3.2 and illustrated in Appendix E. 
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4.3.3 Object Detection 

The primary processing Python script was created to obtain and visualize participant pose 

results. This script contained logic to perform object detection to identify the participants in each 

video frame prior to performing pose detection, thereby improving the pose detection results. To 

do this, the GMP object detection task in Python was introduced to identify the bounding box 

pixel coordinates (x and y, coordinates, height, width) of participants in each frame [103]. The 

bounding box coordinates were used to effectively “zoom in” and crop video frames, focusing on 

the region containing the participant. These coordinates were stored in the SQLite database and 

overlaid on the trimmed videos to visually assess the object detection performance. The visual 

evaluation, enabled by functionality introduced into the primary processing Python script, 

involved determining whether the bounding box accurately encompassed the participant in each 

video frame. The GMP objection detection task alone was inadequate, warranting the 

development of custom code to improve performance, with all enhancements executed in the 

pixel coordinate space. 

4.3.3.1 Improving Object Detection Programmatically 

The GMP object detection task can detect multiple objects per frame; therefore, logic to 

identify the correct participant bounding box was required. The GMP object detector returns 

bounding boxes with the highest confidence score and does not assign unique identifiers to track 

individuals over multiple frames [103]. Setting the number of detected objects to five was 

effective in reliably capturing the participant. If the number was set below five, the GMP object 

detector risked missing the participant when multiple individuals were present in the frame, 

whereas increasing the number beyond five appeared to offer no additional benefit, based on 

visual observation. A systematic approach was introduced to calculate the percent overlap 

between bounding boxes across sequential frames to determine which of the five bounding boxes 

corresponded to the participant. A low percentage overlap indicated potential inaccuracies in 

bounding box detection. In such scenarios, the next bounding box was predicted by analyzing 

previous bounding box coordinates and predicting the subsequent position in the next frame. 

This involved introducing two functions to the main processing Python script to predict the next 

bounding box and calculate the bounding box percentage overlap between frames. 
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To predict the next bounding box, given a subset of previous bounding box coordinates 

for a video, the centre positions, widths and heights were extracted. Next, polynomial fitting was 

implemented to model the trend of centre positions, widths and heights. The trend line equation 

was then applied to estimate the coordinates of the next bounding box, ensuring it fit within the 

video frame boundaries. Once the next bounding box was predicted, the percentage overlap 

could be calculated. The polyfit function from the NumPy polyval library was used to implement 

this technique [104].  

To calculate the bounding box percentage overlap, first the area of the predicted bounding 

box was computed using Equation 4.1.  

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑏𝑜𝑥 𝑎𝑟𝑒𝑎

= 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑏𝑜𝑥 𝑤𝑖𝑑𝑡ℎ × 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑏𝑜𝑥 ℎ𝑒𝑖𝑔ℎ𝑡 

 

(Eq. 4.1) 

Next, the intersection of the predicted bounding box and the current bounding box was found. 

This included the x and y coordinates, as well as the width and height of the intersection. The 

area of the intersection was then calculated using Equation 4.2. 

𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎

= max(0, 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑤𝑖𝑑𝑡ℎ)  × max(0, 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 ℎ𝑒𝑖𝑔ℎ𝑡) 

 

(Eq. 4.2) 

Finally, the percentage overlap of the two bounding boxes was calculated using Equation 4.3:  

𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑣𝑒𝑟𝑙𝑎𝑝 =  
𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑏𝑜𝑥 𝑎𝑟𝑒𝑎
 

(Eq. 4.3) 

By predicting the next bounding box and calculating the percentage overlap between the 

predicted and current bounding box, a quantitative metric was introduced to select the best 

bounding box for the participant in an automated fashion. For a given frame, the bounding box 

with the highest percentage overlap value was used to guide the GMP object detections. This 

limited instances where bounding boxes would erroneously shift focus to a background object 

instead of focusing on the participant. 
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4.3.3.2 Overriding Object Detection Manually 

To further refine the object detection performance, a “bounding box override” capability 

was introduced in the Python script, allowing the bounding box to be manually drawn. When 

navigating frame-by-frame using the main processing script, the “A” key was pressed for frames 

with incorrect bounding box detections. Using OpenCV tooling, the correct bounding box was 

manually drawn on the frame [105]. Manually drawn bounding boxes replaced erroneous 

detections, and an “overridden flag” was added to the appropriate SQLite table to track frames 

where manual overrides were necessary. For more details on the bounding box manual override 

tool, refer to Appendix F. The combination of manual override functionality and programmatic 

bounding box smoothing notably enhanced the GMP object detection performance, as 

determined by visual assessment. At the end of the object detection step, bounding boxes for 

each video frame for all participants and the overridden flag, where applicable, were available in 

the SQLite database. 

4.3.4 Pose Landmark Detection 

The primary processing Python script utilized the participant bounding box coordinates 

extracted through the object detection approach described in Section 4.3.3. These coordinates 

were read from the SQLite database, and input into the GMP pose landmark detection model to 

generate pose landmark coordinates for each participant. For all 33 landmarks in the GMP pose 

model, two sets of pose coordinates were obtained for each video frame: 2D-pixel coordinates 

and 3D-GMP world coordinates [72]. Landmarks for both coordinate types were saved in the 

SQLite database. Visual assessments of GMP pose detection performance, conducted using the 

primary Python script, which overlaid the pose detection results in pixel coordinates on the 

videos and enabled frame-by-frame navigation, revealed opportunities for pose detection 

improvements. Consequently, further refinements were necessary, including skipping video 

frames with poor detections, and applying gap filling and smoothing between video frames, 

which are detailed in the following subsections.  

4.3.4.1 Skipping Frames 

 In some video frames, the GMP pose landmark detections were incorrect. For example, 

the landmarks were all clustered closely together, or the lower limbs were detected as bent when 
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the subject’s knees could be visually observed as straight. To address this, the main processing 

script was updated to allow poor-quality frames to be skipped, ensuring they would not 

negatively impact downstream processing or the quality of the triple jump performance metric 

results. During the frame-by-frame navigation enabled by the main Python processing script, the 

“X” key was pressed to indicate a “bad” frame. No data for these frames were stored in the 

SQLite database at this stage. Instead, missing frame data was addressed during the gap filling 

and landmark smoothing process.  

4.3.4.2 Gap Filling and Landmark Smoothing 

To mitigate the impact of missing landmark data on subsequent analyses, a Python script 

was developed to fill in and smooth missing pose data in both GMP pixel coordinates and 3D 

world coordinates space. After identifying frames with missing data, interpolation functions from 

SciPy estimated pose landmark values using pose data from adjacent frames. Specifically, the 

CubicSpline class from the SciPy interpolate library was used to smooth pose data [106]. This 

class fits piecewise cubic polynomials to the data, ensuring smooth transitions at the boundaries 

between polynomials [106]. Each segment of the spline is defined by Equation 4.4: 

𝑆𝑖(𝑥) = 𝑎𝑖 + 𝑏𝑖(𝑥 − 𝑥𝑖) + 𝑐𝑖(𝑥 − 𝑥𝑖)
2 + 𝑑𝑖(𝑥 − 𝑥𝑖)

3 
(Eq. 4.4) 

where 𝑆𝑖(𝑥) represents the spline function in the interval [𝑥𝑖, 𝑥𝑖+1], and 𝑎𝑖, 𝑏𝑖, 𝑐𝑖, 𝑑𝑖 are 

coefficients determined from the data.  𝑥𝑖 and 𝑥𝑖+1 are the x-coordinates of the data points that 

define the current interval of the spline.  

 Cubic spline interpolation was sufficient for small gaps in pose estimation. However, 

interpolating large gaps (more than four missing adjacent frames) provided unacceptable results, 

as determined by visual observation. In these scenarios, the data were discarded. To reduce 

missing data, GMP pose landmark detection must be improved (discussed in Section 7: Future 

Work). 

The entire GMP object detection and pose landmark detection process with custom 

enhancements (Sections 4.3.3 and 4.3.4) is illustrated in Figure 4.3 below. 
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Figure 4.3: Flow diagram of data processing steps to obtain pose estimations: Google MediaPipe (GMP) 

objection detection, bounding box smoothing and optional manual override, GMP pose landmark 

detection, skipping frames, and saving the results to an SQLite database. Smoothing and gap filling was 

applied to the GMP pose data as a post-processing step. 

4.3.5 Centre of Mass Estimation 

 The participant COM was required for velocity performance metric calculations, 

described in Section 4.4.3, and therefore was calculated in the main Python processing script for 

each frame. Estimates of relative body segment mass according to Dempster’s anthropometric 

table were used to estimate COM [107]. GMP pose landmarks were mapped to segments in 

Dempster’s table as accurately as possible, acknowledging that they are approximations. The 

segment mapping details are documented in Appendix G.  

The COM equations below (Eq. 4.5 – 4.7), described as the COM of a multisegment 

system in Winter’s Biomechanics and Motor Control of Human Movement book [107], were 

used for the calculation. The COM of the system has coordinates (𝑥0, 𝑦0), where each coordinate 

needs to be calculated separately [107]. In the equation, 𝑀 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑡𝑜𝑡𝑎𝑙 𝑚𝑎𝑠𝑠, 𝑚 denotes 

segment mass, 𝑥 defines the x-coordinate of the segment, and 𝑦 defines the y-coordinate of the 

segment. 
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𝑀 = 𝑚1 + 𝑚2 + ⋯+ 𝑚𝑛 
(Eq. 4.5) 

𝑥0 =
𝑚1𝑥1 + 𝑚2𝑥2 + 𝑚3𝑥3

𝑀
 

(Eq. 4.6) 

𝑦0 =
𝑚1𝑦1 + 𝑚2𝑦2 + 𝑚3𝑦3

𝑀
 

(Eq. 4.7) 

Note: Equations from [107], and 𝑛 represents the number of segments. 

A Python script was developed to compute the participant COM at every frame since it is 

“continuously changing with time… and is, therefore, necessary to recalculate it after each 

interval of time [107].” This was achieved by implementing Equations 4.5 – 4.7 above, where the 

masses were obtained from Dempster’s anthropometric table [107], and the positions from GMP 

3D world coordinates. The resulting COMs were saved in the SQLite database to facilitate use in 

downstream calculations. 

4.3.6 2D Track Templates 

The hand-drawn diagrams described in Section 4.2.2 were used to generate facility 

models, referred to as 2D track templates. Measurements of the facility jump area were translated 

into a series of points with corresponding x and y coordinates to map the area onto a 2D plane. 

For each facility, each point was assigned a point ID, and the x and y coordinates were stored in 

an Excel spreadsheet, which was subsequently loaded into the SQLite database. The edge of the 

sandpit nearest to the iPhone during data collection was designated as the origin point (assigned 

point ID 0) for each facility, with all other points referenced relative to this origin.  

To verify that the 2D track templates reasonably represented the facility jump areas, the 

coordinates were plotted using a Python script which leveraged matplotlib.pyplot [108] for 

visualization. The Gryphon Fieldhouse hand-drawn diagram, and an example of the 

corresponding points labeled in a video frame are shown in Figure 4.4. The hand-drawn 

diagrams and corresponding plots generated using Python representing the 2D track templates 

for all facilities are provided in Appendix H. 
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Figure 4.4: The hand-drawn 2D track template for Guelph (left) and the corresponding points labeled on a video 

frame (right) at the Gryphon Fieldhouse in Guelph, Ontario. 

The 2D track template approach was inspired by the LensCalibrator GitHub project, 

which used coordinate systems to represent images as part of a process to perform camera 

calibration [109]. The approach also aligned with Bjering’s use of “ice rink models” to compute 

homography matrices from hockey broadcast footage [28]. The term 2D track templates was 

coined in reference to similar methodologies used by Bjering and Walters et al. in their 

publications involving applications of homography in sports [28], [88].  

4.3.7 Ground Contact Labelling 

4.3.7.1 Participant-Related Labels 

Independent from the main processing script described in Section 4.3.3, ground truth 

labels were required to discern frames when a participant’s foot or feet are planted on the ground 

to facilitate subsequent homography calculations. As previously discussed, the proposed 

approach is only applicable to ground contact frames. Using the main Python processing script, 

the frame-by-frame navigation display was used to manually collect ground contact information 

into an Excel spreadsheet for each participant attempt. This information, summarized in Table 

4.2, included: frame number (only frame numbers of ground contacts were recorded), foot, 

contact type, phase, switch, and foul. The switch label denoted instances where GMP pose 

detection erroneously swapped the sides of landmarks, resulting in left landmarks being 

positioned on the right side and vice versa. Manual identification of these errors from visual 

assessment was facilitated by the use of distinct colours to represent left and right landmarks. 

These switching errors are further discussed in future sections (Section 6.2: Limitations and 

Section 7: Future Work). The foul label was included to enable downstream distance-based 
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metrics to be computed. All manual labels were performed by the researcher and were loaded 

from the Excel spreadsheets into the SQLite database using a Python Script. 

Table 4.2: Description of participant-related manual labels for video frames where the participant’s foot or feet are in 

contact with the ground. 

Attribute Definition Possible Values 

Foot Indicates the foot on the ground. 

• L (Left) 

• R (Right) 

• B (Both) 

Contact 

Type 

Indicates the position of the foot on the 

ground. 

• Heel 

• Toe 

• Full 

Phase Indicates the phase of the triple jump. 

• 1 – Approach Run 

• 2 – Hop (First phase of the triple jump) 

• 3 – Step (Second phase of the triple jump) 

• 4 – Jump (Third phase of the triple jump) 

• 5 – Landing  

Switch 

Indicates whether GMP pose landmarks 

were identified at all, and/or whether the 

participants’ left and right sides were 

identified correctly. 

• 0 – No switch 

• 1 – Switch 

• N/A – Pose landmarks not detected 

Foul 
Indicates whether the athlete fouled their 

jump or not. 

• 0 – No foul 

• 1 – Foul 

4.3.7.2 Facility-Related Labels 

Additional ground contact labels were required for the facilities, denoted key point labels. 

Key point labels represented the corresponding points in the 2D track templates and video frames 

in pixel coordinates. Inspired by the annotation tool developed in Python by Walters et al. [88], a 

custom Python script was developed to facilitate manual key point labelling in video frames, 

largely relying on OpenCV capabilities [105]. Since the proposed homography approach was 

only suitable for ground contacts, key point labels were done only for frames manually identified 

as a ground contact from the step described in Section 4.3.7.1. 

The key point labelling Python script allowed the participant ID and attempt number to 

be specified via command-line arguments and opened the corresponding video in an OpenCV 

window to facilitate labelling [105]. The tool permitted backward and forward navigation 

between ground contact frames using the right and left arrow keys. The up and down arrow keys 

enabled the selection of an integer value, representing a point ID, in the appropriate 2D track 
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template. Functionality was included to permit clearing and redoing labels for a given frame, as 

well as the ability to quit the program without saving any labels. During labelling, the 2D track 

template was opened next to the OpenCV window for reference. Once the desired point ID was 

selected using the arrow keys, the corresponding point on the video frame was indicated using 

the left mouse click. Approximately six to eight points per ground contact frame were chosen to 

ensure a buffer beyond the four-point minimum required for homography transformations [28] 

[86], [87]. Key point labels were saved to the SQLite database. All key point labels were 

completed manually by the researcher and a student research assistant. Additional details on the 

key point labelling script, including a detailed user guide, are available in Appendix I. 

4.3.8 Homography Transformation 

4.3.8.1 Determine Contact Foot Position 

The goal of the homography transformation was to transform points from the 3D GMP 

world coordinate system, with an origin at the participant’s hip centre, to the 3D real-world 

coordinate system. This was accomplished through the development of a Python script. The 2D 

track templates and manual key point labels for ground contact frames were used as input to 

calculate the homography matrix. This was achieved using the OpenCV Python function 

findHomography(), which “finds a perspective transformation between two planes [90].” Next, 

the homography matrix was applied to the GMP pose 3D world coordinates of the ground 

contact foot (landmarks 29, 31 for the left foot, and 30, 32 for the right foot) to produce the 2D 

foot position in coordinates relative to the 2D track template origin using the OpenCV Python 

function perspectiveTransform() [89]. Since all analyzed frames were ground contacts, an 

implicit z-value of zero could be assumed, allowing the estimation of the 3D foot position in 

real-world space on the plane where the z-value is zero. The foot was selected as the anchor 

point for homography because it was the only body segment in contact with the known 2D plane 

between the 2D track templates and the manual key point labels. The validity of the 3D foot 

position was evaluated through visual inspection by plotting the foot position and corresponding 

distances using matplotlib.pyplot [108]. By comparing these plots with the video footage, it was 

clear that the estimated foot positions were reasonably accurate. For example, a participant using 

the 7-metre take-off board for their triple jump had a foot position close to 7-metres at the instant 

of hop take-off, as expected. 
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Determining the 3D foot position in real-world space using homography enabled the 

calculation of distance-based triple jump metrics. While the foot position served as the anchor 

point, mapping the remaining GMP pose landmarks to real-world space was essential for 

calculating other performance metrics. Note that although all landmarks were saved in the 

SQLite database, those representing the face (landmarks 0-10) were excluded from the analyses 

as they were not relevant for performance metric calculations. 

4.3.8.2 Transform Landmarks Using Contact Foot as Anchor 

Using the 3D real-world foot position as an anchor point, the translation, rotation, and 

scale factor were estimated to construct the transformation matrix necessary for mapping the 

remaining GMP pose 3D world landmarks to 3D real-world coordinates [110], [111]. An “initial 

guess” of each component of the transformation matrix was required. The 3D real-world 

coordinates of the foot midpoints were used as anchor points to derive the translation. For the 

rotation component, 3D GMP pose world coordinates and 3D real-world foot coordinates were 

converted into direction vectors within their respective coordinate systems. The axis of rotation 

between these vectors was computed, serving as the “initial guess” for the rotation between the 

two coordinate systems. Lastly, the scale factor “initial guess” was set to one as the GMP pose 

foot data proved unreliable for scaling, resulting in unrealistic participant sizes. The 

transformation matrix was represented using homogeneous coordinates to consolidate the 

transformation into a single matrix multiplication, an approach selected for its computational 

convenience [111]. 

The transformation matrix based on the “initial guesses” was used as a starting point to 

determine the remaining GMP pose landmarks in 3D real-world space. While using the contact 

foot as an anchor point allowed for proper alignment of rotation and direction, it failed to 

account for an additional degree of freedom. This could produce scenarios where, for example, 

the computed real-world coordinates were upside down. To resolve this issue, an optimization 

approach was introduced to refine the transformation matrix estimate.  

4.3.8.3 Optimize Landmark Transformation 

After generating an “initial guess” for the transformation matrix, an optimization function 

was configured, which required a quantitative metric to guide improvements. Reprojection error 
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was selected as the metric to be minimized. Reprojection involves mapping 3D real-world 

coordinates onto a 2D image plane by incorporating information about the physical camera 

(camera matrix, lens distortions, position in space, and angle), and computing where the 3D 

points in real-world space would appear in a virtual image in pixel coordinates [27]. These pixel 

coordinates were then compared to the GMP pose pixel coordinates to obtain the reprojection 

error. Specifically, the reprojection error for each point was computed as the Euclidean distance 

between the pixel coordinates detected by GMP (𝑥𝑚, 𝑦𝑚), where 𝑥𝑚 and 𝑦𝑚 denote the x and y 

pixel coordinates of a pose landmark as determined by GMP pose detection results. The 

reprojected pixel coordinates after the homography transformation were defined by (𝑥𝑟 , 𝑦𝑟), 

where 𝑥𝑟 and 𝑦𝑟 indicate the x and y pixel coordinates of a pose landmark after applying the 

homography transformation to GMP pose world landmarks and reprojecting the results back to 

pixel coordinate space. This computation was facilitated by reading the appropriate values from 

the SQLite database. The reprojection error equation is shown in Equation 4.8. 

𝑟𝑒𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟 =  √(𝑥𝑚 − 𝑥𝑟)2 + (𝑦𝑚 − 𝑦𝑟)2 
(Eq. 4.8) 

The problem was formulated as an objective function that aimed to minimize the reprojection 

error by optimizing the rotation and scale components of the transformation matrix, while 

translation remained fixed.  

The camera matrix and lens distortion values were required to compute the reprojection 

error and were calculated by performing camera calibration. Performing camera calibration 

involved estimating the parameters of a camera model to approximate the physical camera and 

was an essential step to ensure accurate homography estimations [112]. To calculate the camera 

parameters, the OpenCV Python tutorial for camera calibration was adapted [113]. First, an 

image of a checkerboard of known dimensions was printed on a sheet of paper and filmed from 

different angles with the same iPhone 12 and video settings used in data collection. Next, a 

Python script was developed to compute the camera matrix and lens distortions and save the 

outputs in NumPy’s NPY format, a “simple format for saving numpy arrays to disk with the full 

information about them [114].” These files were saved as blobs in the SQLite database. The 

camera matrix and lens distortion values were read from the table in the main homography script. 
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The optimization function was implemented using the SciPy minimize function from the 

optimize library [115]. After trial and error done by visual observation, the Constrained 

Optimization by Linear Approximation (COBYLA) algorithm was selected as the type of solver 

to be used by the SciPy minimize function [115]. After the minimization function ran, an 

optimized transformation matrix resulted. This transformation matrix was then used to transform 

the remaining GMP 3D world coordinates into 3D real-world space, enabling the downstream 

calculation of triple jump performance metrics. The homography transformations were validated 

using visual observation and reprojection error. Visual observation was facilitated using the 

visualization tool presented in Appendix B. It enabled visualization of the pose landmarks after 

the optimized homography transformation using frame-by-frame navigation, for ground contact 

frames. Figure 4.5 depicts the homography transformation process required to obtain the 3D foot 

position, and the subsequent steps for transforming additional GMP pose landmarks into 3D real-

world space. 

 

Figure 4.5: Homography transformation process diagram. The abbreviations GMP (Google MediaPipe) and RW 

(real-world) are used in the figure. 
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4.4 Performance Metrics Calculations 

The computed performance metrics were split into three categories, as shown in Table 4.3 

below. Performance metrics were calculated for each participant for each of their valid jumps. 

The selected performance metrics were largely influenced by those included in the 2017 and 

2018 IAAF World Athletics Championships triple jump reports [6], [7], [8], [9]. A select number 

of these metrics were used based on data quality and feasibility.  

Table 4.3: Summary of triple jump performance metrics by category. 

Performance 

Metrics Category 
Description of Category Included Metrics 

A: 

Video-based 

Metrics requiring video data 

and participant-related manual 

labels 

• Flight time for each phase (seconds) 

• Ground contact time for each phase (seconds) 

B: 

MediaPipe-based 

Metrics requiring the items in 

“A,” as well as MediaPipe 

pose landmarks after 

performing smoothing 

• Minimum knee angles at take-off for each 

phase (degrees) 

C: 

Homography-based 

Metrics requiring the items in 

“A” and “B,” as well as 

measured distances, and 

manual key point labels (2D 

track templates required) 

• Hop, step, and jump phase distances (metres) 

• Phase ratios (percentage) 

• Last step length (metres) 

• Take-off loss or foul distance (metres) 

• Effective distance (metres) 

• Horizontal COM velocity at take-off for each 

phase (metres/second) 

• Vertical COM velocity at take-off for each 

phase (metres/second) 

• Change in vertical and horizontal COM 

velocity between phases (metres/second) 

The categories were selected based on the inputs required after the data analysis, as described in 

Table 4.3 and visualized in Figure 4.6. 

 

Figure 4.6: Diagram of methodology overview for data processing and performance metric calculations. The 

abbreviations GMP (Google MediaPipe) and COM (centre of mass) are used in the figure. 
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4.4.1 Category A Performance Metrics: Video-based 

Ground contact time and flight time for each phase, measured in seconds, were computed 

from the participant-related labels previously described in Section 4.3.7.1 and Table 4.2. Ground 

contact time was measured by counting the number of frames labelled as a ground contact time 

for each phase and dividing by the frame rate. Therefore, for a given phase, 𝑝, the ground contact 

time in seconds was calculated by determining the ground contact frames (Equation 4.9) and 

using the video frame rate to convert to the result to seconds (Equation 4.10). 

𝑔𝑟𝑜𝑢𝑛𝑑 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑓𝑟𝑎𝑚𝑒𝑠𝑝 = 𝑙𝑎𝑠𝑡 𝑓𝑟𝑎𝑚𝑒𝑝 − 𝑓𝑖𝑟𝑠𝑡 𝑓𝑟𝑎𝑚𝑒𝑝 + 1 
(Eq. 4.9) 

𝑔𝑟𝑜𝑢𝑛𝑑 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑖𝑚𝑒𝑝 = 
𝑔𝑟𝑜𝑢𝑛𝑑 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑓𝑟𝑎𝑚𝑒𝑠𝑝

𝑣𝑖𝑑𝑒𝑜 𝑓𝑟𝑎𝑚𝑒 𝑟𝑎𝑡𝑒
 

(Eq. 4.10) 

where 𝑓𝑖𝑟𝑠𝑡 𝑓𝑟𝑎𝑚𝑒𝑝 is the first frame of phase 𝑝, 𝑙𝑎𝑠𝑡 𝑓𝑟𝑎𝑚𝑒𝑝 is the last frame of phase 𝑝. 

Similarly, flight time for each phase was calculated by counting the number of frames between 

ground contacts for each phase and dividing by the frame rate. For a given phase, 𝑝, the flight 

time was computed using Equations 4.11 and 4.12. 

𝑓𝑙𝑖𝑔ℎ𝑡 𝑡𝑖𝑚𝑒 𝑓𝑟𝑎𝑚𝑒𝑠𝑝 = 𝑓𝑖𝑟𝑠𝑡 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑝+1 − 𝑙𝑎𝑠𝑡 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑝 − 1 
(Eq. 4.11) 

𝑓𝑙𝑖𝑔ℎ𝑡 𝑡𝑖𝑚𝑒𝑝 =
𝑓𝑙𝑖𝑔ℎ𝑡 𝑡𝑖𝑚𝑒 𝑓𝑟𝑎𝑚𝑒𝑠𝑝

𝑣𝑖𝑑𝑒𝑜 𝑓𝑟𝑎𝑚𝑒 𝑟𝑎𝑡𝑒
 

(Eq. 4.12) 

Where 𝑙𝑎𝑠𝑡 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑝 is the last occurrence of phase 𝑝, and 𝑓𝑖𝑟𝑠𝑡 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑝+1 is the first 

occurrence of the next phase 𝑝 + 1. 

4.4.2 Category B Performance Metrics: MediaPipe-based  

The minimum knee angle of the contact limb for each phase was estimated using GMP 

pose 3D world landmarks for the right knee (landmarks 24, 26, 28) or the left knee (landmarks 

23, 25, 27), depending on the contact limb. A Python function was developed to accept x, y, z 

coordinates for any three landmarks. The final equation for computing an angle from GMP pose 

world landmarks is shown in Equation 4.13 [116]. A step-by-step guide for the function inputs, 

intermediate steps, and final equation is included in Appendix J, and was adapted from [116]. 
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𝑘𝑛𝑒𝑒 𝑎𝑛𝑔𝑙𝑒 = 𝑎𝑟𝑐𝑐𝑜𝑠 (
(𝑥1 − 𝑥2)(𝑥3 − 𝑥2) + (𝑦1 − 𝑦2)(𝑦3 − 𝑦2) + (𝑧1 − 𝑧2)(𝑧3 − 𝑧2)

√(𝑥1 − 𝑥2)
2 + (𝑦1 − 𝑦2)

2 + (𝑧1 − 𝑧2)
2  ∙  √(𝑥3 − 𝑥2)

2 + (𝑦3 − 𝑦2)
2 + (𝑧3 − 𝑧2)

2
) × (

180

𝜋
) (Eq. 4.13) 

 For each video containing a valid jump, the knee angle in degrees was computed for each 

contact frame and phase. From the computed angles, the minimum value for the appropriate limb 

for each phase was selected as the minimum knee angle. 

4.4.3 Category C Performance Metrics: Homography-based 

All performance metrics in Category C used the 3D real-world foot landmark coordinates 

obtained from the homography transformation step described in the first part of Section 4.3.7. 

The foot landmark allowed distance metrics to be calculated, but this landmark alone was 

insufficient to compute velocity-based metrics, necessitating the optimization step described to 

determine the rotation and scale factor, allowing the computation of the remaining landmarks 

and COM in real-world space. 

For homography-based metrics, a Python function was developed that accepted foot 

landmarks of the contact foot – landmarks (32, 30) for the right foot, and (29, 31) for the left foot 

– for each valid attempt. From these landmarks, only the toe x-position was used (32 for the right 

toe, and 31 for the left toe). The Python function also accepted the distance measured manually 

during data collection, the take-off board distance, and whether the jump was a foul as inputs; 

these values were all read from the SQLite database. As previously mentioned, all valid jumps 

were included, regardless of whether a foul occurred. Equations 4.14 – 4.21 present the formulas 

for last step length, phase distances, phase ratios, take-off loss or fault distance, and effective 

distance. 

Last step length: 

𝑙𝑎𝑠𝑡 𝑠𝑡𝑒𝑝 𝑙𝑒𝑛𝑔𝑡ℎ = | 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥1 − 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥0| 
(Eq. 4.14) 

where 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥0 is the x-coordinate of contact toe at the last step of the approach run, and 

𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥1 represents the x-coordinate of contact toe at the hop take-off. 
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Take-off loss or foul distance: 

𝑡𝑎𝑘𝑒-𝑜𝑓𝑓 𝑙𝑜𝑠𝑠 𝑜𝑟 𝑓𝑜𝑢𝑙 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

=  |𝑡𝑎𝑘𝑒-𝑜𝑓𝑓 𝑏𝑜𝑎𝑟𝑑 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 − 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑡𝑜𝑒𝑥1
| 

(Eq. 4.15) 

where the take-off board and foul information is obtained from data collection information. 

Effective distance: 

If the jump was not a foul, the effective distance is: 

𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =  |𝑜𝑓𝑓𝑖𝑐𝑖𝑎𝑙 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝑡𝑎𝑘𝑒-𝑜𝑓𝑓 𝑙𝑜𝑠𝑠| 
(Eq. 4.16) 

If the jump was a foul, the effective distance is: 

𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =  |𝑜𝑓𝑓𝑖𝑐𝑖𝑎𝑙 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 − 𝑓𝑎𝑢𝑙𝑡 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒| 
(Eq. 4.17) 

Hop distance: 

ℎ𝑜𝑝 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = | 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥2 − 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥1| 
(Eq. 4.18) 

where 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥2 is the x-coordinate of contact toe at the end of the hop phase and the 

beginning of the step phase. 

Step distance: 

𝑠𝑡𝑒𝑝 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = | 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥3 − 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥2| 
(Eq. 4.19) 

where 𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑡𝑜𝑒𝑥3 is the x-coordinate of the contact toe at the end of the step phase, and the 

beginning of the jump phase 

Jump distance: 

𝑗𝑢𝑚𝑝 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 − ℎ𝑜𝑝 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 − 𝑠𝑡𝑒𝑝 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 
(Eq. 4.20) 

Real-world coordinates for the jump phase landing were not used because the sand pit introduced 

additional complexity, resulting in poor pose landmarks estimated by GMP pose. Calculations 
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using incorrect pose landmarks would not produce useful metrics; therefore, the effective 

distance was deemed to be more suitable for computing the jump distance. 

Phase ratios: 

𝑝ℎ𝑎𝑠𝑒 𝑟𝑎𝑡𝑖𝑜𝑝 = 
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑝

𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
 

(Eq. 4.21) 

where 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑝 is the phase distance, with the possible phase values of hop, step, or jump 

Horizontal and vertical COM velocity: The velocities were calculated by considering the last 

full foot ground contacts before each jump phase take-off. Limitations of this approach are 

discussed in Section 6: Discussion and Section 7: Future Work. To compute the velocities, 

differences in the COM coordinates in 3D real-world space between the final consecutive full 

ground contact frames for each phase were considered (Equations 4.22 and 4.23). The COM data 

for each frame had been previously calculated and saved in the SQLite database, as described in 

Section 4.3.5. 

∆ 𝐶𝑂𝑀𝑥 = 𝐶𝑂𝑀𝑥(𝑖) − 𝐶𝑂𝑀𝑥(𝑖 − 1) (Eq. 4.22) 

∆ 𝐶𝑂𝑀𝑧 = 𝐶𝑂𝑀𝑧(𝑖) − 𝐶𝑂𝑀𝑧(𝑖 − 1) 
(Eq. 4.23) 

∆ 𝐶𝑂𝑀𝑥 and ∆ 𝐶𝑂𝑀𝑧 represent the difference in the COM’s x (horizontal), and z (vertical) 

coordinates between the last consecutive full ground contact frames. These differences were 

calculated for each phase. Next, the difference in frame numbers between the ground contact 

frames was calculated using Equation 4.24, and subsequently, the difference in time was 

computed by dividing by the frame rate, as shown in Equation 4.25. 

∆ 𝑓𝑟𝑎𝑚𝑒 𝑛𝑢𝑚𝑏𝑒𝑟𝑠 = 𝑓𝑟𝑎𝑚𝑒 𝑛𝑢𝑚𝑏𝑒𝑟(𝑖) −  𝑓𝑟𝑎𝑚𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 (𝑖 − 1) 
(Eq. 4.24) 

∆ 𝑡 =
∆ 𝑓𝑟𝑎𝑚𝑒 𝑛𝑢𝑚𝑏𝑒𝑟𝑠

𝑓𝑟𝑎𝑚𝑒 𝑟𝑎𝑡𝑒
 

(Eq. 4.25) 

Where ∆ 𝑓𝑟𝑎𝑚𝑒 𝑛𝑢𝑚𝑏𝑒𝑟𝑠 represents the difference in frame numbers between consecutive 

frames, ∆𝑡 represents the time difference between consecutive frames, and the frame rate is the 

video frame rate. Finally, the horizontal and vertical COM velocity was estimated using 

Equations 4.26 and 4.27. 
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ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 =  
∆𝐶𝑂𝑀𝑥

∆𝑡
 (Eq. 4.26) 

𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 =  
∆𝐶𝑂𝑀𝑦

∆𝑡
 

(Eq. 4.27) 

Change in horizontal and vertical COM velocity: The change in horizontal and vertical COM 

velocity was calculated between the hop and step phases, and the step and jump phases using 

Equations 4.28 and 4.29. 

∆ ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦ℎ𝑜𝑝-𝑠𝑡𝑒𝑝 = 𝑠𝑡𝑒𝑝 𝐶𝑂𝑀𝑥 − ℎ𝑜𝑝 𝐶𝑂𝑀𝑥 (Eq. 4.28) 

∆ ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑠𝑡𝑒𝑝-𝑗𝑢𝑚𝑝 = 𝑗𝑢𝑚𝑝 𝐶𝑂𝑀𝑥 − 𝑠𝑡𝑒𝑝 𝐶𝑂𝑀𝑥 
(Eq. 4.29) 

Where ∆ ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦ℎ𝑜𝑝-𝑠𝑡𝑒𝑝 represents the change in horizontal velocity between 

the hop and step phases, and ∆ ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑠𝑡𝑒𝑝-𝑗𝑢𝑚𝑝 represents the change in 

horizontal velocity between the step and jump phases.  

∆ 𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦ℎ𝑜𝑝-𝑠𝑡𝑒𝑝 = 𝑠𝑡𝑒𝑝 𝐶𝑂𝑀𝑧 − ℎ𝑜𝑝 𝐶𝑂𝑀𝑧 (Eq. 4.30) 

∆ 𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑠𝑡𝑒𝑝-𝑗𝑢𝑚𝑝 = 𝑗𝑢𝑚𝑝 𝐶𝑂𝑀𝑧 − 𝑠𝑡𝑒𝑝 𝐶𝑂𝑀𝑧 
(Eq. 4.31) 

Where ∆ 𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦ℎ𝑜𝑝-𝑠𝑡𝑒𝑝 represents the change in vertical velocity between the 

hop and step phases, and ∆ 𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑂𝑀 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑠𝑡𝑒𝑝-𝑗𝑢𝑚𝑝 represents the change in vertical 

velocity between the step and jump phases. 

4.4.4 Performance Metrics Summary 

The triple jump performance metrics are summarized in Table 4.4 below.  
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Table 4.4: Summary of triple jump performance metrics, the units they are measured in, and their definitions. 

Performance metrics and definitions adapted from [6], [7], [8], [9]. Units are as follows, metres (m), metres per 

second (m/s), percent (%), change in metres per second (∆ m/s), seconds (s), and degrees (°). 

Performance Metric Units Definition 

Official distance m The official distance measured during data collection. 

Ground contact time s The time spent in contact with the ground during the support 

phases of the hop, step, and jump (calculated for each phase). 

Flight time s The time spent in the air during the flight phase of the hop, 

step, and jump (calculated for each phase). 

Knee angle ° The angle between the thigh and lower leg; considered to be 

180 degrees in standing position. Measured when it reached its 

minimum during ground contact of the hop, step, and jump. 

Last step length m The length of the last approach step before the take-off board. 

Measured from the contact toe to the next contact toe. 

Take-off loss / foul 

distance 

m The distance from the contact toe to the front edge of the take-

off board. Considered as foul distance if the jump is a foul. 

Effective distance m If the jump was not a foul, it is the take-off loss, plus the 

official distance. If the jump was a foul, the foul distance is 

subtracted from the official distance. 

Phase distances m The length of the hop, step, and jump. Distances are measured 

from the contact toe in each phase to the next contact toe. 

Phase ratios % The percentage length of the hop, step, and jump relative to the 

effective distance. 

Horizontal velocity m/s The participant’s horizontal (anteroposterior direction) COM 

velocity in their final ground contacts before the take-off of the 

hop, step, and jump (calculated for each phase). 

Change in horizontal 

velocity 
∆ m/s The difference between the horizontal velocity of the hop and 

step, and of the step and jump. 

Vertical velocity m/s The participant’s vertical COM velocity in their final ground 

contacts before the take-off of the hop, step, and jump 

(calculated for each phase). 

Change in vertical 

velocity 
∆ m/s The difference between the vertical velocity of the hop and 

step, and of the step and jump.  

4.4.5 Participant Skill Levels 

To group participants by skill level, their personal best triple jump distance was used. 

This approach is a relative measure of skill level considering only athletes participating in the 

study. Skill level was grouped by sex and split into thirds, or five athletes per group for males 

and females. The bottom third were considered as novices, the middle third intermediate, and the 

top third advanced. Two participants did not have a personal best as they were new to triple 

jump; they were assigned to the novice skill level category. The personal best ranges defining 

these categories are presented in Table 4.5.  
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Table 4.5: Novice, intermediate, and advanced skill level triple jump distance ranges for male and female 

participants. Categories were defined by athlete personal bests and separated into ranges relative to all participants. 

The n/a value represents participants who had not yet competed in a triple jump competition and, therefore, did not 

have a personal best. 

Sex Novice Range 

(Minimum, Maximum) 

Intermediate Range 

(Minimum, Maximum) 

Advanced Range 

(Minimum, Maximum) 

Female (n/a, 9.83) metres (10.19, 10.85) metres (11.11, 12.06) metres 

Male (n/a, 12.89) metres (12.91, 13.23) metres (13.96, 14.86) metres 

4.5 Statistics 

Statistics were computed for quantitative metrics. For the homography transformation, 

this involved computing the median, 25th percentile, 75th percentile, and 95th percentile 

reprojection error for each facility, as well as the statistics across all locations. The same set of 

reprojection error statistics was computed for both the videos recorded with the PIXEM 2 system 

and those recorded without it. These calculations were facilitated by the SQLite database. Since 

acceptable values for reprojection error could not be found in the literature, this error metric 

instead provided insight into whether there were notable differences between facilities, and 

whether the PIXEM 2 system impacted reprojection error. 

Triple jump performance metric results were aggregated using SQL and Python scripts. 

All performance metric results were grouped by sex and skill level and calculated for each jump 

phase. All performance metrics were summarized in tables, grouped by sex and skill level. The 

mean and standard deviation for each homography-based performance metric were computed for 

each sex and skill level using an SQL script. The same summary tables were employed for 

performance metrics involving COM velocity. Additionally, COM velocity data were displayed 

as line charts to better observe trends and facilitate comparisons among participants of different 

skill levels.  

To mitigate the impact of poor GMP pose detections, unreasonably good performance 

metric values were excluded using the World Athletics report data as a reference point. Outliers 

were identified using Equation 4.32, and the number of excluded values was tracked to assess the 

extent of data removal. 
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𝑜𝑢𝑡𝑙𝑖𝑒𝑟 =  𝑊𝑜𝑟𝑙𝑑 𝐴𝑡ℎ𝑙𝑒𝑡𝑖𝑐𝑠 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑚𝑒𝑡𝑟𝑖𝑐 𝑣𝑎𝑙𝑢𝑒

+ 2 × 𝑊𝑜𝑟𝑙𝑑 𝐴𝑡ℎ𝑙𝑒𝑡𝑖𝑐𝑠 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑡𝑟𝑖𝑐 𝑣𝑎𝑙𝑢𝑒 
(Eq. 4.32) 

 All reported triple jump performance metrics were compared to aggregated data from the 

2017 and 2018 World Athletics triple jump reports [6], [7], [8], [9]. Relevant performance 

metrics from these reports were manually copied to an Excel spreadsheet. Excel functions were 

used to compute the mean and standard deviations for each reported performance metric for both 

males and females. Data were aggregated across all athletes for each sex to obtain a single 

average and standard deviation for each performance metric. For example, the average hop 

length for female athletes was calculated by averaging hop length results from all female jumpers 

in both 2017 and 2018. The same results were considered when computing the associated 

standard deviation. Summarizing the performance metrics from the World Athletics reports was 

critical as it offered a frame of reference for the study participant results. By hypothesizing how 

the study participants might compare to athletes in the World Athletics reports, a frame of 

reference is established, allowing for informed assumptions about the results. 
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Chapter 5: Results 

5.1 Video Processing Results 

In total, 31,456 frames from 154 videos were included in the analysis from the 192 

recordings. The breakdown of the 38 excluded videos is shown in Table 5.1. 

Table 5.1: Reasons for exclusion of videos from analyses, and number of impacted videos per reason. 

Reason for Exclusion Number of Impacted Videos 

Invalid jumps 17 

Pose detection errors 11 

Researcher errors 6 

Unusable footage 4 

Total 38 

Invalid jumps included incomplete jumps and incorrect execution of triple jump phases. Pose 

detection errors involved six videos where GMP pose detection failed to detect any landmarks 

for ground contact frames in each triple jump phase. Further, five videos had erroneous GMP 

pose detections at multiple ground contact frames, preventing the calculation of any performance 

metrics. Importantly, an additional subset of videos could not be used for certain performance 

metrics due to GMP pose detection errors (presented in Section 5.4.1). Table 5.1 only specifies 

videos that were completely unusable due to substantial GMP pose detection errors. Researcher 

errors consisted of failure to manually measure the jump distance in a valid attempt or an error in 

configuring the PIXEM 2 system that led to missing the video capture of a jump attempt. 

Unusable footage refers to videos where non-participants blocked the participant for multiple 

frames despite efforts to avoid these scenarios. The occluded frames prevented GMP pose 

landmark detection from producing pose estimates. One participant had no usable videos due to a 

combination of the aforementioned issues; approximately 80% of the videos collected were used 

in the analyses. 

5.2 MediaPipe Pose Landmarks Validation 

The validation of GMP object detection and pose landmark results was done qualitatively 

for every frame of every video using both the main Python processing script and the 

visualization tool described in Appendix B. Of the 31,456 frames analyzed across all videos, 

6,340 frames, or approximately 20% of all frames, required manual redrawing of bounding 
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boxes. After applying landmark gap filling and smoothing, all frames were assessed qualitatively 

again using the custom visualization script, enabling the GMP pixel and GMP world coordinates 

to be visualized. Figure 5.1 shows the GMP pixel coordinates overlaid on a participant’s video, 

with the participant’s head redacted, while Figure 5.2 displays GMP world coordinates for the 

same frames. The landmarks in Figure 5.1 are intentionally enlarged to preserve the privacy of 

the participant. Both figures present the coordinates for a subset of frames, beginning the: last 

step before take-off, the hop phase take-off, the step phase take-off, and the jump phase take-off. 

Importantly, note that the x and y axes in Figure 5.2 do not change since the GMP world 

coordinates are relative to the participant’s hip centre and provide no ability to discern whether 

the participant is moving forward. 

 
(a) Beginning the last step before take-off 

 
(b) Beginning the hop phase take-off 
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(c) Beginning the step phase take-off 

 
(d) Beginning the jump phase take-off 

Figure 5.1: Google MediaPipe pose 2D pixel coordinates overlaid on a participant video for a subset of ground 

contact frames. Red circles represent right limb landmarks, and blue circles represent left limb landmarks. Plot units 

are in pixels. Landmarks are enlarged and the participant’s head is redacted to preserve participant privacy. 
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(a) Beginning the last step before take-off 

 

(b) Beginning the hop phase take-off 

 
(c) Beginning the step phase take-off 

 
(d) Beginning the jump phase take-off 

Figure 5.2: Google MediaPipe pose 3D world coordinates for a subset of ground contact frames. Red dots represent 

right limb landmarks, and blue dots represent left limb landmarks. Plots are unitless as Google MediaPipe pose does 

not provide any units for their world coordinates. The green dot represents the participant’s estimated centre of mass. 
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5.3 Homography Validation 

5.3.1 Qualitative Homography Validation 

All ground contact frames of participant videos were assessed visually to validate the 

pose landmarks in real-world coordinates following the homography transformation using the 

visualization tool described in Appendix B. This visualization tool enabled the display of 

reprojected landmarks in pixel space overlaid on the original video, and the simultaneous display 

of 3D real-world coordinates after homography transformation. Figure 5.3 presents an example 

of the 3D real-world coordinates plotted at select ground contact frames – beginning the: last 

step before take-off, the hop phase take-off, the step phase take-off, and the jump phase take-off. 

The participant in the figure used the 7-metre take-off board for their triple jump attempt. 

 
(a) Beginning the last step before take-off 

 

 
(b) Beginning the hop phase take-off 

 

 
(c) Beginning the step phase take-off 
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(d) Beginning the jump phase take-off 

 
Figure 5.3: Real-world pose landmark coordinates plotted for validation, showing take-off points for all triple jump 

phases. This participant jumped from the 7-metre board, and 0-metres represents the edge of the sand pit. Red dots 

represent right limb landmarks, and blue dots represent left limb landmarks. The green line indicates the direction of 

travel, and the green dot denotes the participant’s estimated centre of mass. 

5.3.2 Quantitative Homography Validation 

The median reprojection error in pixels following the homography transformation was 

99.9 across all facilities, considering only ground contact frames. The overall 25th percentile was 

60.5, the 75th percentile was 201.3, and the 95th percentile was 4120.1. The reprojection error 

statistics per facility are presented in Table 5.2 to investigate whether there were any notable 

differences between data collection locations. 

Table 5.2: Median, 25th, 75th, and 95th percentile of the reprojection error in pixels from the homography 

transformation per facility, and across all facilities. 

Facility 
Median Reprojection 

Error 
25th Percentile 75th Percentile 95th Percentile 

Terry Fox Athletic 

Facility 
103.0 61.3 179.4 1518.8 

Pavillon d’Education 

Physique et Sport 
181.9 99.0 489.4 9135.2 

Gryphon Fieldhouse 235.2 165.1 310.6 706.9 

Toronto Track and Field 

Centre 
68.3 51.6 111.2 649.9 

All facilities 99.9 60.5 201.3 4120.1 

From Table 5.2, the TTFC location demonstrated the lowest median reprojection error of all 

facilities, followed by TFAF, PEPS, and Gryphon Fieldhouse, in order of increasing error. PEPS 

had the highest 95th percentile reprojection error, suggesting that some frames had very high 

reprojection errors, leading to extreme outliers. This is likely due to a high number of incorrect 

pose detections, which impacted the homography transformation, and therefore the reprojection 

error.  
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 Table 5.3 summarizes the reprojection error statistics for videos recorded with the 

PIXEM 2 automatic tracking system compared to those recorded without it. 

Table 5.3: Median, 25th, 75th, and 95th percentile of the reprojection error in pixels from the homography 

transformation for videos filmed with and without the PIXEM 2 automatic tracking system.  

Equipment Used 
Median Reprojection 

Error 
25th Percentile 75th Percentile 95th Percentile 

PIXEM 2 System 85.6 56.4 196.8 8615.6 

No PIXEM 2 System 120.5 74.5 206.9 1084.8 

The PIXEM 2 system produced lower reprojection errors across all metrics, apart from the 95th 

percentile. This finding may indicate that a small subset of the data had extremely large 

reprojection errors, likely attributable to a high number of incorrect pose detections, as 

previously mentioned. It is important to note that the PIXEM 2 system was used to record videos 

for nineteen participants, whereas videos were manually recorded (no PIXEM 2 system) for 

eleven participants. The imbalance in participants in each category could skew reprojection error 

results. 

5.4 Performance Metrics Results 

5.4.1 Additional Video Exclusions 

Video-based and MediaPipe-based metrics were calculated for all videos. Due to 

limitations of the GMP pose detection (discussed in Section 5.1), homography-based metrics 

could not be calculated for all videos. Poor GMP pose foot detection resulted in inaccurate 

homography transformations, leading to unreasonable values for some performance metrics. 

Table 5.4 presents videos excluded for each homography-based performance metric. 
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Table 5.4: Excluded videos for homography-based performance metrics due to poor Google MediaPipe pose 

detections. The counts may represent the same video that was excluded across multiple performance metrics. 

Performance Metric Number of Excluded 

Videos 

Percentage of Total 

Videos 

Last step length 10 6.5% 

Take-off loss or foul distance 5 3.2% 

Effective distance 6 3.9% 

Phase ratios 10 6.5% 

Hop horizontal COM velocity 25 16.2% 

Step horizontal COM velocity 32 20.8% 

Jump horizontal COM velocity 65 42.2% 

Hop vertical COM velocity 9 5.8% 

Step vertical COM velocity 4 2.6% 

Jump vertical COM velocity 4 2.6% 

 The videos listed in Table 5.4 were programmatically excluded from the aggregations to 

prevent incorrect data from affecting the overall results. This was achieved using the approach 

outlined in Section 4.5: Statistics, where performance metric values exceeding the average plus 

two times the standard deviation of the World Athletics report data were removed. 

5.4.2 Category A Performance Metrics: Video-Based 

Table 5.5 and Table 5.6 present the mean ground contact time per triple jump phase and 

mean flight time per triple jump phase, respectively. The World Athletics metrics are also 

summarized in both tables for comparison purposes. 

Table 5.5: Mean and standard deviation (SD) of ground contact times in seconds for the hop, step, and jump phases, 

grouped by sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Ground Contact Time in Seconds (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 0.15 (0.01) 0.16 (0.00) 0.15 (0.01) 0.13 (0.01) 

 Step 0.20 (0.01) 0.19 (0.02) 0.19 (0.02) 0.16 (0.01) 

 Jump 0.20 (0.02) 0.21 (0.02) 0.18 (0.01) 0.17 (0.02) 

Male Hop 0.15 (0.01) 0.14 (0.01) 0.16 (0.02) 0.12 (0.01) 

 Step 0.19 (0.01) 0.18 (0.01) 0.18 (0.02) 0.16 (0.02) 

 Jump 0.20 (0.01) 0.19 (0.01) 0.20 (0.02) 0.18 (0.02) 
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In the study results, both the female and male participants generally demonstrated longer ground 

contact times compared to the world-class jumpers. Regardless of skill level, the ground contact 

length for participants increased at each jump phase, which reflects trends in the World Athletics 

report data. 

Table 5.6: Mean and standard deviation (SD) of flight times in seconds for the hop, step, and jump phases, grouped 

by sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 

Mean Flight Time in Seconds (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 0.39 (0.05) 0.42 (0.02) 0.42 (0.03) 0.51 (0.03) 

 Step 0.20 (0.09) 0.25 (0.06) 0.30 (0.05) 0.37 (0.04) 

 Jump 0.48 (0.04) 0.48 (0.03) 0.51 (0.04) 0.64 (0.04) 

Male Hop 0.43 (0.04) 0.46 (0.02) 0.44 (0.06) 0.53 (0.04) 

 Step 0.30 (0.02) 0.28 (0.07) 0.38 (0.07) 0.46 (0.06) 

 
Jump 0.56 (0.03) 0.60 (0.04) 0.62 (0.02) 0.69 (0.06) 

Both male and female participants across all skill levels exhibited shorter flight times compared 

to elite triple jumpers. However, like World Athletics athletes, all participants followed the same 

trend, with the jump phase having the longest flight time and the step phase the shortest. 

It is evident that female participants generally had longer ground contact times and 

shorter flight times across all jump phases compared to male participants. This is particularly 

noticeable in jump phase flight time, where male participants demonstrated much longer flight 

times than the female participants. Further, advanced and intermediate male participants 

exhibited longer flight times for the step and flight phases compared to the novice male 

participants. The results are mixed for females, with some novice participants demonstrating 

ground contact and flight times similar to those of advanced participants.  

5.4.3 Category B Performance Metrics: MediaPipe-Based 

The minimum knee angles of the contact limb at each triple jump phase are summarized 

by participant sex and skill level in Table 5.7. The participant results are also compared to the 

World Athletics report data. 
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Table 5.7: Mean and standard deviation (SD) of minimum knee angles in degrees for the hop, step, and jump phases, 

grouped by sex and skill level. The knee angle is defined as the angle between the thigh and lower leg, measured as 

180° in a standing position [6], [7], [8], [9]. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Minimum Knee Angle in Degrees (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 156.1 (30.1) 163.0 (4.8) 157.8 (6.1) 138.6 (8.8) 

 Step 159.8 (9.3) 153.3 (14.4) 161.0 (5.7) 133.6 (7.1) 

 Jump 153.3 (8.2) 165.6 (7.5) 165.4 (5.1) 135.5 (9.0) 

Male Hop 140.4 (29.9) 137.8 (27.2) 144.0 (7.4) 136.3 (8.9) 

 
Step 154.1 (17.5) 153.6 (12.5) 154.1 (2.5) 128.0 (7.4) 

 
Jump 152.8 (16.1) 162.3 (10.0) 159.6 (5.6) 127.9 (7.5) 

The female participants demonstrated larger angles compared to the elite female jumpers, 

indicating greater leg extension at the contact point of each phase. The male study participants 

exhibited similar knee angles in the hop phase, and larger knee angles in the step and jump 

phases compared to the elite male jumpers. Among the study participants, there is no discernible 

pattern in minimum knee angle across different skill levels. 

5.4.4 Category C Performance Metrics: Homography-Based 

The mean and standard deviation of the last step length in metres are summarized in 

Table 5.8, the take-off loss or foul distance in Table 5.9, measured and effective distance in Table 

5.10, triple jump phase distances in Table 5.11, and phase ratios in Table 5.12. Results are 

grouped by participant sex and skill level. The relevant distances from World Athletics report 

data are also included in each table for comparison purposes.  

Table 5.8: Mean and standard deviation (SD) of last step length in metres, grouped by sex and skill level. World 

Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Last Step Length in Metres (SD) 

Novice Intermediate Advanced World Athletics 

Female 1.99 (0.29) 2.33 (0.64) 1.98 (0.09) 2.16 (0.12) 

Male 1.83 (0.31) 2.36 (0.71) 2.15 (0.41) 2.27 (0.12) 

The novice and advanced female participants had very similar last step lengths, both of 

which were shorter than those of the intermediate participants. Similarly, the intermediate male 
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participants had the longest mean last step length across skill levels. Advanced male participants 

had larger last step lengths than their novice counterparts, on average. The intermediate female 

participants were closest to the elite female athletes in the World Athletics reports, though the 

latter exhibited longer mean last step lengths. The novice and advanced females demonstrated 

shorter last step lengths than the elite females. Similarly, the intermediate male athletes had a 

longer mean last step length compared to the male athletes in the World athletics data. In 

contrast, the novice and advanced males had shorter last step lengths than the elite males. 

Table 5.9: Mean and standard deviation (SD) of take-off losses and fault distances in metres, grouped by sex, and 

skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Take-off Losses and Foul Distances in Metres (SD) 

Distance Metric Novice Intermediate Advanced World Athletics 

Female Take-off loss 0.38 (0.23) 0.31 (0.12) 0.16 (0.06) 0.08 (0.07) 

 Foul distance 0.39 (0.25) 0.36 (0.24) 0.14 (0.11) n/a 

Male Take-off loss 0.46 (0.62) 0.50 (0.28) 0.51 (0.39) 0.09 (0.08) 

 
Foul distance 0.14 (0.10) 0.44 (0.43) 0.14 (0.10) n/a 

 Novice female participants exhibited the greatest mean take-off losses and fault distances. 

These distances were reduced for intermediate female participants, and even further reduced for 

advanced female participants. A trend in take-off loss and foul distance for male participants 

across each skill level was less apparent. Comparing study participant and World Athletics data 

for mean take-off loss distance is unfair given the World Athletics reports were generated from 

triple jump data collected during a competition. Study participants were instructed to focus on 

completing each triple jump attempt, and not to focus on whether the jumps were fouls, so it is 

expected that take-off loss distances would be greater than those in the World Athletics reports. 

Given there was no disincentive to foul, and the study jumps occurred in a non-competition 

scenario, these values were primarily used to compute accurate effective distances and are 

included for completeness. Foul distances are not available in the World Athletics reports as data 

for fouled jumps were not included. 
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Table 5.10: Mean and standard deviation (SD) of measured distance and mean effective distance in metres, grouped 

by sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Distance Metrics in Metres (SD) 

Distance Metric Novice Intermediate Advanced World Athletics 

Female Measured distance 8.88 (0.73) 9.68 (0.47) 10.26 (0.85) 14.17 (0.34) 

 Effective distance 9.03 (0.59) 9.84 (0.49) 10.27 (0.80) 14.26 (0.33) 

Male Measured distance 11.07 (0.89) 11.96 (0.48) 13.10 (0.59) 16.82 (0.56) 

 
Effective distance 11.34 (1.10) 12.37 (0.47) 12.80 (1.64) 16.90 (0.54) 

 For both sexes, the mean measured and effective distance increased with skill level. The 

male and female jump distance results from the World Athletics reports were both substantially 

further than the study participants. This is expected as the athletes included in these reports are 

among the best in the world and were competing at a track and field World Championships. The 

study participants varied in age and experience and were not competing during data collection, 

which likely influenced their jump distances. 

Table 5.11: Mean and standard deviation (SD) of phase distances in metres for the hop, step, and jump, grouped by 

sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Phase Distances in Metres (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 3.44 (0.61) 3.85 (0.39) 3.75 (0.26) 5.15 (0.22) 

 Step 2.31 (0.73) 2.66 (0.39) 3.01 (0.29) 4.13 (0.25) 

 Jump 3.28 (0.46) 3.22 (0.78) 3.51 (0.36) 4.98 (0.32) 

Male Hop 4.08 (0.47) 4.87 (0.37) 4.95 (0.36) 6.06 (0.22) 

 Step 3.23 (0.42) 3.33 (0.50) 4.17 (0.21) 5.06 (0.37) 

 
Jump 3.88 (0.47) 4.16 (0.45) 4.04 (0.37) 5.80 (0.43) 

 The mean phase distances generally improved with participant skill level. Notably, the 

mean jump phase distance for novice female participants was greater than that of intermediate 

females. However, the larger standard deviation among intermediate females shows that some 

participants in this skill group achieved greater jump phase distances compared to the novice 

group. Similarly, the mean hop phase distance for intermediate female participants was further 

than that of the advanced females. For males, intermediate participants exhibited larger mean 
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distances across all phases compared to novice participants. Moreover, advanced male 

participants had further mean hop and step phase distances compared to intermediate 

participants, but shorter jump phase distances. 

 The phase distances from male and female athletes in the World Athletics reports are 

much greater than those observed by study participants. The elite athletes included in these 

reports jumped greater distances greater than those seen in the study, therefore, these results are 

expected. A more relevant comparison metric is the phase ratios, a relative measure of triple 

jump distance distribution, shown in Table 5.12. 

Table 5.12: Mean and standard deviation (SD) of phase ratios in percentages for the hop, step, and jump phases, 

grouped by sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Phase Ratios Percentages (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 38.3 (7.39) 39.1 (3.10) 36.6 (1.83) 36.1 (1.30) 

 Step 25.4 (6.75) 29.1 (8.75) 29.3 (1.28) 29.0 (1.89) 

 Jump 36.3 (4.06) 32.7 (8.04) 34.1 (1.47) 34.9 (1.76) 

Male Hop 36.3 (4.46) 39.4 (3.23) 37.6 (2.18) 35.8 (1.40) 

 
Step 28.5 (2.27) 26.9 (3.92) 31.7 (1.72) 29.9 (1.90) 

 
Jump 35.2 (4.18) 33.6 (2.97) 30.7 (2.43) 34.2 (2.10) 

Female participants across all skill levels had similar hop phase ratios, with intermediate 

participants having the highest hop ratio. The step phase ratios of female participants were also 

similar between skill levels, with advanced participants slightly edging out intermediate 

participants with a mean ratio of 29.3±1.28%. Novice female participants exhibited the largest 

jump phase ratio and smallest step phase ratio. Notably, advanced females demonstrated the 

lowest standard deviations across all phases, implying higher levels of jump phase distribution 

consistency compared to novice and intermediate participants. For female participants of all skill 

levels, the phase ratios are similar to those produced by the female jumpers included in the World 

Athletics reports for all phases [6], [9]. 

There is similarity in phase ratios between the male study participants and the male 

jumpers included in the World Athletics reports [7], [8]. The hop phase ratio is slightly higher 

amongst male participants compared to the elite male athletes. Moreover, the step phase ratio of 
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novice and intermediate male participants is lower compared to the elite male jumpers, while the 

advanced participants demonstrate a slightly higher ratio for their step phase. This suggests the 

novice and intermediate male participants have relatively weaker step phases compared to the 

male athletes in the World Athletics report data and instead incorporate a larger hop phase in 

their triple jump technique. 

Mean horizontal velocities for each triple jump phase are shown in Table 5.13 and mean 

vertical velocities for each phase are shown in Table 5.14. Both velocity metrics are measured in 

metres per second. The mean horizontal and vertical COM velocities at each phase are also 

visualized in Figures 5.4 – 5.7. Results are grouped by participant sex and skill level. It is 

important to reiterate that within the proposed framework, the horizontal and vertical COM 

velocities were calculated based on full foot ground contacts at each phase, whereas the World 

Athletics reports used the toe-off points during take-offs. Consequently, the reported participants’ 

COM velocities are likely lower than if they were measured at the toe-off point. Nonetheless, 

using the World Athletics results as reference still offers valuable insight into trends for these 

performance metrics. 

Table 5.13: Mean and standard deviation (SD) of horizontal COM velocities in metres per second for the hop, step, 

and jump phases, grouped by sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Horizontal COM Velocities in Metres per Second (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 6.54 (1.02) 6.81 (1.05) 6.64 (1.04) 8.15 (0.31) 

 Step 4.78 (2.49) 5.34 (1.86) 5.86 (1.37) 7.44 (0.28) 

 Jump 4.24 (2.32) 4.30 (2.08) 3.85 (1.85) 6.23 (0.36) 

Male Hop 7.21 (0.871) 7.80 (1.33) 7.14 (1.89) 9.34 (0.32) 

 Step 5.94 (2.02) 6.00 (2.07) 6.89 (1.39) 8.15 (0.44) 

 Jump 5.11 (1.76) 5.42 (1.62) 5.27 (1.51) 6.80 (0.56) 
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Figure 5.4: Horizontal COM velocities in metres per second (m/s) for the hop, step, and jump phases for female 

participants, grouped by skill level. World Athletics data summarized from [6], [9]. 

 

Figure 5.5: Horizontal COM velocities in metres per second (m/s) for the hop, step, and jump phases for male 

participants, grouped by skill level. World Athletics data summarized from [7], [8]. 
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Table 5.14: Mean and standard deviation (SD) of COM vertical velocities in metres per second for the hop, step, and 

jump phases, grouped by sex and skill level. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Mean Vertical COM Velocities in Metres per Second (SD) 

Phase Novice Intermediate Advanced World Athletics 

Female Hop 0.64 (0.66) 1.80 (2.40) 0.78 (0.49) 2.58 (0.21) 

 Step 0.91 (0.56) 1.09 (0.74) 0.40 (0.34) 2.02 (0.25) 

 Jump 0.93 (0.57) 0.83 (0.54) 0.78 (0.54) 2.68 (0.22) 

Male Hop 1.10 (0.901) 1.08 (0.73) 1.01 (0.70) 2.77 (0.27) 

 
Step 1.05 (1.20) 1.08 (0.75) 0.632 (0.54) 2.37 (0.39) 

 
Jump 0.80 (0.64) 1.21 (0.69) 1.09 (0.79) 2.87 (0.46) 

 

Figure 5.6: Vertical COM velocities in metres per second (m/s) for the hop, step, and jump phases for female 

participants, grouped by skill level. World Athletics data summarized from [6], [9]. 
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Figure 5.7: Vertical COM velocities in metres per second (m/s) for the hop, step, and jump phases for male 

participants, grouped by skill level. World Athletics data summarized from [7], [8]. 

From Tables 5.13 and 5.14, as well as Figures 5.4 – 5.7, it is evident that all participants 

exhibited a decrease in horizontal COM velocity trend similar to the World Athletics athletes, 

albeit with lower velocities. Novice participants of both sexes generally had slightly lower 

velocities than those of higher skill levels, with the biggest difference noticeable in the step 

phase. Advanced participants had demonstrably higher horizontal COM velocity during the step 

phase compared to the novice and intermediate participants. For both males and females, the 

World Athletics athletes exhibited a relatively smoother decrease in horizontal COM velocity at 

each phase and maintained higher velocities throughout the entire triple jump compared to the 

study participants.  

While World Athletics athletes exhibited higher vertical COM velocities at each phase, 

the overall trend most closely resembled that demonstrated by the advanced study participants of 

both sexes. This observed trend shows a slight decrease in vertical COM velocity at the step 

phase, and an increase at the jump phase. In contrast, novice females increased their vertical 

COM velocity at the step phase and maintained it into the jump phase, whereas the vertical COM 

velocity decreased at each phase with the intermediate females. For the male participants, the 
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novice participants demonstrated a slightly decreasing vertical COM velocity as they progressed 

through the triple jump phases. The intermediate male participants instead demonstrated a slight 

increase in vertical COM velocity throughout each triple jump phase. 

Following the computation of horizontal and vertical COM velocities at each phase, 

Tables 5.15 and 5.16 present the corresponding changes in these velocities. The World Athletics 

values are again included for reference. 

Table 5.15: Changes in mean horizontal COM velocities in metres per second between the hop and step phases, and 

the step and jump phases. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 
Change in Mean Horizontal COM Velocities in Metres per Second 

Phase Novice Intermediate Advanced World Athletics 

Female Hop-Step -1.76 -1.48 -0.77 -0.71 

 Step-Jump -0.54 -1.04 -2.02 -1.21 

Male Hop-Step -1.28 -1.80 -0.26 -1.19 

 
Step-Jump -0.82 -0.59 -1.62 -1.35 

Table 5.16: Changes in mean vertical COM velocities in metres per second between the hop and step phases, and the 

step and jump phases. World Athletics data summarized from [6], [7], [8], [9]. 

 

Sex 

Change in Mean Vertical COM Velocities in Metres per Second 

Phase Novice Intermediate Advanced World Athletics 

Female Hop-Step 0.28 -0.75 -0.38 -0.56 

 Step-Jump 0.02 -0.26 0.38 0.66 

Male Hop-Step -0.04 -0.001 -0.38 -0.40 

 
Step-Jump -0.25 0.13 0.46 0.50 

All participants demonstrated a decrease in horizontal COM velocity between the hop to 

step phase, and the step to jump phase. Both the male and female advanced participants exhibited 

a larger decrease between the step to jump phase compared to the hop to step phase. This aligns 

with the trend observed in the World Athletics report data. Notably, the novice and intermediate 

participants of both sexes demonstrated smaller decreases in horizontal COM velocity between 

the step to jump phase when compared to the hop to step phase.  
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The intermediate male participants, as well as the advanced male and female participants, 

exhibited a pattern similar to the World Athletics athletes, with a decrease in vertical COM 

velocity from the hop to step phase, followed by an increase from the step to jump phase. 

Conversely, the novice male participants saw a decrease in vertical COM velocity throughout the 

jump phases, while novice female participants showed an increase, both deviating from the trend 

observed in elite athletes. 
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Chapter 6: Discussion 

6.1 Relevance and Interpretation 

6.1.1 Video Processing 

It was expected that not all participants would complete six valid jumps, as this number 

was chosen to simulate a competition scenario while balancing the physical demands of triple 

jump with the athletes’ training programs. The loss of only 17 videos of 192 due to invalid jumps 

– less than 10% of the acquired data – is considered a positive outcome. Additionally, six videos 

were unusable due to researcher-controlled errors, an anticipated and reasonable outcome, 

especially given the manual measuring task involved in the data collection process. Filming 

participants without obstruction proved challenging, as is often the case at track and field 

facilities, where an unobstructed view of an athlete during a jump is not always guaranteed. The 

loss of only four videos due to non-participant obstruction did not create significant issues. 

Furthermore, given the uncertainty of GMP’s performance in varied environments, it was 

expected that some footage would be unusable due to poor pose detections.  Therefore, being 

able to retain approximately 80% of the data, including multiple attempts per participant, 

allowed for comprehensive analyses, and enabled the study objectives to be met. 

6.1.2 Google MediaPipe Pose Landmark Detection 

Analyzing GMP object and pose detection results frame-by-frame for each video using a 

custom Python script allowed for qualitative assessments of GMP, providing insights into the 

effectiveness of the open-source HPE solution. Although subjective, it could be clearly 

determined through visual observation whether GMP object detection identified an accurate 

bounding box for the participant, and whether the GMP pose detections were reasonably 

accurate. For example, it was evident when the GMP landmarks overlaid on the video did not 

match the limb position of the participant or when landmark switching occurred, with right and 

left landmarks being swapped. While accurate bounding box detections greatly improve pose 

detection results, they did not fully eliminate inaccuracies. Conclusive findings cannot be drawn 

from visual assessments alone, but anecdotal evidence was gathered that may inform future 

studies using GMP solutions. 
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The key aspects to consider for improving GMP object and pose detection include 

presence of background items or people, participant clothing contrast to the background scene, 

lighting conditions, and video blur. These factors are significant to performance, given the 

tendency of GMP object detection to misidentify background objects and people as participants 

as seen with items including chairs, boxes, benches, hurdles, and even individuals standing in the 

background. If these items or people overlapped with the participant in the 2D image, it was 

nearly impossible to isolate the participant in a bounding box. Moreover, GMP pose also seemed 

to be more effective when the participant’s clothing strongly contrasted with the background. For 

example, a participant wearing a red shirt and black shorts jumping at a facility with a red track 

exhibited slightly worse GMP pose detection performance compared to a participant dressed in 

black at the same location. In one scenario, a person in the background wearing all black was 

more likely to be identified during the GMP object detection step than the participant in the red 

shirt. As a result, the bounding box had to be manually redrawn before the automatic detection 

correctly tracked the participant. 

Lighting conditions were another factor affecting the accuracy of GMP pose detection 

results. Videos recorded at the indoor TTFC facility in North York had the lowest median 

reprojection error, followed by those recorded at the outdoor TFAF facility in Ottawa. However, 

some video frames from both locations showed poor pose detection results without clear cause. 

Notably, TFAF videos recorded during the day appeared to produce better results than those 

recorded at night, based on subjective assessments. One participant’s videos recorded at night 

were completely unusable as no GMP pose landmarks were detected, perhaps due to the glare 

from the stadium lights. Indoor facilities posed different challenges, with dim lighting across all 

three locations leading to both the best and worst reprojection errors. It is hypothesized that the 

higher volume of videos at TTFC helped mitigate the effects of dim lighting. Moreover, indoor 

facilities provide the benefit of consistent lighting, eliminating variations due to weather or time 

of day. 

The most significant factor believed to impact GMP pose detection quality is the extent to 

which the participant appeared blurry in a given frame, which is likely correlated with lighting 

conditions. For instance, a subjective evaluation showed that a video recorded on a bright, sunny 

day, had fewer blurry frames compared to one recorded at the same facility at night. From the 
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qualitative visual assessments, it appeared that many pose detection errors occurred when the 

participant’s limb was blurred, making it challenging for GMP pose to identify the appropriate 

landmark positions. As smartphone cameras continue to improve, this issue could be mitigated 

by using a more recent model with a higher-quality camera, with further improvements expected 

in the future. 

6.1.3 Homography Transformation 

The accuracy of the homography transformation results was largely influenced by the 

performance of GMP pose detection, particularly the accuracy of foot landmark detection as the 

foot served as the anchor point for the transformation. Based on qualitative visual assessments, it 

was noted that if the GMP pose detection results were reasonably accurate, so was the 

homography transformation. Therefore, to improve the performance of the homography 

transformation, it is recommended that the GMP pose detection performance should first be 

improved, discussed further in Section 7: Future Work. 

It is worth noting that the 2D track template and manual key point labelling approach for 

homography appeared to be effective. Since the key point labels were relative to the facility, they 

were unaffected by GMP pose detection results. This suggests that homography techniques could 

be appropriate for similar sports performance analyses in uncontrolled environments. However, 

to reduce the need for human intervention and expedite the development process, it is 

recommended that an automated approach to labelling, as discussed in Section 7: Future Work, is 

explored. 

The reprojection error, which served as a quantitative measure to investigate homography 

transformation performance, showcased surprising insights. The TTFC location had the lowest 

median reprojection error, despite the facility constraints and dim lighting. The second lowest 

median reprojection error was seen at the TFAF. Videos recorded during the daytime at this 

outdoor facility appeared to enable good GMP pose detection performance, but the error likely 

increased due to the videos recorded at night, noted as having poor performance during the 

subjective assessments. Next, PEPS showcased a median reprojection error nearly double that 

observed at TFAF, and the Gryphon Fieldhouse was much higher than all other locations. It is 

hypothesized that since the majority of participants were recorded at the TTFC (12 participants) 
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and TFAF (10 participants), this may have positively impacted the summary reprojection error 

statistics for these facilities.  

Regarding the impact of using the PIXEM 2 automatic tracking system versus manually 

recording videos, the median, 25th percentile, and 75th percentile reprojection errors were lower 

with the PIXEM 2 system. However, this could either be due to the PIXEM 2 producing 

consistently higher quality videos or simply because a larger number of videos were recorded 

with the system. The latter seems more likely, as the TFAF location had the second-lowest 

reprojection error among all facilities, even though only one of ten participants from this location 

used the PIXEM 2 system. These findings suggest that reprojection error may decrease as the 

dataset size – here, the number of videos – increases, though this relationship cannot be 

definitively confirmed. Based on both the quantitative data and subjective visual assessments, it 

appears that while the PIXEM 2 automated tracking system offers advantages in ensuring 

consistent video capture as it is less susceptible to human error, it is not essential within the 

proposed framework; manually recorded videos are shown to be sufficiently reliable. 

6.1.4 Performance Metrics 

The performance metrics were computed as a means to demonstrate that the proposed 

framework produces reasonable results. The metrics were compared to the 2017 and 2018 World 

Athletics report data to provide a benchmark for elite athlete performance, and a frame of 

reference for the study results [6], [7], [8], [9]. The aggregated performance metrics revealed 

trends that provided valuable insights into triple jump performance. It is believed that within the 

proposed framework, aggregated performance metrics provide greater value than reviewing 

individual performance metric values. 

When interpreting the performance metrics results, it is essential to consider the number 

of excluded videos for each metric. While most performance metrics included over 90% of the 

valid videos, the horizontal COM velocities at each phase presented challenges. In particular, 

only 57.8% of the videos were included in the horizontal COM velocity at the jump phase 

compared to the 83.8% and 79.2% included for the horizontal COM velocity of the hop and step 

phases, respectively. This reduction in usable data likely results from the participant’s increasing 

angle relative to the camera as they perform each triple jump phase. Further, COM velocity 
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calculations rely on GMP pose landmark mappings to body segments in Dempster’s 

anthropometric table [107], which are approximations, the accuracy of the GMP pose detections, 

and the subsequent homography transformation. Given the multi-step process for velocity 

calculations, minor errors at any step can lead to significant inaccuracies. For example, if the 

GMP pose foot landmark detection slightly overestimates or underestimates foot size between 

consecutive ground contact frames, combined with the iPhone 12 camera’s low frame rate (30 

Hz), it can produce grossly inaccurate velocity measurements. Enhancing the accuracy of GMP 

pose foot landmark detection is therefore a key focus area, essential for achieving more precise 

performance metrics. This is further discussed in Section 7: Future Work. 

6.1.4.1 Category A Performance Metrics: Video-Based 

Ground contact time and flight time were limited by the frame rate of the iPhone video 

camera (30 Hz). Nonetheless, compared to the World Athletics report data, the participants 

generally had longer ground contact times and shorter flight times compared to elite athletes of 

the same sex. This finding is encouraging as shorter ground contact times and longer flight times 

are associated with further triple jump distances, and elite athletes included in the World 

Athletics reports jump significantly farther than study participants. Notably, the study 

participants, especially those of the advanced skill level, had only slightly longer ground contact 

times than the elite jumpers, but relatively shorter flight times. This underscores the complexity 

of the triple jump, where multiple performance metrics must be considered collectively to 

holistically assess performance. The computed ground contact and flight times are realistic, 

given the World Athletics data as reference, albeit with low precision. 

6.1.4.2 Category B Performance Metrics: MediaPipe-Based 

Minimum knee angles of the contact limb at each phase also exhibited promising results 

as the ranges approached or overlapped those of elite triple jumpers. Since the relationship 

between triple jump performance and minimum knee angles is not evident, an overlapping range 

was hypothesized. Unexpectedly, the female participants generally demonstrated larger minimum 

angles compared to the male participants. It is not clear why this occurred, though it should be 

noted that the male participant’s minimum knee angles were closer to the elite athlete knee 

angles than the female participants. 
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Several factors should be considered to explain the observed differences. The low frame 

rate of the iPhone camera (30 Hz) likely reduces the precision of the minimum knee angles 

compared to the World Athletics reports, potentially leading to inaccuracies in the knee angle 

measurements in this study. Additionally, the World Athletics reports did not use the GMP pose 

landmarker model for calculating minimum knee angles, which may contribute to discrepancies 

when comparing the results. Nonetheless, GMP pose was able to produce reasonable knee angle 

results, indicating its suitability for computing joint angles. Future research should explore the 

accuracy of the joint angle calculations, validated against the “gold standard,” marker-based 

motion capture (discussed in Section 7: Future Work). 

6.1.4.3 Category C Performance Metrics: Homography-Based 

The last step lengths of the participants across all skill levels were generally comparable 

to those measured from elite jumpers, with all being close to 2-metres. While this may initially 

seem counter-intuitive, this result is plausible. From the researcher’s experience as a triple jump 

coach and athlete, it is common for novice athletes to overstride as they try to reach the take-off 

board, thereby lengthening their last step. The intermediate and advanced participants, having 

more experience, are likely to have been coached to shorten their final stride. Additionally, stride 

length is influenced by an individual’s height, and because most novice participants were 

younger and shorter than their intermediate and advanced counterparts, a 2-metre last step would 

be relatively longer for them. Further, it is reasonable to assume that many elite triple jumpers 

are tall, so a 2-metre last step would be a relatively shorter stride compared to the study 

participants. This finding may indicate the importance of shortening the last step before take-off 

to improve jump distance. 

The take-off loss or foul distance is less noteworthy for discussion since the participant 

jumps were not measured during a competition. Due to the nature of data collection, participants 

were instructed to not concern themselves with fouls. Instead, their main objective was to 

complete the entire triple jump on each attempt. This likely contributed to the larger take-off loss 

distances observed among participants compared to those of World Athletics athletes. 

Additionally, foul distances were not reported in the World Athletics data, limiting comparative 

analysis. It would be valuable to apply the proposed methodology in a competition setting to 
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explore whether elite athletes are generally more effective at minimizing take-off loss than non-

elite athletes. 

The hop, step, and jump phase distances, as well as effective and measured distances 

revealed notable differences between jumpers of varying skill levels, particularly among male 

participants. The advanced male participants, for instance, demonstrated a mean hop phase 

distance of 4.95±0.36 metres, compared to 4.08±0.47 metres for novice males. The results align 

with expectations, as participants with longer effective and measured distances, due to higher 

skill levels, naturally achieved longer phase distances. Among female participants, the 

differences were less pronounced, particularly in the hop phase, where novice females achieved 

3.44±0.61 metres, and intermediate females 3.85±0.39 metres, which was further than the 

advanced female mean hop phase distance at 3.75±0.26 metres. However, male and female 

advanced participants exhibited further step and jump phases compared to their novice and 

intermediate counterparts, with the step phase being particularly strong. This is understandable, 

as in the researcher’s experience as a triple jump coach and athlete, the step phase is typically the 

most challenging for beginners but tends to improve with training and experience.  

While it is unsurprising that the effective and measured distances, as well as phase 

distances, are substantially lower than those of elite jumpers in the World Athletics reports, this 

comparison highlights the vast difference in performance levels. Given the obvious disparity in 

raw distances, such comparisons are less meaningful; instead, the focus should shift to the phase 

ratios, which offer more nuanced insights. 

Triple jump phase ratios across both male and female participants and all skill levels 

were generally consistent with those observed in elite athletes. In fact, the phase ratios aligned 

with both the World Athletics reports and the theoretical economic distributions from the 

literature (36-37% for the hop, 29-30% for the step, and 33-34% for the jump phase) [42], [45]. 

Notably, female participants across all skill levels exhibited higher average hop phase ratios than 

elite jumpers. For the step phase, intermediate and advanced participants closely matched the 

elite women, while novice females had the lowest step phase ratio. Interestingly, novice females 

showed the highest jump phase ratio, whereas intermediate and advanced females had slightly 

lower jump phase ratios compared to the elite women. Among the female participants, the phase 

ratios of the advanced group most closely resembled those of elite female jumpers, suggesting a 
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greater similarity in technique as skill increases. This finding also indicates that novice female 

athletes in the study exhibited relatively weaker step phases, compensating with larger hop and 

jump phases, a pattern commonly observed subjectively in beginners. 

Similarly, male participants showed a higher average hop phase ratio than their elite 

counterparts. The step phase ratio was lower for novice and intermediate males, but higher for 

advanced males compared to the World Athletics male athletes. Novice males exhibited a larger 

jump phase ratio than elite male jumpers, while intermediate and advanced males had smaller 

jump phase ratios. The intermediate male participants displayed the highest hop phase ratio, 

likely compensating for their lower step phase ratio. Surprisingly, advanced male athletes had the 

lowest jump phase ratio, but the highest step phase ratio, even surpassing that of World Athletics 

jumpers. This anomaly could be attributed to two male participants with particularly strong step 

phases, which may have skewed the data. Unlike the female athletes, where advanced 

participants closely matched elite trends, the male participants did not consistently align with 

World Athletics data within a skill level group. 

In summary, since phase ratios are a relative measure, they were expected to align closely 

with established values. The phase ratio results show a promising similarity to the phase ratios 

observed in the World Athletics data and those documented in previous literature. The alignment 

of the computed phase ratios with established benchmarks supports the validity of the study’s 

methodology for evaluating this triple jump performance metric. 

For all velocity metrics, due to the difference in measurement methodology compared to 

World Athletics data, the values themselves should not be compared directly. Instead, the 

patterns observed in the results can be compared and used to inform triple jump technique 

evaluation as well as potential future work in this area. 

Horizontal COM velocity at each phase exhibited by the study participants was lower 

than that of elite athletes in the World Athletics reports, as expected. It is promising to observe 

that participants of both sexes across all skill levels had a similar trend to the elite athletes in that 

their horizontal COM velocity decreased at each phase, aligning with what has been noted in 

prior research [3]. Within the participant skill levels, the advanced group for both sexes exhibited 

larger horizontal COM velocities in the step phase compared to their intermediate and novice 

counterparts. The differences in horizontal COM velocities at the hop and jump phases were less 
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significant among skill levels. This suggests that within the study participants, minimizing 

horizontal velocity loss from the hop to step phase was one technique component that led to 

further jump distances, separating the advanced participants from the novice and intermediate. 

From the World Athletics reports, the male and female elite athletes both demonstrated a nearly 

linear decreasing trend in horizontal COM velocity across all phases. Unexpectedly, the novice 

male participants produced a trend line most similar to the elite athletes, though at much lower 

velocities. The reason for this is unclear and is not believed to be significant. 

It is critical to acknowledge the challenges in computing the horizontal COM velocities, 

as many videos were excluded from these calculations due to unreasonable velocity results. As 

previously discussed, to improve the precision of these values, the primary focus should be on 

improving the GMP pose landmark detection results, discussed in more depth in Section 7: 

Future Work. Despite the issues in obtaining the horizontal COM velocity metrics for all 

participants, the overall trends observed are promising as they largely align with expected 

patterns. This further reinforces the utility of the performance metrics at an aggregated level 

rather than for any individual triple jump attempt. 

Changes in horizontal COM velocity showed a decreasing trend within World Athletics 

athletes, with greater loss of horizontal COM velocity in the step to jump phases compared to the 

hop to step phases. Interestingly, advanced study participants of both sexes exhibited a similar 

trend, though with a steeper decline. Meanwhile, novice and intermediate participants of both 

sexes surprisingly exhibited smaller decreases in horizontal COM velocity in the step to jump 

phases compared to the hop to step phases. It is hypothesized that given these participants have 

relatively weaker step phases compared to the advanced participants and World Athletics 

athletes, they are able to maintain a relatively higher horizontal COM velocity. This suggests that 

while a decrease in horizontal COM velocity is inevitable and minimizing the loss may be 

associated with further jump distances, a strong step phase was an important factor to achieve 

greater jump distances within the study participants. 

Vertical COM velocity at each phase revealed intriguing patterns. Although the vertical 

COM velocities of study participants were lower than those of the World Athletics athletes, the 

trend line for advanced participants most closely mirrored that of the elite jumpers. Both the 

advanced participants and the elite athletes experienced a drop in vertical COM velocity at the 
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step phase take-off but managed to increase it during the jump phase take-off. In contrast, 

intermediate female participants and novice male participants showed a decline in vertical COM 

velocity throughout the triple jump phases. Meanwhile, novice female participants and 

intermediate male participants increased their vertical COM velocity at each jump phase. These 

results suggest that a drop in vertical COM velocity at the step phase take-off is acceptable, 

provided that it is increased at the jump phase take-off. Further, it can be inferred that 

minimizing horizontal COM velocity loss while effectively managing vertical COM velocity is 

essential in maximizing the triple jump distance, as demonstrated by World Athletics elite 

athletes. 

Changes in vertical COM velocity were most similar among advanced participants of 

both sexes, intermediate male athletes, and World Athletics athletes, all of whom displayed a 

decrease from the hop to step phase followed by an increase from the step to jump phase. The 

World Athletics athletes generally exhibited a more pronounced decrease and subsequent 

increase in vertical COM velocity compared to study participants. In contrast, the vertical COM 

velocity changes in novice participants and intermediate female participants were less consistent 

and deviated from the pattern observed by World Athletics athletes. These results suggest that 

more experienced participants athletes are better at managing their vertical COM velocities, 

more closely resembling the trends shown by elite athletes, though at lower velocities. 

6.2 Limitations 

The proposed methodology for a single-camera markerless motion capture system to 

assess triple jump technique has several limitations. These limitations are classified into 

participant-related, environment-related, software-related, and methodology-related categories. 

Each of these categories presented challenges that impacted the accuracy and reliability of the 

results. 

6.2.1 Participant-Related 

Participants were asked to perform six triple jumps; however, not all jumps were 

guaranteed to be successful, resulting in fewer than six valid jumps for some participants. 

Requesting additional jumps from athletes would deviate from the established study guidelines, 

implemented to simulate a competition and based on an understanding of the physical demands 
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of triple jump. Moreover, the study protocol did not require athletes to modify their training 

schedules prior to participating, leading to variations in fatigue levels. Consequently, some 

athletes jumped with minimal fatigue, while others had competed the day of or the day before 

data collection. The impact of fatigue on jump technique and performance was not explored. In 

relation to this, athletes were not guaranteed to be in the same phase of their training cycle, 

potentially affecting their performance. Future studies wishing to control for fatigue and 

differences in training cycles should conduct multiple trials throughout a season to further 

validate the presented methodology and findings. 

6.2.2 Environment-Related 

Data collection took place in different facilities and on different days, introducing 

environmental variability. At the outdoor TFAF location in Ottawa, weather conditions, such as 

varying sun and cloud cover, appeared to affect the GMP pose landmark results. Clear, sunny 

days with minimal cloud cover seemed to produce more reliable results, based on visual 

observation. Additionally, fluctuating wind conditions can have a notable impact on jump 

performance. Unlike sanctioned track and field competitions where wind gauges are used to 

ensure fair conditions, this study did not consider the impact of wind on performance. 

Indoor facilities posed different challenges, including suboptimal lighting conditions that 

impacted video quality. Moreover, camera placement was significantly restricted in all three 

indoor locations due to facility layout constraints. The available camera locations were not 

always ideal for capturing footage. Another common limitation across all facilities was the 

presence of non-participants in the background or foreground of videos. Due to the inability to 

close facilities during data collection, efforts were made to minimize the impact of these 

individuals on the results. Despite these efforts, some video frames were unusable due to partial 

or complete obstruction by non-participants. 

6.2.3 Software-Related 

Several software-related limitations related to GMP pose detection behaviours were 

present in this study, including the items listed below. Table 6.1 provides one example of each 

software-related limitation. 
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1. Right-left switching, where GMP pose detection incorrectly identified the right side of the 

body as the left side, resulting in all landmarks being switched to the incorrect side.  

2. Some videos exhibited poor GMP pose landmark detections for foot landmarks. While 

this was inconsequential for non-ground contact frames in the current context, if the foot 

landmarks were inaccurate even after data processing, the homography transformation 

was also inaccurate. 

3. Background people and objects presented challenges in GMP pose detection as the 

detections would erroneously shift to these people or objects. In frames where a 

background object appeared to overlap with the participant, the GMP object detection 

could not separate the two, and therefore the GMP pose detections were negatively 

impacted. 

Table 6.1: Examples of Google MediaPipe pose and object detection limitations. Participant heads and some body 

segments are redacted to preserve privacy. 

Software 

Limitation 
Example Description Example Image 

1. Right-left 

switching 

Participant limb sides were 

detected on opposite sides in their 

last stride, which resulted in an 

inaccurate homography 

transformation, producing a last 

step length result of over 10 

metres. It can be observed that the 

limb switching caused an 

incorrect rotation and scale factor 

to be calculated. 

 

 

2. Poor 

landmark 

detection 

Neither of the participant’s feet 

were estimated as making contact 

with the ground, despite the frame 

being a ground contact. This 

negatively impacted the 

homography transformation, 

leading to an incorrect last step 

length result of over five metres. 
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3. Presence of 

background 

people and 

objects 

A person in the background was 

detected by GMP pose detection. 

Though in this example, the 

bounding box was manually 

corrected, some instances caused 

the GMP pose detections to be 

highly inaccurate. 

 

6.2.4 Methodology-Related 

One of the most significant limitations present is the reliance on qualitative evaluation 

measures. Given the goal of the study was to propose and end-to-end framework for evaluating 

triple jump technique using markerless motion capture and a single camera, and not to optimize 

any individual step, the evaluation approach is acceptable. However, quantitative assessments for 

each step in the framework should be performed if the solution is to be utilized by coaches and 

athletes for performance evaluation. One critical aspect of this to validate the proposed 

methodology against the “gold standard” marker-based motion capture approach, discussed 

further in Section 7: Future Work. 

Another key limitation in the proposed methodology is that all homography-based 

performance metrics are only applicable to ground contact frames. While this can provide 

valuable insights and aligned with many performance metrics included in the 2017 and 2018 

World Athletics reports [6], [7], [8], [9], it does not encompass the triple jump movement in its 

entirety. Consequently, the analysis may miss critical aspects of the triple jump that occur during 

flight time.  

Furthermore, another significant constraint in this study is the reliance on human 

intervention and the requirement to develop custom software for nearly all aspects of the 

methodology. Phase labels and homography key point labels were manually created with the aid 

of custom-developed software. Facility measurements were obtained manually, often under time 

constraints in each location. Start and end times for video trimming were identified manually and 

inputted into a Python script. The main Python processing script required frame-by-frame 

verification, including overriding incorrect bounding boxes and manually skipping inaccurate 

pose results to improve downstream processing. Validation of smoothing and homography results 
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were primarily done visually on a frame-by-frame basis, assisted by the custom visualization tool 

previously described. While these manual procedures were necessary in the current framework, 

they introduce the potential for human error, which cannot be easily quantified. Moreover, it 

makes the methodology difficult for other researchers to replicate consistently. Automation of 

these processes, as outlined in the Section 7: Future Work, would ideally minimize the impact of 

human error and improve the repeatability of the framework in different contexts.  
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Chapter 7: Future Work 

Throughout the development of the study methodology, numerous areas for improvement 

and future work in the design and implementation of single-camera markerless motion capture 

studies were identified. The primary recommendations are to focus on improving pose detection 

results, developing new tools and standards for open-source HPE systems, validating the 

proposed framework against accepted standards, as well as introducing automated approaches to 

facilitate homography transformations in uncontrolled environments and extending the 

homography transformations beyond ground-contact frames. 

Improving GMP pose landmark detection performance is a primary focus area within the 

current framework. Perhaps most importantly, the GMP pose landmark model – or an alternative 

pose model – should be improved by using triple jump-specific datasets. More generally, task-

specific datasets would likely improve the pose detection results. Thanks to the open-source 

nature of GMP, the model and code are publicly available allowing the pose landmarker model to 

be retrained on task-specific data. For example, retraining the model with a prepared triple jump 

dataset using a tool like DeepLabCut may improve the pose detection performance [18]. 

Moreover, the GMP object detection task, which greatly improved pose detection results, could 

ideally be directly integrated within the GMP pose landmark model. This would reduce the need 

for future researchers to develop custom logic to incorporate the object detection step. 

For use cases where identifying the correct foot position is critical, improving the pose 

detection performance for foot landmarks is essential. By re-training the GMP pose model with a 

prepared triple jump dataset, the foot landmark detection would likely improve as the dataset 

would contain scenes with footwear worn by athletes for triple jump. Alternatively, improving 

foot landmark detection could potentially be improved using the current GMP pose model and 

adding a post-processing step. The post-processing step would involve confirming the validity of 

the foot size and position at each frame, and making adjustments based on the knowledge that 

foot size should not change drastically between frames. These adjustments would ensure the 

homography transformation had more consistent inputs and should produce improved real-world 

coordinates. Improving the GMP pose model by re-training using a tailored dataset is 

recommended as the preferred method given the unknowns around adjusting foot size as a post-

processing step. However, both techniques combined may produce the best results. 
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Another post-processing option for potentially improving GMP pose landmark detection 

is investigating the application of image enhancement techniques. Since the presence of 

background objects and people appeared to interfere with GMP pose landmark detection 

performance, investigating the impact of various image enhancement techniques would provide 

valuable insights. Future research could explore how background blurring or removal and 

contrast enhancement affect GMP pose landmark detection. Given the complexity of these 

techniques, which may need to be refined on a per-participant basis, starting with a small subset 

of data to observe whether there is an impact on GMP pose detection performance would be a 

prudent initial approach. 

The development and standardization of open-source software tools designed to work 

with open-source HPE software solutions would accelerate the development of similar projects 

in the future. Throughout the development of the proposed framework, one of the greatest 

challenges was the reliance on creating custom software at nearly every step. This differs from 

the marker-based motion capture approach, where proprietary software is typically available for 

data storage, preprocessing, and exporting. Researchers should ideally agree on a standard 

method for managing open-source markerless software outputs. For example, the proposed 

framework leverages an SQLite database with table schemas that, if adopted by other 

researchers, would facilitate the reproducibility of methodologies. Of course, this standard 

should not be determined by a single researcher and requires a diverse set of inputs. 

If researchers can agree on a standard approach to storing data produced from open-

source HPE solutions such as GMP and OpenPose, this would enable the development of tooling 

to perform a variety of preprocessing and validation tasks. This includes standard tools for data 

labelling, visualization of pose detection results, applying smoothing and gap filling, and 

exporting results. Moreover, open-source software should be created to automatically or semi-

automatically identify when open-source markerless motion capture solutions perform limb 

swapping, miss a pose detection completely, or detect landmarks that do not correspond to the 

actual pose, for example, landmarks that are unrealistically clustered together. This could involve 

the ability to observe the pose landmark trajectories across the video via time-series plots and 

quickly identify any discrepancies, as is common in marker-based motion capture data 

processing software. While the proposed framework introduced a variety of custom software to 
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achieve study goals, a standardized approach to open-source HPE software assessments would 

greatly facilitate reproducibility and collaboration in the research community. 

The proposed methodology should ideally be evaluated against a “gold standard” 

marker-based motion capture system in a laboratory setting. The validation study should use a 

multi-camera marker-based motion capture setup in addition to a single smartphone camera to 

record the triple jump movement, if possible, in the laboratory. Alternatively, a movement such 

as running or jumping in place could be substituted based on the laboratory constraints. Within 

the validation study, the proposed methodology could also be validated against proprietary 

markerless motion capture solutions, such as Theia Markerless, and other open-source HPE 

solutions, such as OpenPose. This approach would enable a quantitative assessment to validate 

the performance of the proposed framework against widely accepted alternatives.  

Automating components of the homography transformation process and extending the 

functionality beyond ground contact frames are both essential considerations for improving the 

proposed framework. It is recommended that the key points for homography are automatically 

detected using known reference objects, rather than requiring manual measurements of facility 

dimensions. For this study, key points for homography were manually measured and labelled and 

then mapped to the real-world environment using the 2D track templates. Popular feature-

matching algorithms are not suitable for this task as they are unable to distinguish one line on the 

track or one take-off board from another. Known reference objects could be placed around the 

jumping area, ensuring a minimum of four objects are visible in all frames to meet the 

requirements for homography, and these objects could be detected automatically, similar to the 

methodology proposed by Pueo et al. [87]. Despite the challenges of introducing reference 

objects, such as potential obstructions and the risk of damage, it is worth further exploring as it 

would greatly reduce the amount of manual intervention required and improve the scalability of 

the proposed approach.  

Moreover, performance metric calculations in this study were simplified by focusing only 

on video frames with ground contacts. Developing solutions to evaluate non-ground contact 

frames, perhaps informed by the knowledge of projectile motion, would enable more 

comprehensive triple jump analyses. It is recommended that semi-ground contact frames, where 

only the toe is on the ground, are incorporated into the current framework to more accurately 
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capture the individual’s position and velocity at each take-off point. This information would 

enable an improved estimate for the COM trajectory after take-off, enabling the inclusion of 

additional triple jump performance metrics. 

Once the methodology has been validated and the other recommendations are 

implemented, additional research projects incorporating machine learning could be undertaken. 

One idea is around activity recognition. Specifically, the highly debated single- versus double-

arm technique in triple jump could be investigated. To facilitate analyses, automatically detecting 

whether a participant used single- or double-arm technique would be useful. This activity 

recognition task could be expanded to detect other aspects of the triple jump such as frames 

when the participant is on the ground or what jump phase they are in, which would enable more 

efficient downstream analyses to better understand the impact on jump performance. For 

example, automatically identifying the number of ground contact frames could enable the 

automatic calculation of flight time and ground contact time, among other performance metrics. 

Another suggestion once the approach and data outputs are validated is to investigate the 

application of machine learning to understand triple jump performance patterns. The application 

of unsupervised ML techniques to perform triple jump technique evaluation could reveal 

previously unknown trends. For example, the application of unsupervised clustering algorithms, 

similar to the approach implemented by Ross et al. [117], could reveal jump phenotypes beyond 

single- and double-arm or find relationships between skill level and less established performance 

metrics like knee angles.  

Finally, by selecting accessible, low-cost technology, the proposed methodology lays the 

foundation for potential future development of a mobile application enabling athletes and 

coaches to evaluate triple jump technique at their own track and field facility. The mobile 

application could be available for iOS and Android and enable near real-time quantitative triple 

jump technique from videos, using the previously presented performance metrics to provide 

feedback. Furthermore, the mobile application could allow athletes and coaches to collect these 

quantitative metrics over time and observe the performance trends. Though significant work is 

required before a mobile application could be developed, it is an exciting endeavour that would 

enable a data-driven approach for evaluating triple jump technique available to anyone with a 

smartphone and without requiring access to additional costly equipment. 
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Chapter 8: Conclusion 

This study demonstrates that a single-camera markerless motion capture system can 

facilitate triple jump analysis in a real-world setting, albeit with limitations. Significant manual 

labelling was required to implement the proposed methodology, making it impractical for 

coaches and athletes to use. Future research should focus on automated approaches for 

determining real-world coordinate systems in uncontrolled environments; if successful, this 

would enhance the approach and increase the feasibility of developing a real-time mobile 

application for objective triple jump analysis. The current framework is best suited for assessing 

trends in triple jump techniques rather than accurately determining specific performance metric 

values. The approach could be extended to other applications in sports performance, including 

other track and field events such as the long jump. 

The Google MediaPipe pose task was investigated and found to perform satisfactorily for 

HPE in a variety of indoor and outdoor settings. However, the foot detection often lacked 

precision, negatively impacting the accuracy of any subsequent metrics calculated from the pose 

data. Future studies should explore approaches for improving GMP pose results, especially the 

foot detection performance.  

While single-camera markerless systems still require substantial improvements to be 

confidently used in uncontrolled settings, they hold incredible potential. Their cost-effectiveness 

and versatility are unparalleled, enabling the inclusion of a far greater number of participants in 

biomechanical studies. If future research addresses the current limitations and builds on the work 

outlined in this study, these techniques could achieve performance improvements and become 

ubiquitous. This study presents an example of an end-to-end framework for implementing such 

systems, with the hope of informing future research.  
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English and French consent forms and questionnaires were available to all participants. 

Only the English versions were included in this Appendix. 
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Appendix B: Software Architecture 

This Appendix presents the software architecture implemented for the proposed end-to-

end triple jump technique evaluation framework. The diagram in Figure B.1 provides an 

overview of the key Python and SQL scripts used, and how they interact with one another. The 

remainder of Appendix B provides a more detailed explanation of each script, with a particular 

emphasis on the most significant ones. 

 

 

Figure B.1: High-level software architecture diagram, highlighting dependencies between scripts. 
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Note that for all scripts, the Click Python package was used to facilitate passing in 

command line arguments [118].  

The pipeline_run.py script defines a PipelineRun class with the methods described in 

Table B.1. 

Table B.1: Methods in the PipelineRun class. The asterisk indicates a class method, intended to work on the whole 

class and not on a particular instance of the class. All other methods are designed to work on a class instance. 

Method Name Description 

start Gets the current time. Intended use is to get the time at the start of a pipeline execution. 

stop Gets the current time. Intended use is to get the time at the end of a pipeline execution. 

save_to_db Saves pipeline run information to the PipelineRuns table given a database connection. 

save_to_dict Saves pipeline run information to a Python dictionary (can be used to save to a JSON file). 

read_from_db* 
Gets pipeline information from the PipelineRuns table given a database connection and 

video ID. 

The pipeline_run.py script is not intended to be executed directly by a user, but instead contains 

functionality that is used by other scripts to facilitate consistency. As an example, in the 

mp_object_landmark_pipeline.py script, described later in this Appendix, the PipelineRun 

class is used: 

• To obtain pipeline results from the function containing the majority of script logic, run(). 

o The PipelineRun object is instantiated at the beginning of the run() function. 

o The start() method is used on the object, named pipeline_run, to get the current 

time when the pipeline was initially executed. 

o Similarly, the end() method is used on the object at pipeline completion. 

• Within the detect_landmarks() function: 

o The save_to_dict() method is used if the output_json flag is set to True. This saves 

the pipeline run information (ID, pipeline name, start time, end time) to a JSON 

file. It is saved along with the GMP pose results. 

o The video_id attribute of the object is used to set the correct video ID before 

saving the pipeline information to the SQLite database. 

o The save_to_db() method is used to save the pipeline run information (ID, 

videoID, pipeline name, start time, end time) to the database table, PipelineRuns. 

The mediapipe_result.py script defines several classes related to MediaPipe results: 

BoundingBox (Table B.2), Landmark (Table B.3), FrameResult (Table B.4), MediapipeResult 

(Table B.5), as well as a function read_labels_from_db(), which does not belong to any class. 

Methods in each class are described in their respective tables below. 



126 

 

Table B.2: Methods in the BoundingBox class, defined in the mediapipe_result.py Python script. The asterisk 

indicates a class method, intended to work on the whole class and not on a particular instance of the class. All other 

methods are designed to work on a class instance. 

Method Name Description 

from_mediapipe* 

Gets the bounding box coordinates in MediaPipe’s format, and returns them in a non-

MediaPipe format, providing more control over how the bounding box coordinates are 

used. 

save_to_dict 
Saves bounding box coordinates to a Python dictionary (can be used to save to a JSON 

file). 

Table B.3: Methods in the Landmark class, defined in the mediapipe_result.py Python script. The asterisk indicates a 

class method, intended to work on the whole class and not on a particular instance of the class. All other methods are 

designed to work on a class instance. 

Method Name Description 

world_landmarks_from_mediapipe* 

Gets the world landmarks in MediaPipe’s format, and returns 

them in a non-MediaPipe format, providing more control over 

how the world landmarks are used. 

normalized_landmarks_from_mediapipe* 

Gets the normalized pixel landmarks in MediaPipe’s format, and 

returns them in a non-MediaPipe format, providing more control 

over how the normalized pixel landmarks are used. 

save_to_dict 
Saves landmark coordinates to a Python dictionary (can be used 

to save to a JSON file). 

Table B.4: Methods in the FrameResult class, defined in the mediapipe_result.py Python script. The asterisk 

indicates a class method, intended to work on the whole class and not on a particular instance of the class. All other 

methods are designed to work on a class instance. 

Method Name Description 

from_mediapipe_result* 
Gets the world landmarks in MediaPipe’s format, and returns them in a non-

MediaPipe format, providing more control over how the world landmarks are used. 

world_landmarks_array Gets theMediaPipe world landmarks (x, y, z coordinates) into an array. 

compute_com 

Uses the world_landmarks_array method to get world landmarks in a format that 

can be passed into a function that computes the centre of mass (this function is in 

another script called calc_com.py). 

save_to_dict 

Saves relevant metrics for a frame - frame number, bounding box coordinates, 

world landmarks, normalized landmarks, bounding box overridden flag, and centre 

of mass coordinates - to a Python dictionary (can be used to save to a JSON file). 

save_to_db 

Saves MediaPipe results from a pipeline run to a database, given the database 

connection and pipeline run information. This updates the MediapipeOutput and 

Landmarks tables. 

read_from_db* 

Read MediaPipe landmark results from a database, given the database connection, 

and mediapipeOutputID. Returns the frame number, bounding box coordinates, 

world landmarks, normalized landmarks, bounding box overridden flag, and centre 

of mass coordinates for a given mediapipeOutputID. 
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Table B.5: Methods in the MediapipeResult class, defined in the mediapipe_result.py Python script. The asterisk 

indicates a class method, intended to work on the whole class and not on a particular instance of the class. All other 

methods are designed to work on a class instance. 

Method Name Description 

add_frame_results Appends a frame result instance to a list of frame results. 

save_to_dict Saves landmark results to a Python dictionary (can be used to save to a JSON file). 

save_to_db 
Saves the frame results list to a database, given a database connection and pipeline 

ID. 

read_from_db* 

Reads MediaPipe results saved in the MediapipeOutput table given a database 

connection and pipeline run ID. Uses the FrameResult.save_to_db method to do 

this. 

read_from_dict* 

Reads from a Python dictionary (JSON file), and extracts the MediaPipe results - 

frame number, bounding box coordinates, landmark information, and overridden 

flag using the FrameResult, BoundingBox, and Landmark classes. 

The mediapipe_result.py script is not intended to be executed directly by a user, but 

instead contains functionality that is used by other scripts to facilitate consistency. As an 

example, in the mp_object_landmark_pipeline.py script, described later in this Appendix, the 

MediapipeResult class is used: 

• To obtain MediaPipe results computed within the run() function, which contains the 

majority of the script logic: 

o An object of the MediapipeResult class called mediapipe_result is instantiated at 

the start of the run() function. 

o The add_frame_result() method is used to add MediaPipe data for a particular 

frame to the mediapipe_result object (frame number, bounding box coordinates, 

pose landmark coordinates, and bounding box overridden flag). 

o After iterating through all frames, the resulting mediapipe_result object is 

returned. 

• Within the detect_landmarks() function: 

o The save_to_dict() method is used to save MediaPipe results to a JSON file, if the 

output_json flag is set to True. 

o The save_to_db method is used to save the MediaPipe results to a table in the 

SQLite database, given a database connection, and pipeline run information. The 

PipelineRuns, MediapipeOutput, and Landmarks tables are updated accordingly. 

The FrameResult class is also used in in the mp_object_landmark_pipeline.py script: 

• To get MediaPipe results for a specific frame within the run() function: 

o The from_mediapipe_result method is used to initialize a frame result object 

which contains the frame number, bounding box coordinates, pose landmark 

coordinates, and bounding box overridden flag. 

o The compute_com() method is used to compute the centre of mass for the current 

frame. 

o The resulting frame_result object is saved to a MediapipeResult object. 
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The camera_calibration.py Python script performs camera calibration and outputs the 

camera intrinsic matrix and distortion coefficients used in the homography transformation. The 

script accepts the file path to a video of a checkerboard of known dimensions, recorded using an 

iPhone 12 camera at 30 Hz, to reflect the settings used for data collection. The camera calibration 

steps were implemented by adapting an OpenCV tutorial [113]. The resulting camera calibration 

outputs are saved as NPY files and loaded into the SQLite database as blobs using a SQL script. 

The video_performance.py Python script defines a VideoPerformance class which contains 

information related to a specific video, including the participant ID, location ID, jump distance, 

and jump attempt number, among other attributes. This script also contains one function, to be 

used within other scripts, to read the camera calibration outputs (the camera intrinsic matrix and 

distortion coefficients) from the SQLite database and return the values as NumPy arrays. The 

VideoPerformance class contains two class methods, described in Table B.6. The class is used 

across several scripts to extract video-related attributes in a consistent manner, either by 

specifying a video ID, or a participant ID and jump attempt number. 

Table B.6: Class methods in the VideoPerformance class, defined in the video_performance.py Python script. 

Method Name Description 

read_from_db 
Reads video attributes saved in the VideoPerformances table given a database 

connection and video ID.  

read_from_db_by_participant 
Reads video attributes saved in the VideoPerformances table given a database 

connection, participant ID, and jump attempt number. 

The mp_object_landmark_pipeline.py Python script is the main processing script for the 

project. This script opens an OpenCV window that allows the user to move frame-by-frame 

through a specified video, view the GMP object detection and pose detection results, and 

override the bounding box if necessary. The mp_object_landmark_pipeline.py script 

implements the steps described below and the functions in Table B.7 to generate initial GMP 

pose detection results. 

• Uses GMP object detection to identify the bounding box of the subject in each frame. 

o Enables the user to overwrite the bounding box if detected incorrectly. 

o Requires the object detection model path to be specified.  

• Uses GMP pose to identify the pose landmarks of the subject in each frame. 

o The bounding box is used as input to the GMP pose model to ensure the 

participant is found in the frame. 

o Requires the pose landmarker model path to be specified. 

https://ai.google.dev/edge/mediapipe/solutions/vision/object_detector
https://ai.google.dev/edge/mediapipe/solutions/vision/pose_landmarker
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• Saves the results to the SQLite database and/or JSON file, depending on arguments 

passed in by the user. Within the proposed framework, the SQLite database was primarily 

used, with the JSON file option maintained for initial testing purposes. 

Table B.7: Functions in the mp_object_landmark_pipeline.py Python script, the main processing script. Note: GMP 

is an acronym for Google MediaPipe. 

Functions Name Description 

build_object_detector 
Builds and returns a GMP object detector using the GMP light object detection 

model. 

build_pose_landmarker 
Builds and returns a GMP pose landmarker object using the GMP heavy pose 

landmarker model. 

crop_to_bounding_box Crops an image based on the specified bounding box dimensions. 

detect_landmarks 

Detects pose landmarks in a video by running and object detection and pose 

landmark pipeline, with options to save the results to a JSON file or an SQLite 

database (main function). 

draw_bounding_box Draws a bounding box on an image based on inputted coordinates. 

expand_bounding_box 
Expands a bounding box by a specified ratio, ensuring it stays within the 

image boundaries. 

manually_draw_bounding_box 
Allows the user to manually draw a bounding box on a video frame by 

interacting with the video display. 

overlay_image 

Overlays one video frame onto another based on the specified bounding box 

area. This function enables the frame to be cropped to a bounding box area for 

pose detection purposes, and subsequently overlay the pose detection results 

on the full-size video. 

percent_overlap Calculates the percentage overlap between two bounding boxes. 

predict_next_bbox 
Predicts the next bounding box position based on previous bounding boxes 

using polynomial fitting. 

run 
Runs the main video processing pipeline, applying object detection and pose 

detections on each video frame, and visualizing the results for validation. 

visualize_detection_result 
Draws bounding boxes on an image based on GMP object detection results, 

used in conjunction with the run function. 

visualize_pose_landmark_result 
Draws pose landmarks on a video frame based on GMP pose landmark 

detection results. 

The mp_object_landmark_pipeline.py script accepts the following arguments: 

• --database: Specify the full file system path to the SQLite database. The example below 

will open the first jump attempt for participant 1 (default values) and will write results to 

the SQLite database location specified after the --database parameter. 

python code/mp_object_landmark_pipeline.py --database 

‘C:/myfolder/thesis-triplejump.db’ 

• --participant: The participant ID, valid values are from 1 through 30. If not specified, the 

default value is 1. The example below will open the first jump for participant 5 and will 

write results to the default SQLite database. 

python code/mp_object_landmark_pipeline.py --participant 5 
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• --attempt_num: The jump attempt number. For most participants, there will be six 

attempts. If not specified, the default value is 1. The example below will open the fourth 

jump for participant 5 and will write results to the default SQLite database. 

python code/mp_object_landmark_pipeline.py --participant 5 

--attempt_num 4 

• --output_json: Using this option will save the label results in a JSON file in the working 

directory. This is optional but may be used to verify results if desired. If not specified, no 

JSON file is generated. The example below will open the first jump for participant 1 and 

will save the labels to an output JSON in the working directory as well as to the default 

SQLite database. Note that the JSON filename is automatically generated in the script 

and does not need to be specified. 

python code/mp_object_landmark_pipeline.py --output_json 

• --output_db/--no_output_db: Specify whether labels should be saved to the SQLite 

database. The default behaviour is to write results to the SQLite database. However, for 

testing scenarios --no_output_db can be used to ensure results are not saved. The example 

below will open the first jump for participant 1 and allow navigation through each frame 

but will not save any results to the SQLite database nor to a JSON file. 

python code/mp_object_landmark_pipeline.py --no_output_db 

The example below will open the second jump for participant 6 and will save the results 

in the default SQLite database. 

python code/mp_object_landmark_pipeline.py --participant 6 

--attempt_num 2 

• --video_path_override: If not looking up the video in the database by specifying the 

participant and attempt number, the path to the video file can be provided instead. The 

example below will open the sixth jump attempt for participant 1. 

python code/mp_object_landmark_pipeline.py --

video_path_override 

“C:/myvideos/Participants/P01/videos/trimmed/P01_6.MOV” 

• --video_directory: Specify the directory containing the jumps videos. The script expects 

the videos to be stored in a parent directory called “Participants.” The example below will 

open the first jump for participant 1 per the specified video directory, and the labels will 

be saved in the default SQLite database. 

python code/mp_object_landmark_pipeline.py --

video_directory “C:/myvideos/Participants” 
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The label_extractors.py Python script contains functions to enable data to be read from the 

SQLite database in consistent formats to facilitate data processing in other scripts. The functions 

in this script are summarized in Table B.8. 

Table B.8: Functions in the label_extractors.py Python script. 

Function Name Description 

read_loc_from_db 

Reads point IDs and corresponding x and y coordinates from the 

LocationCoordinates table into a Pandas DataFrame, given a database 

connection and location ID. 

read_labels_from_db 

Reads point IDs and corresponding frame numbers, x and y coordinates from the 

LocationKeypointLabels table into a Pandas DataFrame, given a database 

connection and video ID. 

read_labels_from_db_dict 

Reads point IDs and corresponding frame numbers, x and y coordinates from the 

LocationKeypointLabels table into a Python dictionary, given a database 

connection and video ID. 

read_manual_phase_labels_df 

Reads the frame number, foot, phase, contact type, and switch (erroneous swap 

of left and right limb landmarks), which were labelled manually, from the 

ManualPhaseLabels table into a Pandas DataFrame, given a database connection 

and video ID. 

The landmark_smoothing.py Python script is intended to be used after videos have been 

processed by the mp_object_landmark_pipeline.py script. This script leverages functions from 

the label_extractors.py script, as well as the MediapipeResult, PipelineRun, and 

VideoPerformance classes. The pose landmarks, generated by the 

mp_object_landmark_pipeline.py script, are read from the SQLite database and are 

interpolated to fill any gaps or smooth out noisy data. Cubic spline interpolation is used to 

smooth the GMP pose 3D world and 2D pixel landmark coordinates for each video frame [106].  

The performance_metric.py Python script contains a single function to be used within other 

scripts to write performance metric results to the appropriate table in the SQLite database with 

all required information. This ensures that no required data attributes are missing when writing 

performance metrics to the SQLite database. 

The convert_to_real_world.py Python script, also referred to as the homography script, 

contains the homography transformation logic, an essential component of the data processing 

tasks. This script leverages functions from the label_extractors.py and performance_metric.py 

scripts, the MediapipeResult, PipelineRun, and VideoPerformance classes, as well as the camera 

intrinsic matrix and distortion coefficients generated from the camera_calibration.py script. 

The homography script was adapted to process homography transformations for a single video or 
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for all participants based on the arguments passed in by the user. The convert_to_real_world.py 

script implements the steps described below and the functions in Table B.9 to perform the 

homography transformations: 

• Extracts GMP 3D world landmarks for the participant. 

• Reads the manually labelled participant-related and video-related data from the SQLite 

database. The participant-related data is used to determine ground contact frames, and the 

video-related data contains the key point labels that enable the mapping between the 

video frames and 2D track templates. 

• Applies a homography transformation to convert the GMP 3D world landmarks into 3D 

real-world coordinates for the contact foot landmarks. 

• Optimizes the homography transformation by minimizing the reprojection error. This 

enables the remaining GMP 3D world landmarks to be converted into 3D real-world 

coordinates. 

• Saves transformed coordinates in the SQLite database for downstream performance 

metric calculations. 

• Optionally, plots the real-world foot position after applying homography as a preliminary 

validation step. 

Table B.9: Functions in convert_to_real_world.py Python script. Note: GMP is an acronym for Google MediaPipe. 

Function Name Description 

compute_optimized_transform 
Optimizes the transformation between the GMP pose 3D world landmarks and 

3D real-world foot position by minimizing reprojection error. 

compute_transformation 
Computes the homography transformation matrix using the key point labels and 

facility coordinates to obtain the 3D real-world foot position. 

convert_to_real_world 
Processes participant data, extracts GMP pose landmarks, orchestrates the 

computation of 3D real-world coordinates (main function). 

find_real_world_feet 
Finds the 3D real-world position of the ground contact frame as part of the 

homography transformation process. 

objective_function 

Calculates the mean squared error between 2D pixel landmarks obtained from 

GMP pose and 2D reprojected pixel landmarks after applying the real-world 

transformation. Used in conjunction with the compute_optimized_transform 

function. 

transform_points 
Applies a 4x4 transformation matrix to a set of 3D points, used in conjunction 

with the objective_function function. 

The convert_to_real_world.py script accepts the following arguments: 

• --database: Specify the full file system path to the SQLite database. The example below 

will obtain 3D real-world pose landmarks for the most recent pipeline run for each 

participant, as this is the default script behaviour, and will write results to the SQLite 

database location specified after the --database parameter. 
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python code/convert_to_real_world.py --database 

‘C:/myfolder/thesis-triplejump.db’ 

• --participant: Optionally specify the participant ID, valid values are from 1 through 30. 

If not specified, all participant data will be processed. If specified, an attempt number 

must also be specified. The example below will obtain the 3D real-world pose landmarks 

for participant 5, attempt 4. 

python code/convert_to_real_world.py --participant 5  

--attempt_num 4 

• --attempt_num: Optionally specify the jump attempt number. If not specified, all 

participant data will be processed. If specified, a participant ID must also be specified 

(refer to previous example).  

• --pipeline_run_id: Optionally specify a specific pipeline run ID, which can be looked up 

in the database. If specified, 3D real-world pose landmarks will be computed for the 

participant attempt associated with the pipeline run ID. Assuming the desired pipeline run 

ID was looked up in the SQLite database and found to be 256, the example below will 

obtain the 3D real-world pose landmarks for the corresponding participant data. 

python code/convert_to_real_world.py --pipeline_run_id 256 

• --display/--no-display: Optional flag to specify whether the Matplotlib plots of the 3D 

real-world foot coordinates will be displayed, alongside the trimmed participant video. 

The default behaviour is to not display the plots. The example below will process data for 

participant 5, attempt 4 and display the aforementioned plots. 

python code/convert_to_real_world.py --participant 5  

--attempt_num 4 --display 

• --video_directory: Specify the directory containing the jumps videos. This option is only 

required when the display flag, described above, is enabled, ensuring the correct 

participant video is displayed. 

python code/convert_to_real_world.py --video_directory 

“C:/myvideos/Participants” 

• --output_landmarks_to_db/--no_output_landmarks_to_db: Specify whether the 

resulting 3D real-world landmarks should be saved to the SQLite database. The default 

behaviour is to write results to the SQLite database. However, for testing scenarios, --

no_output_landmarks_to_db flag can be used to ensure results are not saved. The 

example below will open the fourth jump for participant 5 and display the 3D real-world 

foot coordinates plots but will not save any results to the SQLite database. 

python code/convert_to_real_world.py --participant 5  

--attempt_num 4 –display --no_output_landmarks_to_db 
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The frame_calculations.py Python script takes the manual phase label data as input and 

computes Category A performance metrics (video-based). This script leverages functions from 

the label_extractors.py and performance_metric.py scripts, as well as the MediapipeResult 

and PipelineRun classes. The resulting ground contact time and flight time for the specified 

participant and attempt number, are computed and saved to the SQLite database. 

The calculate_angles.py Python script computes joint angles based on the GMP pose 

landmark IDs inputted by the user and saves the results to the SQLite database. This script was 

used to calculate Category B performance metrics (MediaPipe-based), knee angles. This script 

leverages functions from the label_extractors.py and performance_metric.py scripts, as well 

as the MediapipeResult and PipelineRun classes. The minimum knee angle for the contact limb 

was identified in another post-processing script. A set of joint angles that can be calculated were 

defined, referring to landmark IDs in the GMP pose landmarker model, allowing the script to be 

used to calculate additional angles if required in the future: right knee, left knee, right hip, and 

left hip. The script was adapted to compute angles for a single video or for all participants based 

on the arguments passed in by the user. The knee angles presented in the proposed framework are 

later filtered to select the correct limb and minimum angle per jump phase using a separate 

Python script. 

The calculate_distances.py and calculate_velocities.py Python scripts were used to 

compute Category C performance metrics (homography-based). These scripts both leverage 

functions from the label_extractors.py and performance_metric.py scripts, as well as the 

MediapipeResult, PipelineRun, and VideoPerformance classes. Moreover, both scripts require 

the manual phase labels to determine ground contact frames and jump phases. They are both 

capable of computing distance/velocity metrics for a single video or for all participants. The 

resulting metrics are saved in the SQLite database and are later aggregated using a separate 

Python script. 
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Appendix C: Visual Validation Tool 

This Appendix describes the visual validation tool used to visually assess the initial GMP 

pose detections, the landmark results after applying gap filling and smoothing, COM 

calculations, homography key point labels, and finally, the GMP pose landmarks after applying 

the homography transformation to ground contact frames. To accomplish this, a Python script, 

plot_normalized_and_world.py, was developed. This script enables the display of the GMP 

pixel landmarks overlaid on the video, and the world landmarks as a “skeleton” on a 3D plot. 

Matplotlib was leveraged to generate the plot and the Python implementation of OpenCV 

enabled video display and frame-by-frame navigation [108]. Note that the pose landmarks 0-10, 

representing the head and features on the face, were not included in these displays since they 

were not used in the downstream analyses. Figure C.1 presents a specific frame for a participant, 

with the GMP pose 3D world landmarks on the left, and the GMP pixel landmarks overlaid on 

the video on the right. 

 

Figure C.1: Example of plot_normalized_and_world.py display window. The 3D plot shows the direction of travel 

(green line) and centre of mass (green dot). Both the 3D plot and video show the MediaPipe pose landmarker model 

results (right landmarks are red, and left landmarks are blue). Landmarks are intentionally enlarged to preserve 

participant privacy. 
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The plot_normalized_and_world.py script does not write any information to the SQLite 

database. It only reads and displays data from the SQLite database. The 

plot_normalized_and_world.py script accepts the following arguments: 

• --database: Specify the full file system path to the SQLite database. The example below 

will open the first jump attempt for participant 1 (default values) and will read results 

from the SQLite database location specified after the --database parameter. 

python plot_normalized_and_world.py --database 

‘C:/myfolder/thesis-triplejump.db’ 

• --participant: The participant ID, valid values are from 1 through 30. If not specified, the 

default value is 1. The example below will open the first jump for participant 5 and will 

read results from the default SQLite database. 

python plot_normalized_and_world.py --participant 5 

• --attempt_num: The jump attempt number. If not specified, the default value is 1. The 

example below will open the fourth jump for participant 5 and will read results from the 

default SQLite database. 

python plot_normalized_and_world.py --participant 5        

--attempt_num 4 

• --pipeline_run_id: Optionally, specify a pipeline run ID which can be looked up in the 

SQLite database. The example below will display results for participant 1, attempt 1, with 

the pipeline run ID 10. If there is no pipeline run ID with these attributes, the pop-up 

window will display a blank plot and blank rectangle in place of loading the video. 

python plot_normalized_and_world.py --pipeline_run_id 10 

• --input_json: Using this option allows for plotting MediaPipe results stored in a JSON 

file. The file path to the JSON file must be specified when this option is used. 

python plot_normalized_and_world.py --input_json 

“C:/data/mediapipe_results.json” 

• --display_labels: This flag enables manually labelled key points to be overlaid on the 

specified video. Enabling this flag will load coordinates from the 

LocationKeypointLabels table in the SQLite database and display the points on 

applicable frames. Since only ground contact frames were labelled, labels will only be 

displayed for those frames. An example of the displayed labels is provided in Figure C.2. 

python plot_normalized_and_world.py --display_labels 
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Figure C.2: Example of plot_normalized_and_world.py display window with key point labels for homography 

shown. The 3D plot shows the direction of travel (green line) and centre of mass (green dot). Both the 3D plot and 

video show the MediaPipe pose landmarker model results (right landmarks are red, and left landmarks are blue). 

Landmarks are intentionally enlarged to preserve participant privacy. 

• --video_directory: Specify the directory containing the jumps videos. The script expects 

the videos to be stored in a parent directory called “Participants.” The example below 

will open the first jump for participant 1 per the specified video directory, and the labels 

will be saved in the default SQLite database. 

python plot_normalized_and_world.py --video_directory 

“C:/myvideos/Participants” 
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Appendix D: Relational Data Model 

To standardize data reading and writing, a relational data model was created. This section 

provides an overview of the data model, as well as information about the database tables and 

their intended purpose. The final Entity-Relationship diagram implemented in the SQLite 

database is shown in Figure D.1 

 

Figure D.1: Entity-Relationship diagram for the SQLite database implemented to facilitate data management and 

data analysis. Each rectangle represents a table, and the first row of each table represents the primary key column. 

The dotted lines between tables represent relationships, and the rows highlighted in green indicate columns that are 

used as foreign keys. 

Camera Table: Stores the intrinsic matrix and distortion coefficients for the iPhone 12 camera 

used in data collection. The primary key, id, is a foreign key, cameraID in the VideoPerformances 

table. 

Landmarks Table: For each frame, GMP pose returns 33 normalized pixel pose landmarks and 

33 world landmarks, as well as visibility and presence scores for each landmark. Storing these 

values in the MediapipeOutput table would result in significant data duplication, so the 

Landmarks table was introduced. MediapipeOutput and Landmarks have a one-to-many 

relationship where id, the primary key for the MediapipeOutput table is a foreign key, 

mpOutputID, in the Landmarks table. This data model design minimizes data duplication while 
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enabling the creation of queries to extract all relevant GMP pose output information for a given 

video. 

Locations Table: Contains the name and unique ID assigned to each data collection location. 

The primary key, id, is a foreign key, locationID, in the LocationCoordinates and 

VideoPerformances tables. 

LocationCoordinates Table: Stores the x and y coordinates for each data collection location, 

used to create the 2D track templates and subsequently leveraged in the homography 

transformation. The foreign key, locationID from the Locations table is saved in this table to 

facilitate establishing a relationship to the VideoPerformances table. 

LocationKeypointLabels Table: Stores the manual key point labels for each ground contact 

frame to be used in the homography transformation, along with the corresponding point ID. The 

videoID foreign key from the VideoPerformances table allows key point labels to be mapped to a 

specific video. 

ManualPhaseLabels Table: Stores the manual labels for ground contact frames, based on 

videos. This includes the frame number, the ground contact limb (left or right), triple jump phase 

(approach run, hop, step, jump, landing), whether there was a switch (right landmarks 

erroneously swapped to the left side of the body, or vice versa), and whether the jump attempt 

was a foul. The videoID foreign key from the VideoPerformances table allows manual phase 

labels (participant-related labels) to be mapped to a specific video. 

MediapipeOutput Table: Contains the pipelineRunID as a foreign key and associated results 

including the frame number, bounding box coordinates, and centre of mass. This represents 

partial information from the main MediaPipe processing script, with the remaining output stored 

in the Landmarks table. The primary key, id, is a foreign key, mpOutputID, in the 

PerformanceMetrics and Landmarks tables. 

Participants Table: Contains the participant information collected during the informed consent 

process, as well as their assigned skill level. The primary key, id, is a foreign key, participantID 

in the VideoPerformances table to map video attributes to a participant. 

PerformanceMetrics Table: The PerformanceMetrics table is used to store final metrics results 

and has a one-to-many relationship with the MediapipeOutput and PipelineRuns tables. Contains 

foreign keys mpOutputID and pipelineRunID from these tables to obtain the correct pipeline run 

ID and corresponding MediaPipe output results. 

PipelineRuns Table: The PipelineRuns table was created to enable multiple runs of the same 

script without overwriting any table entries. For example, the main Python processing script is 

executed to obtain the landmark information for each of participant 5’s videos. Then, a minor 

change is made to the main processing script which impacts the bounding box coordinates, 

requiring all of participant 5’s videos to be processed again. Using the PipelineRuns table, no 

information is lost; the landmarks with the old and new bounding box coordinates are both 

stored. A timestamp is included in this table to determine which run was more recent. The 
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primary key, id, is a foreign key, pipelineRunID in the PerformanceMetrics and MediapipeOutput 

tables. Contains a foreign key, videoID, from the VideoPerformances table to associate a pipeline 

run with a specific video. 

VideoPerformances Table: The VideoPerformances table contains important information about 

each video, including jump distances, camera properties, and a participant ID to relate the video 

to a participant. This table is connected to another table, PipelineRuns, by the id column. The id 

column is the primary key of the VideoPerformances table, and is a foreign key, videoID, in the 

PipelineRuns table via one-to-many relationship. 
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Appendix E: Folder Structure for Data Storage 

 Figure E.1 visually depicts the folder structure implemented to manage the 192 videos 

obtained during data collection. The original videos were stored in folder named “raw” and the 

trimmed videos, used for downstream processing, in a folder named “trimmed.” 

 

Figure E.1: Folder structure for storing participant videos. 
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Appendix F: Manual Override Guide 

When navigating frame-by-frame through a video in the window opened with the 

mp_object_landmark_pipeline.py script, an incorrect bounding box may be observed, where 

the bounding box fails to accurately capture the participant. Additionally, pose detection errors 

might occur for a given frame, even after adjusting the bounding box. This behaviour can be 

manually corrected or flagged by following the steps outlined below: 

1. With the OpenCV window open, a frame that did not detect the subject accurately is 

observed. 

2. Click the “A” key. This opens a new window with no bounding box nor pose landmarks.  

3. In this window, draw a new bounding box by clicking and dragging. The new bounding 

box will appear in green in this window. The box can be redrawn as many times as 

needed before confirming. 

4. When satisfied with the new bounding box, click the “Q” key to exit the window. The 

other OpenCV window will still be open. Click the right arrow key to see the new 

bounding box, and the resulting GMP pose detections. 

5. Most of the time, the GMP pose landmark detections are corrected after overriding the 

bounding box. In some cases, an improved bounding box will not fix the pose detections, 

in which case these frames should be marked as erroneous using the “X” key. Continue 

navigating through the video as before, continuing to override incorrect bounding boxes 

if applicable. 

Note: The mp_object_landmark_pipeline.py script keeps track of any overridden bounding 

boxes, and the resulting data is saved in the SQLite database. 

A screenshot of the tool is not included to preserve participant privacy, since the GMP pose 

landmarks are not overlaid at the object detection stage in the processing pipeline. 
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Appendix G: MediaPipe Pose Landmark Mapping to Dempster’s Table 

To calculate the participant COM at each frame, the COM was estimated using the 

Dempster’s anthropometric table and the calculations described by Winter [107]. The body 

segments from Dempster’s anthropometric table were mapped to the GMP pose landmarks; the 

mappings are shown in Table G.1. 

Table G.1: Anthropometric segment mappings to Google MediaPipe (GMP) pose landmarks, used to calculate 

participant centre of ass. Anthropometric table was created by Dempster and obtained from [107]. 

Dempster’s 

Segment 
Dempster’s Definition 

GMP pose 

Landmark 1 

GMP pose 

Landmark 2 

Hand Left Wrist axis/knuckle 2 middle finger 15 19 

Hand Right Wrist axis/knuckle 2 middle finger 16 20 

Forearm Left Elbow axis/ulnar styloid 13 15 

Forearm Right Elbow axis/ulnar styloid 14 16 

Upper Arm Left Glenohumeral axis/elbow axis 11 13 

Upper Arm Right Glenohumeral axis/elbow axis 12 14 

Foot Left Lateral malleolus/head metatarsal 2 27 31 

Foot Right Lateral malleolus/head metatarsal 2 28 32 

Leg Left Femoral condyles/medial malleolus 25 27 

Leg Right Femoral condyles/medial malleolus 26 28 

Thigh Left Greater trochanter/femoral condyles 23 25 

Thigh Right Greater trochanter/femoral condyles 24 26 

Head and Neck C7-T1 and 1st rib/ear canal 7 8 

Trunk Left Greater trochanter/glenohumeral joint 11 23 

Trunk Right Greater trochanter/glenohumeral joint 12 24 
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Appendix H: 2D Track Templates and Facility Measurements 

This Appendix provides partial 2D track templates and facility measurements for all four 

locations included in the study. For each facility, both the Python-generated plot with point IDs 

and the hand-drawn plot with corresponding IDs are presented; the original hand-drawn 

diagrams and CSV files containing point IDs and x-y coordinates are not included. The 

coordinate values were stored in the LocationCoordinates SQLite table, as described in Appendix 

D. The Terry Fox Athletic Facility, Toronto Track and Field Facility, Gryphon Fieldhouse, and 

Pavillon d’ Éducation Physique et Sport are shown in Figures H.1, H.2, H.3, and H.4, 

respectively. 

 
(a) Python-generated facility coordinates 

 
(b) Improved hand-drawn facility coordinates 

Figure H.1:Terry Fox Athletic Facility in Ottawa, Ontario, (a) Python-generated facility coordinates, and (b) 

improved hand-drawn facility coordinates with point IDs. 
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(a) Python-generated facility coordinates 

 

 
(b) Improved hand-drawn facility coordinates 

 

Figure H.2: Toronto Track and Field Centre in North York, Ontario, (a) Python-generated facility coordinates, and 

(b) improved hand-drawn facility coordinates with point IDs. Point ID labels were omitted from (a) to avoid 

overcrowding the plot, as the points were validated in smaller sets. 
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(a) Python-generated facility coordinates 

 

 
(b) Improved hand-drawn facility coordinates 

 

Figure H.3: Gryphon Fieldhouse in Guelph, Ontario, (a) Python-generated facility coordinates, and (b) improved 

hand-drawn facility coordinates with point IDs. Point ID labels were omitted from (a) to avoid overcrowding the 

plot, as the points were validated in smaller sets. 
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(a) Python-generated facility coordinates 

 

 
(b) Improved hand-drawn facility coordinates 

 

Figure H.4: Pavillon d’ Éducation Physique et Sport in Quebec City, Quebec, (a) Python-generated facility 

coordinates, and (b) improved hand-drawn facility coordinates with point IDs. 
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Appendix I: Key Point Labelling Tool User Guide 

 The Python script, label_keypoints.py, was created to manually label key points for 

homography in video frames. This script takes a participant ID and attempt number via 

command-line input, opens the appropriate video in a new window, and allows the user to 

navigate frame-by-frame to select point IDs corresponding to the 2D track templates. The 

resulting key point labels are saved in the SQLite database for downstream processing. The steps 

below detail the setup and usage of this tool. 

Prepare SQLite database: An SQLite database named thesis-triplejump.db was used to manage 

all study-related data. Storing data in this database facilitated the automation of repetitive 

processing tasks and allowed data retrieval with SQL queries and Python scripts. SQLite can be 

installed for free on any device, and a variety of tools are available to view, manage, and query 

the database. The open-source tool used for database management purposes in the study is 

DBeaver, Community edition [119]. 

Set up Python environment: Python must be installed and up to date on the development 

device. Additionally, an integrated development environment (IDE) is required; Visual Studio 

Code (VS Code), a widely used open-source IDE, was used in the study [120]. It is also highly 

recommended to use a package manager, with Miniconda being used in the study [121]. Without 

a package manager, Python packages are installed directly into the main Python environment, 

making it challenging to track which packages belong to specific projects.  

 After the pre-requisites of preparing an SQLite database and setting up a Python 

environment are completed, the steps below can be followed to begin labelling key points. 

1. Create an environment using the Anaconda command line prompt, which is part of the 

Miniconda installation, and install the appropriate libraries using a provided 

environment.yml file [121]. The environment file can be extracted from a VS Code 

project using Miniconda [122]. 

conda env create -f environment.yml 

Note: To activate the environment in the Anaconda command prompt, use the following 

command: 

conda activate triple-jump 
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2. Open the label_keypoints.py file in VS Code and select the Python environment created 

in the previous step. 

a. In VS Code, after opening the file, press Ctrl + Shift + P to open the command 

palette. Figure I.1 displays an example of the menu options that will appear: 

 

Figure I.1: Open the command palette in Visual Studio Code. 

b. In Figure I.1, the menu option Python: Select Interpreter, will allow the 

environment created in step 1 to be applied. If this item does not appear on the 

menu, begin typing Python: Select Interpreter. Click on this menu option. 

c. A list of environments should then appear as options. Choose the environment 

named “triple-jump” and click on it, as shown in Figure I.2: 

 

Figure I.2: Select the appropriate Python environment in Visual Studio Code. 

d. The correct environment should now be loaded in VS Code and the 

label_keypoints.py script can be executed. In the bottom right-hand corner of the 

VS Code window, it should indicate that the “triple-jump” environment is active. 
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Running the labelling script  

1. Copy the Participants folder, which contains trimmed videos for all jump attempts, to the 

local development device. This will ensure there are no OneDrive-related issues when 

applying video labels. 

2. To open a terminal in VS Code and run commands, click on Terminal and then New 

Terminal in the top menu as shown in Figure I.3: 

 

Figure I.3: Open a terminal in Visual Studio Code. 

A terminal will appear at the bottom of the window. The size can be adjusted as desired.  

3. It is essential that the terminal is in the correct directory. To change the directory via the 

terminal, use the cd command: cd code. A full file path can be specified after the cd 

command. To go back in a directory, use cd .. as shown in Figure I.4. 

 

Figure I.4: Go back in the working directory in the Visual Studio Code terminal. 

To view a list of the items in the current directory, use the dir command. Note that the 

ls command will also work. An example using the dir command is presented in Figure 

I.5. 
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Figure I.5: Use the “dir” command in the Visual Studio Code terminal to obtain a list of the contents in the current 

directory. 

4. The label_keypoints.py script accepts the following command line arguments. The Click 

Python package is leveraged to simplify passing in command line arguments [118]. 

Example usage for each argument is also included; these commands can be executed in 

the VS Code terminal.  

o --database: Specify the full file system path to the SQLite database. Ensure to 

either update the script directly, setting the default to the database location on the 

development device, or pass in this argument on every execution with the correct 

path. The example below will open the first jump attempt for participant 1 

(default values) and will write results to the SQLite database location specified 

after the --database parameter. 

python label_keypoints.py --database 

‘C:/myfolder/thesis-triplejump.db’ 

o --participant: The participant ID, valid values are from 1 through 30. If not 

specified, the default value is 1. The example below will open the first jump for 

participant 5 and will write results to the default SQLite database. 

python label_keypoints.py --participant 5 

o --attempt_num: The jump attempt number. If not specified, the default value is 

1. The example below will open the fourth jump for participant 5 and will write 

results to the default SQLite database. 
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python label_keypoints.py --participant 5 --

attempt_num 4 

o --output_csv: Using this option will save the label results in a CSV file in the 

working directory. This is an optional feature to be used for testing purposes. If 

not specified, no CSV file is generated. The example below will open the first 

jump for participant 1 and will save the labels to an output CSV in the working 

directory as well as to the default SQLite database. Note that the CSV filename is 

automatically generated in the script and does not need to be specified. 

python label_keypoints.py --output_csv 

o --output_db/--no_output_db: Specify whether to save the labels to the SQLite 

database. By default, the results are saved to the LocationKeypointLabels table, as 

all labels should be stored there. However, for testing purposes, if saving the 

results is not required, use the --no_output_db argument. The example below will 

open the first jump for participant 1 and save the labels to the default SQLite 

database. 

python label_keypoints.py 

The example below will open the second jump for participant 6 and will not save 

the labels anywhere. 

python label_keypoints.py --participant 6             

--attempt_num 2 --no_output_db 

o --video_directory: Specify the directory containing the jumps videos. The script 

expects the videos to be stored in a parent directory called “Participants.” A 

default path to the Participants directory on the development device can be 

specified, or it can be passed in on every execution. The example below will open 

the first jump for participant 1 per the specified video directory, and the labels 

will be saved in the default SQLite database. 

python label_keypoints.py --video_directory 

“C:/myvideos/Participants” 
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5. After executing any valid command, the specified video will open in a separate window, 

as in Figure I.6, and can be manually resized as desired. The participant is redacted to 

preserve their privacy. 

 

Figure I.6 The window pop-up generated from the label_keypoints.py script to facilitate key point 

labelling for homography. The participant is redacted to preserve their privacy. 

Labelling the videos 

With the video open, points can be labelled frame-by-frame by using keyboard commands as 

follows: 

• Up/down arrow keys: Use to select the correct point ID. The up arrow increments the 

point ID number, and the down arrow decreases the point ID number. 

• Right/left arrow keys: Move forward or backward through frames. It is not possible to 

move backward from the first frame or forward from the last frame. 

• C key: Clears all labelled points for the current frame. 

• Q key: Exits the program without saving any labels. If errors are made during labelling 

and a restart is necessary, the “Q” key should be used to ensure no labels are saved. Upon 

pressing “Q”, a prompt will appear in the VS Code terminal confirming whether to exit. 

To exit without saving, enter “Y,” otherwise, enter “N” to continue. 



154 

 

• Esc key: Exits the OpenCV window, respecting any arguments passed into the command 

line argument. For example, when using the default option of saving to the SQLite 

database, the labels will be saved in the database, even if the labels for the entire video 

were incomplete. Use the Escape key to exit when finished with labelling a video. 

The most labour-intensive aspect of the labelling process is accurately mapping the correct 

point ID from the 2D track templates to the corresponding real-world point. As familiarity 

with the point IDs for each facility increases, the process becomes more manageable.  
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Appendix J: Minimum Knee Angle Calculation 

This section details the steps required to compute the minimum knee angle calculation, 

including the inputs, steps, and final equation, adapted from [116]. The knee angle is defined as 

the angle between the thigh and lower leg, considered to be 180° in the anatomical standing 

position per the World Athletics reports definition [6], [7], [8], [9]. 

Inputs: 

𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠1 = (𝑥1, 𝑦1, 𝑧1) 

𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠2 = (𝑥2, 𝑦2, 𝑧2) 

𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠3 = (𝑥3, 𝑦3, 𝑧3) 

Steps: 

1. Compute vectors 

𝑣1⃗⃗⃗⃗ = (𝑥1 − 𝑥2, 𝑦1 − 𝑦2, 𝑧1 − 𝑧2) 

𝑣2⃗⃗⃗⃗ = (𝑥3 − 𝑥2, 𝑦3 − 𝑦2, 𝑧3 − 𝑧2) 

2. Compute dot product 

𝑣1⃗⃗⃗⃗  ∙  𝑣2⃗⃗⃗⃗ = (𝑥1 − 𝑥2)(𝑥3 − 𝑥2) + (𝑦1 − 𝑦2)(𝑦3 − 𝑦2) + (𝑧1 − 𝑧2)(𝑧3 − 𝑧2) 

3. Compute magnitudes 

|𝑣1⃗⃗⃗⃗ | =  √(𝑥1 − 𝑥2)2 + (𝑦1 − 𝑦2)2 + (𝑧1 − 𝑧2)2 

|𝑣2⃗⃗⃗⃗ | =  √(𝑥3 − 𝑥2)2 + (𝑦3 − 𝑦2)2 + (𝑧3 − 𝑧2)2 

4. Calculate cosine of the angle 

cos(𝜃) =  
𝑣1⃗⃗⃗⃗  ∙  𝑣2⃗⃗⃗⃗ 

|𝑣1⃗⃗⃗⃗ ||𝑣2⃗⃗⃗⃗ |
 

5. Convert angle from radians to degrees 

𝜃 = arccos(cos(𝜃)) 

𝑎𝑛𝑔𝑙𝑒 𝑖𝑛 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 = 𝜃 × (
180

𝜋
) 

Final Equation: 

𝑘𝑛𝑒𝑒 𝑎𝑛𝑔𝑙𝑒 = 𝑎𝑟𝑐𝑐𝑜𝑠 (
(𝑥1 − 𝑥2)(𝑥3 − 𝑥2) + (𝑦1 − 𝑦2)(𝑦3 − 𝑦2) + (𝑧1 − 𝑧2)(𝑧3 − 𝑧2)

√(𝑥1 − 𝑥2)
2 + (𝑦1 − 𝑦2)

2 + (𝑧1 − 𝑧2)
2  ∙  √(𝑥3 − 𝑥2)

2 + (𝑦3 − 𝑦2)
2 + (𝑧3 − 𝑧2)

2
) × (

180

𝜋
) 

 


