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SARI 

 

Motion segmentation plays a crucial role in analyzing complex martial arts movements, 

such as Wushu kicking, which often involve non-repetitive, high-variation actions. Traditional 

motion segmentation methods struggle to effectively capture transitions in such irregular 

movements. This study adapts an existing motion segmentation framework by Sonoda et al. 

(2008), using three key features²angular velocity, direction change, and volume change²to 

segment Wushu MoCap data. The research implements these methods on 3D motion capture 

data of Wushu kicks, with preprocessing steps carried out in MATLAB for visualization and 

analysis. The performance of each segmentation method is evaluated by comparing the results 

against ground truth data collected from experienced martial artists. Results show that angular 

velocity performs best, achieving a similarity score of 0.9574 and correctly matching 11 of 12 

ground truth transitions. Direction change and volume change both score 0.8660, but each 

matches a different subset of transitions, highlighting the unique strengths and limitations of 

each approach. The integrated method, while offering broader coverage, did not improve over 

angular velocity alone, suggesting that simple fusion may propagate errors from individual 

methods. This work confirms that rotational motion is a reliable cue for detecting phase 

WUDQVLWLRQV�LQ�PDUWLDO�DUWV��7KH�VWXG\¶V�OLPLWDWLRQV�LQFOXGH�LWV�UHOLDQFH�RQ�D�VLQJOH�:XVKX�NLFNLQJ�

sequence, the challenges of capturing subtle transitions using certain methods, and the fixed 

100-frame tolerance window. Future work should focus on dynamically adjusting the tolerance 

window, refining threshold computation to mitigate jitter effects, expanding the dataset to 

include a wider variety of martial arts techniques, incorporating upper body motions, and 

exploring real-time applications in coaching systems. Additionally, comparisons with machine 

learning-based segmentation methods could further enhance the robustness and accuracy of the 

framework. 

Keywords: martial arts, motion capture, motion segmentation, angular velocity, digital 

curvature, volume difference, MATLAB. 
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GLOSSARY 

 

MoCap     A technology that records the movement of objects or 

    people, often using optical tracking systems. 

Segmentation     The process of dividing continuous motion into discrete 

     phases or meaningful units. 

Angular Velocity     The rate of change of joint angles over time, representing 

     rotational motion. 

Digital Curvature     The rate of change in direction over time LQ�D�PDUNHU¶V�

    trajectory. 

Convex Hull     The smallest convex polygon or polyhedron that encloses 

     a set of  points (body markers in this case). 

MATLAB     A high-level programming language and environment 

     used for data analysis, visualization, and numerical  

     computation 

Frame     A single time point in motion capture data, typically  

     captured at 100 frames per second. 

Ground Truth     Manually annotated reference data used to validate the 

     accuracy of automated segmentation. 

Cosine Similarity     A metric used to measure the similarity between two sets 

     of data. It compares the predicted segmentation points 

     with ground truth points by considering the alignment 

     between them. 

Threshold     A predefined value used to filter out insignificant  

     fluctuations in motion data, ensuring that only   

     meaningful motion transitions are captured. 
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 CHAPTER I 

INTRODUCTION 

 

1.1 Study Background 

Martial arts are deeply intertwined with world history, serving a multitude of purposes 

and values. As a form of combat, martial arts not only teach practitioners physical skills such 

as self-defense, fitness, and motor coordination but also cultivate mental benefits, including 

self-esteem, respect, and discipline �&LDFFLRQL� HW� DO��� ������ 6WDPHQNRYLü� HW� DO��� �����. 

Furthermore, martial arts play a crucial role in shaping etiquette. Research on the Indonesian 

martial art Pencak Silat suggests that it helps develop ethical values essential for cultivating 

good manners, behavior, and leadership (Schiff, 2022). In addition, martial arts often 

incorporate religious and philosophical elements. A study on the Chinese martial art Wushu 

indicates that its artistry and techniques integrate the philosophical and religious values of 

Buddhism, Taoism, and the concept of yin and yang (Han et al., 2021). Moreover, due to their 

structured movement systems and emphasis on motor skill learning, martial arts have also been 

recognized as a valuable domain for modelling psychomotor performance through digital 

techniques (Echeverria & Santos, 2021). 

Recent advancements in technology have created new opportunities for the study and 

visualization of martial arts movements. Among these innovations, motion capture technology 

has emerged as a rapidly expanding field due to its precision in recording human motion and 

its broad range of applications, despite its inherent complexity (Wan Idris et al., 2019). 

Wearable sensors, as reviewed in recent studies, have expanded motion analysis applications 

into healthcare, rehabilitation, and intelligent motion control, further enhancing the versatility 

of motion capture systems (Wang et al., 2023). Beyond industrial use, motion capture has 

gained widespread adoption in areas such as sports performance analysis, gaming, and 

biomechanics, where the ability to accurately record and replicate intricate human movements 

is crucial. In the domain of martial arts, datasets capturing expert and novice karate techniques 

using optical MoCap further emphasize its role in performance benchmarking and skill 

differentiation �6]F]ĊVQD�HW�DO��������. In 2023, the global 3D motion capture system market 

was valued at approximately USD 222.65 million, highlighting the growing demand for this 

technology across multiple sectors (SNS Insider, 2023). 
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Motion segmentation, the process of dividing continuous movement into meaningful 

segments, is a key step in motion analysis. Many existing methods are designed for highly 

periodic or cyclic motions such as walking or running. While martial arts kicks may appear 

repetitive, their transitions often vary in timing and intensity, making segmentation more 

challenging. Compared to fields like dance, where segmentation has been more widely studied, 

research on segmenting martial arts movements using motion capture data remains limited. 

This research adapts a segmentation framework from Sonoda et al., which identifies 

movement transitions based on three features: angular velocity, direction change, and 

volume change. By modeling martial arts movement through segmentation and visualization, 

this study aims to support deeper understanding in the martial arts domain and provide a 

segmentation framework that supports studies in biomechanics. 

1.2 Problem Statement and Research Questions 

Based on the study background, the problems this research is trying to solve are: 

1. RQ1: How can Sonoda et al.'s segmentation methods be adapted to effectively 

detect motion phases in martial arts movements? 

2. RQ2: Among angular velocity, direction change, and volume change, which 

method provides the most accurate segmentation? 

3. RQ3: How does combining the three segmentation methods affect performance 

compared to using each method individually? 

4. RQ4: How do the segmentation results compare with expert-annotated ground truth 

data? 

1.3 Research Scope 

This study uses 3D motion capture data of Wushu kicking movements from a publicly 

available dataset. It applies three segmentation methods: angular velocity, direction change, 

and volume change. The angular velocity method focuses on lower-body markers to analyze 

OHJ�PRYHPHQWV��ZKLOH�WKH�GLUHFWLRQ�FKDQJH�PHWKRG�XVHV�D�VLQJOH�PDUNHU�WR�UHSUHVHQW�WKH�ERG\¶V�

core. The volume change method examines overall body structure using all available markers. 

The analysis is limited to one data input of Wushu kicking motions and evaluated against 

expert-annotated ground truth. Other martial arts styles, machine learning-based segmentation, 

and upper-body-specific techniques are outside the scope of this research. 
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1.4 Research Objectives 

The main objectives of this research are to: 

1. Adapt a motion segmentation framework from previous work for use in the context 

of martial arts. 

2. Analyze the effectiveness of three segmentation methods (angular velocity, 

direction change, and volume change) when applied to martial arts, specifically 

Wushu kicking motions. 

3. Compare the performance of each method and evaluate their accuracy using ground 

truth annotations, measured by cosine similarity metric. 

4. Provide an adapted segmentation framework that supports motion analysis and 

future research on martial arts motion data. 

1.5 Report Structure 

This thesis is organized as follows: 

CHAPTER I INTRODUCTION: Presents the background, research questions, 

objectives, scope, and structure of the study. 

CHAPTER II THEORETICAL FRAMEWORK AND LITERATURE REVIEW: 

Covers key concepts and related studies on martial arts, motion capture, and segmentation 

techniques. 

CHAPTER III RESEARCH METHODOLOGY: Explains the dataset, preprocessing 

steps, segmentation methods, and evaluation metrics used in the study. 

CHAPTER IV RESULTS AND DISCUSSIONS: Presents the results of each method, 

evaluates their performance, and compares the findings with related work. 

CHAPTER V CONCLUSION: Summarizes the main findings, highlights contributions 

and limitations, and offers directions for future research. 
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 CHAPTER II 

THEORETICAL FRAMEWORK & LITERATURE REVIEW 

 

2.1 Theoretical Framework 

2.1.1 Martial Arts 

Martial arts refer to a wide range of structured systems of combat and physical discipline, 

traditionally practiced for self-defense, military training, spiritual development, and health 

enhancement. Over time, martial arts have evolved into multifaceted disciplines encompassing 

cultural heritage, philosophy, aesthetics, and competitive sports. Styles such as Wushu, 

Taekwondo, Karate, and Pencak Silat often blend rigorous physical training with meditative 

practices and ethical values, such as respect, discipline, and self-control (Ciaccioni et al., 2024; 

6WDPHQNRYLü�HW�DO��������. For instance, the Chinese martial art Wushu integrates spiritual and 

philosophical frameworks like Taoism and the yin-yang principle, which emphasize balance, 

fluidity, and harmony in motion (Han et al., 2021). 

Wushu, also known broadly as Kung Fu, serves as a cultural embodiment of both 

traditional and modern Chinese martial arts. The word "Wushu" literally means "martial 

technique" in Chinese, and its modern practice includes both aesthetic routines and combat 

applications. As a sport, it emphasizes internal and external training, incorporating dynamic 

acrobatic movements and stylized attacks and defenses (Yangyang, 2023).  

Lastly, in the Indonesian context, Pencak Silat carries similar significance where it is not 

just as a martial art, but to instill ethical behavior and leadership values (Schiff, 2022). These 

FXOWXUDO�IDFWRUV�VHUYH�DV�RQH�RI�WKH�GULYLQJ�IRUFHV�WR�GHOYH�GHHSHU�RQ�PDUWLDO�DUWV¶�PRYHPHQW�

complexity and intentionality.  

Martial arts are particularly well-suited for computational modeling due to their non-

repetitive, explosive motion characteristics. Techniques typically involve rapid accelerations, 

full-body coordination, and highly controlled limb trajectories, including spins, jumps, and 

strikes. Unlike locomotor activities such as walking or running, martial arts motions are 

structured into discrete sequences (e.g., forms, or "kata") that can be further segmented and 

analyzed computationally. This complexity has led to a growing interest in leveraging motion 

capture and biomechanical analysis to examine performance accuracy, prevent injury, and 

develop interactive systems such as virtual martial arts training platforms (Wan Idris et al., 

2019). 
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2.1.2 Motion Capture 

Motion capture (MoCap) is a technology used to digitally record, analyze, and 

reconstruct human or animal motion by tracking the position of body markers or sensors over 

time. In high-precision marker-based optical systems, reflective markers are attached to key 

anatomical landmarks and tracked by multiple infrared cameras. These cameras triangulate the 

PDUNHUV¶� SRVLWLRQV� LQ� �'� VSDFH�� FDSWXULQJ� ILQH-grained spatial-temporal data at high frame 

rates. Alternatively, markerless motion capture (MMC) uses computer vision techniques to 

analyze body movement without physical markers, allowing for more natural and comfortable 

motion tracking in various environments. The output will beta precise digital data that 

represents natural movement. The resulting output is a precise digital representation of 

movement, often structured as a time-series dataset of XYZ coordinates that reflects full-body 

kinematics with high resolution. MoCap is widely applied across disciplines including 

biomechanics, animation, sports science, and robotics, due to its ability to provide accurate, 

reproducible motion data. 

As industries increasingly adopt digital tools under the umbrella of the Fourth Industrial 

Revolution, the application of motion capture has expanded rapidly, from gaming and 

industrial robotics to healthcare and martial arts education (Menolotto et al., 2020). The market 

for 3D MoCap systems alone was valued at over USD 222 million in 2023, reflecting its 

growing relevance in diverse sectors (SNS Insider, 2023). Specifically, in biomechanical 

research, MoCap enables the precise analysis of joint angles, limb trajectories, angular velocity, 

and postural shifts, essential for understanding complex physical movements like those found 

in Wushu, Kendo, and other martial arts disciplines. 

In performance analysis and movement science, MoCap is valued for its non-invasive 

and objective capture of real-time joint behavior and coordination. Especially for martial arts, 

where rapid strikes, limb extensions, and rotational techniques demand accuracy and power, 

MoCap enables segmentation and visualization of movement phases that are difficult to track 

with the naked eye. MoCap data also serves as input for modeling skeletal animations, 

computing kinematic derivatives, and identifying motion transitions, which are tools that are 

vital for both scientific research and the development of real-time interactive systems such as 

virtual coaching platforms. 
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2.1.3 Motion Segmentation 

Motion segmentation refers to the process of dividing continuous movement into smaller 

segments, where each segment represents a distinct phase of action. In martial arts, this is 

especially important because techniques such as kicks, strikes, and transitions often occur in 

rapid, discrete bursts that cannot be captured effectively as a single continuous action. 

Segmenting these motions enables more focused analysis of specific techniques, 

facilitates feedback for performance improvement, and supports downstream applications such 

as classification, simulation, or automated coaching. Unlike cyclic motions like walking or 

running, martial arts actions are often non-repetitive, asymmetrical, and high in variation, 

which makes traditional segmentation approaches less effective. 

This study adopts a feature-based segmentation framework, where physical cues from 

the motion data are used to detect transition points. This approach assumes that specific 

physical changes correspond to changes in motion phases. Three features are used, which are 

angular velocity, directional change, and volume change. These methods are later combined 

and evaluated together. 

Angular Velocity 

Angular velocity measures the rate of joint rotation, where it captures how fast a joint 

rotates over time. This is useful in martial arts, where quick kicks or shifts in the body often 

involve strong bursts of joint rotation. Compared to linear velocity, angular velocity is better 

suited for tracking rotations in joints such as the hips, knees, and ankles. 

To compute angular velocity, joint angles between connected body segments are first 

calculated using the arccosine of the dot product between their corresponding vectors, as shown 

in Equation (1): 

࢑࢏ࣂ  ൌ ૚ሺିܛܗ܋
࢛� ή �࢜
ԡ࢛ԡԡ࢜ԡ

ሻ (1) 

Where: 

x i represents the frame index 

x k represents the angle index (1 through 6) 

x u, v are the vectors between connected markers 

Once the joint angles are known, angular velocity is computed using the backward 

difference method, with formula shown in Equation (2): 
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ሶࣂ ࢏ ൌ �

࢏ࣂ െି࢏ࣂ�૚
૙Ǥ ૙૚

 
(2) 

Here, 0.01 seconds is the time step, based on a frame rate of 100 frames per second. 

For each frame, the angular velocities of all six angles are squared and summed to 

produce a single value ݖ, shown in Equation (3): 

ࢠ  ൌ � ሺࣂሶ ૚ሻ૛࢏ ൅ ሺࣂሶ ૛ሻ૛࢏ ൅�ሺࣂሶ ૜ሻ૛࢏ ൅ ሺࣂሶ ૝ሻ૛࢏ ൅ ሺࣂሶ ૞ሻ૛࢏ ൅�ሺࣂሶ  ૟ሻ૛ (3)࢏

This value reflects the total rotational activity of the lower body at each frame. 

Segmentation candidates are found by locating local minima in the ݖ signal that occur 

after local maxima. A frame is only accepted as a segmentation point if the local minimum is 

below a dynamic threshold ߬, with the formula shown in Equation (4): 

 ࣎ ൌ �ሺ૙Ǥ࢞ࢇ࢓ ૚ ή ൫࢞ࢇ࢓ሺࢠሻ െ࢔࢏࢓�ሺࢠሻ൯ǡ ૚૙૙ሻ (4) 

This threshold ensures that only meaningful drops in rotational activity are considered, 

filtering out noise and shallow dips. 

A frame is marked as a segmentation point if: 

x z݅ is a local maximum.  

x z݆ is a local minimum. 

x Only accept z݆ if z݆ smaller than ɒ . 

Direction Change 

Direction change is based on the digital FXUYDWXUH�RI�D�PDUNHU¶V�PRYHPHQW�WUDMHFWRU\��,Q�

this study, we use the root marker focused on Left Middle Waist (LMWT) projected on the 

horizontal plane (XY) to track changes in movement direction. This method works well for 

detecting transitions like stepping forward, turning, or pausing. 

To detect turning points, the method calculates digital curvature based on the angle 

between two temporal vectors²one pointing backward (Vector a) and one forward in time 

(Vector b). These vectors span a fixed offset of 15 frames (0.15 seconds), giving a 0.3-second 

analysis window. 

Let ݅݌ be the 2D (X & Y) position of the root marker at frame ݅, and ܮ be the frame offset. 

The forward and backward vectors are shown in Equation (5) and (6): 
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࢏ሬሬԦࢇ  ൌ ࢏࢖ െ(5) ࡸି࢏࢖� 

 

࢏ሬሬԦ࢈  ൌ ࡸା࢏࢖ െ(6) ࢏࢖� 

The curvature at frame ݅ is calculated as the cosine of the angle between these vectors, as 

shown in Equation (7): 

 
࢏࡯ ൌ ࢏ࣂ࢙࢕ࢉ ൌ�

࢏ሬሬԦࢇ � ή � ࢏ሬሬԦ࢈
ԡࢇሬሬԦ࢏ԡฮ࢈ሬሬԦ࢏ฮ

 
(7) 

Values near 1 indicate straight motion, near 0 indicate a 90° turn, and below 0 signal 

sharp or reversing motion. 

To avoid noise, frames are excluded if either vector has insufficient displacement, as 

shown in Equation (8): 

 ԡࢇሬሬԦ࢏ԡ ൏ ฮ࢏ሬሬԦ࢈�ฮܚܗ�ࢀ ൏  (8) ࢀ

Where ܶ = 30 mm is the minimum motion threshold. 

A frame is marked as a segmentation point if: 

x ݅ܥ is a local minimum. 

x ݅ܥ falls below the curvature threshold ɒ (ɒ = 0) 

Volume Change 

This method segments motion by measuring changes in body posture through the volume 

of a 3D convex hull built from all marker positions at each frame. The convex hull volume 

expands during wide stances and contracts during compact ones, providing a global measure 

of spatial posture. 

Let ݅ܥ be the convex hull volume at frame ݅, computed from valid 3D marker coordinates 

using MATLAB's convhull() function. The frame-to-frame volume difference is defined as: 

࢏ࡰ  ൌ � ȁ࢏࡯ െ  ૚ȁ (9)ି࢏࡯

As shown in Equation (9), ܦ reflects posture transitions. Local minima in ܦ often 

corresponds to short pauses or transition phases between movements. 

A frame ݅ is marked as a segmentation point if: 

x ݅ܦ is a local minimum. 
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x Only accept ݅ܦ if ݅ܦ smaller than ɒ, and 1+݅ܦ bigger ɒ. 

 ࣎ ൌ �ሺ૙Ǥ࢞ࢇ࢓ ૛૜ ή ൫࢞ࢇ࢓ሺࡰሻ െ࢔࢏࢓�ሺࡰሻ൯ǡ ૛ ൈ ૚૙૟ሻ (10) 

This adaptive threshold shown in Equation (10) ensures segmentation is responsive to 

motion scale while filtering out noise or shallow fluctuations. 

Motion segmentation continues to play an essential role across various domains, from 

healthcare and sports to interactive systems and digital media. As motion capture becomes 

more widespread and detailed, segmentation methods that balance accuracy, efficiency, and 

interpretability remain crucial, especially in specialized fields like martial arts where 

movements are complex and labeled data is often limited. 

2.1.4 Ground Truth as an Evaluation Metric 

In the context of movement segmentation, ground truth refers to the set of frame indices 

that have been manually labeled or verified by experts as true transition points between motion 

phases. These labels are treated as the standard reference against which the performance of an 

algorithm is measured. Ground truth plays a critical role in validating the effectiveness of 

automated segmentation methods. Without it, there is no reliable benchmark to determine 

whether a predicted point correctly identifies a meaningful change in motion. 

Ground truth data is typically derived from visual inspection, expert annotation, or 

consensus among multiple observers. In this study, the ground truth points were obtained 

through manual labeling of key motion transitions in martial arts sequences. After filtering for 

redundancy and enforcing a minimum temporal separation, this final ground truth set serves as 

the reference for performance evaluation. 

To assess how well the predicted segmentation points align with the ground truth, we use 

a metric based on cosine similarity. This approach treats evaluation as a geometric matching 

problem between two binary vectors: one representing predictions, the other representing 

ground truth labels. 

Let: 

x A be a binary vector representing predicted segmentation points 

x B be a binary vector representing the ground truth points 

x Each element of A is 1 if a prediction matched a ground truth point (within ±100 

frames), else 0 
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x ۅ$ۅ�DQG� �ۅ%ۅ UHSUHVHQW� WKH�(XFOLGHDQ�QRUPV��L�H��� VTXDUH�URRWV�RI� WKH�QXPEHU�RI�

matched predictions and total ground truth points). 

The cosine similarity is computed as follows: 

 
࢚࢟࢏࢘ࢇ࢒࢏࢓࢏ࡿ ൌ �

�࡭ ή ࡮�
ԡ࡭ԡ ή ԡ࡮ԡ

 
(11) 

Where: 

x ܤڄܣ is the total number of matched predictions (true positives) 

x צܣצ = ¥number of matched predictions 

x צܤצ = ¥number of ground truth points 

This metric gives a single value between 0 and 1, where 1 indicates perfect alignment 

between predicted and ground truth points. Unlike precision or recall, cosine similarity treats 

segmentation performance as a measure of angular alignment in a high-dimensional binary 

space. It is especially useful in scenarios where over-segmentation or under-segmentation can 

skew traditional metrics. 

By using this approach, the evaluation emphasizes overall alignment quality rather than 

penalizing minor deviations in timing. This is well-suited for motion capture tasks, where 

transition points may not always be detected at the exact frame but still correspond to 

semantically meaningful boundaries. 

2.2 Literature Review 

This section provides a comparative overview of existing research in motion 

segmentation, highlighting various methodologies and their applications. By examining these 

diverse approaches, this review aims to contextualize the present study's chosen methodology 

within the broader landscape of motion analysis, identify key challenges in segmenting 

complex human movements like martial arts, and demonstrate how prior work informs the 

adaptation and evaluation of the proposed framework. 

Here we will compare relevant works of motion segmentation. We have 6 relevant papers, 

representing different approaches to motion segmentation and analysis, each offering unique 

strengths and insights that are pertinent to the goals of this thesis. These works range from 

foundational rule-based methods to advanced learning-based techniques and feature-driven 

approaches, providing a comprehensive backdrop against which the current research can be 
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positioned and evaluated. Table 2.1 shows the comparison of relevant papers segmented into 

its corresponding sections. 

Table 2.1 Literature review from relevant papers 

No. Title Author Method Object Results Limitations 

1 Segmentati

on of 

Dancing 

Movement 

by 

Extracting 

Features 

from 

Motion 

Capture 

Data 

Masafumi 

Sonoda et 

al. (2008) 

Physical 

level 

segmentatio

n of whole 

body dance 

motion. 

Uses three 

types of 

information: 

change of 

speed of 

body 

motion, 

change of 

direction of 

whole body 

motion, and 

change of 

size of the 

space 

produced by 

the body. 

Speed-based 

method 

traces the 

fastest 

marker. 

Direction-

based 

method 

observes 

Motion 

capture data 

for whole 

body motion 

during dance, 

specifically 

classical 

ballet and 

contemporary 

street dance 

(break 

dance). 

Experiments 

show 

promising 

results for 

ballet and 

break dance. 

Integration 

of results 

from 

multiple 

methods 

improves 

recall (e.g., 

0.59 to 0.85 

for ballet, 

0.11-0.44 to 

0.64-0.69 for 

break 

dance). 

Method 

detected 

frames 

where dance 

steps 

changed. 

Simple speed-

based methods 

might detect 

irrelevant 

candidates. The 

method does not 

account for 

hierarchy of 

motion patterns; 

thus, it is not 

directly 

applicable to 

dances with 

hierarchical 

structures. Will 

not work well for 

detecting cyclic 

motions in 

repetitive actions. 

Precision for 

break dance was 

not always 

satisfactory. Does 

not use semantic-

level information 

(meaning, style) 

of the dance. 
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Root marker 

trajectory 

and uses 

digital 

curvature. 

Space-based 

method uses 

volume of 

3D convex 

hull 

enclosing 

markers. 

Integrates 

candidates 

using 

logical OR 

and merging 

close/simila

r points. 

2 Fine-

Grained 

Semantic 

Segmentati

on of 

Motion 

Capture 

Data using 

Dilated 

Temporal 

Fully-

Convolutio

nal 

Networks 

N. 

Cheema 

et al. 

(2019) 

Semi-

automatic 

framework 

based on 

supervised 

machine 

learning 

techniques. 

Transforms 

motion 

capture 

sequences 

into a 

"motion 

image" and 

applies a 

dilated 

Fine-grained 

semantic 

segmentation 

of human 

motion 

capture data. 

Examples 

include 

"standing," 

"begin left 

step," "left 

step in 

locomotion," 

"reach," and 

"turn (in 

standing)". 

Evaluated on 

Outperforms 

two state-of-

the-art 

models for 

action 

segmentatio

n (ED-TCN, 

DilatedTCN) 

and a 

popular 

sequence 

modeling 

network (Bi-

LSTM). 

Achieves 

90.81% test 

accuracy 

Existing (semi-

)automatic 

solutions often 

require hand-

crafted features 

or lack semantic 

annotations. 

Human-labeled 

annotation data 

suffers from 

inconsistencies. 

Kinematic-based 

methods are not 

versatile for 

diverse actions. 

Unsupervised 

methods lack 
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temporal 

fully-

convolution

al neural 

network 

(DT-FCN) 

for image 

segmentatio

n. Uses 

dilated 

temporal 

convolution

s for large 

receptive 

fields. 

Model is 

fully-

convolution

al and 

handles 

variable 

length input 

sequences. 

standing, 

walking, 

picking, 

placing, and 

turning 

actions. 

without 

noise, and 

remains very 

robust under 

noisy and 

inaccurate 

training 

labels (e.g., 

almost 90% 

accuracy 

with 80% 

noisy 

labels). 

Training is 

magnitudes 

faster than 

RNN-based 

methods (~1 

minute vs. 

~40 

minutes). 

Masking 

boundary 

frames 

improves 

performance 

(e.g., 

92.42% 

accuracy 

with 11 

frames 

masked vs. 

90.81% 

without). 

Can 

distinguish 

control and 

semantic 

labeling. 

Recurrent Neural 

Networks 

(RNNs) have 

exploding/vanishi

ng gradient 

problems and 

parallelization 

difficulties. 
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similar 

motion 

primitives 

like "start 

left step" and 

"left step". 

3 Skeleton-

Based 

Action 

Segmentati

on with 

Multi-

Stage 

Spatial-

Temporal 

Graph 

Convolutio

nal Neural 

Networks 

Benjamin 

Filtjens, 

Bart 

Vanrumst

e, Peter 

Slaets 

(2022) 

Proposes 

Multi-Stage 

Spatial-

Temporal 

Graph 

Convolution

al Neural 

Networks 

(MS-GCN). 

Replaces 

initial 

temporal 

convolution

s with 

spatial 

graph 

convolution

s and dilated 

temporal 

convolution

s. Combines 

dilated 

temporal 

convolution

s, spatial 

graph 

convolution

s, and 

multiple 

refinement 

Skeleton-

based action 

segmentation 

for human 

movement 

analysis. 

Uses marker-

based, 

marker-less 

optical, and 

inertial-based 

MoCap 

representatio

ns. Evaluated 

on diverse 

datasets 

including 

PKU-

MMDv2, 

HuGaDB, 

LARa, FOG-

GAIT 

(freezing of 

gait), and 

TUG (Timed 

Up-and-Go). 

Statistically 

outperforme

d four strong 

baselines 

(Bi-LSTM, 

TCN, ST-

GCN, MS-

TCN) on 

four out of 

five datasets. 

Refinement 

stages 

significantly 

reduce over-

segmentatio

n errors 

(improves 

F1@50 

scores). 

Explicitly 

modeling 

spatial 

hierarchy 

(graph 

convolutions

) is 

beneficial, 

impacting 

sample-wise 

accuracy. 

Action 

segmentation is 

more challenging 

than recognition 

due to 

simultaneous 

recognition and 

localization. 

Sliding-window 

methods have 

trade-offs 

between context 

and sensitivity to 

short actions. 

Predictions tend 

to over-segment 

at high temporal 

frequencies. 

Generic action 

segmentation 

approaches do 

not consider 

spatial hierarchy. 
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stages. Uses 

acausal 

convolution

s (considers 

past and 

future). 

Dilated 

convolutions 

improve 

accuracy, 

and acausal 

convolutions 

perform 

better by 

utilizing 

future 

context. 

4 Unsupervis

ed motion 

capture 

data 

segmentati

on based 

on topic 

model 

Xiaoyan 

Hu et al. 

(2021) 

Unsupervise

d motion 

segmentatio

n method 

based on 

Sparse 

Topical 

Coding 

(STC) topic 

model. 

Builds a 

"motion 

vocabulary" 

from poses 

using 

hierarchical 

agglomerati

ve 

clustering. 

Views 

motions as 

"motion 

documents" 

generated 

by a sliding 

Motion 

capture data 

for 

unsupervised 

motion 

segmentation. 

Evaluated on 

CMU Mocap 

dataset 

(subject 86, 

other 

subjects) and 

HDM05 

dataset 

(unknown 

subjects and 

motion 

types). 

Includes 

motions like 

walking, 

jumping, 

punching, leg 

kicks, 

jogging, 

Achieves 

very high 

accuracy 

(average 

94.53% on 

subject 86 

CMU 

Mocap). 

Shows 

strong 

generalizatio

n ability 

across 

different 

subjects and 

datasets. 

Outperforms 

ACA and 

HACA in 

some cases. 

STC 

produces 

sparse and 

highly 

discriminabl

LDA (another 

topic model) may 

perform poorly 

on short 

texts/actions and 

lacks control over 

posterior sparsity. 

May not perform 

well on very 

short motions. 

Accuracy can 

vary between 

subjects. Quality 

of motion 

vocabulary is 

crucial. 
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window. 

Extracts 

sparse 

topical 

codes using 

STC. 

Conducts 

spectral 

clustering 

on 

document 

codes to 

find 

segmentatio

n points. 

Uses 

silhouette 

coefficient 

to determine 

the number 

of motion 

types (K). 

bending 

knees. 

e document 

codes. Can 

identify the 

same motion 

type across 

datasets and 

segment 

sub-actions 

(e.g., 

right/left leg 

kicks). 

5 Sensor 

Combinati

on 

Selection 

Strategy 

for Kayak 

Cycle 

Phase 

Segmentati

on Based 

on Body 

Sensor 

Networks 

Sen Qiu 

et al. 

(2022) 

Automatic 

phase 

segmentatio

n using 

inertial 

sensors 

(IMUs) and 

data fusion 

algorithms 

to calculate 

joint angles. 

Extracts 23 

characteristi

c variables 

Fine time 

phase 

segmentation 

of kayak 

rowing cycle. 

Divides the 

cycle into 8 

phases 

(left/right 

blade entry, 

pull, exit, 

recovery). 

Investigates 

kayaker's 

Precision 

increases 

with more 

motion 

information 

(more sensor 

data). 

Combination 

8 (LUA-T + 

RUA-T, 

using 3 

nodes) with 

SVM is the 

optimal 

Traditional video 

methods have 

blind spots, are 

light-affected, 

less accurate, and 

inconvenient; 

manual sensor 

combination 

selection is 

complex for more 

nodes. 

Misclassification 

occurs at phase 

transitions due to 
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from time 

and 

frequency 

domains in 

20-sample 

windows. 

Evaluates 

nine 

different 

angle 

sequence 

combination

s as input 

features and 

four 

machine 

learning 

algorithms: 

Decision 

Tree, SVM, 

KNN, 

Bagging 

Ensemble 

Learning. 

Applies 

PCA for 

dimension 

reduction. 

Uses 5-fold 

cross-

validation. 

technique and 

upper limb 

coordination. 

Conducted 

outdoor 

experiments 

with 

kayakers. 

solution 

(98.1% 

accuracy, 

96.6% 

Macro-

PPV). SVM 

shows the 

highest 

accuracy 

among 

tested 

algorithms. 

Shoulder 

joint angle 

provides 

more 

information 

than elbow 

angle. IMU-

based 

method is 

reliable 

(comparable 

to 

OptiTrack) 

and superior 

to optical 

systems for 

on-water 

sports. More 

convenient 

than manual 

video 

labeling. 

Useful for 

analyzing 

training data 

strategy. Single-

angle sequences 

are less effective. 

One-sided angle 

sequences lead to 

unstable 

performance due 

to handedness. 

Too many nodes 

reduce athlete 

comfort. 
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paddling 

rhythm and 

technical 

characteristi

cs. 

6 Martial 

Arts 

Moves 

Recognitio

n Method 

Based on 

Visual 

Image 

Husheng 

Zhou 

(2022) 

Segments 

and extracts 

Wushu 

movement 

signals from 

visual 

images. 

Involves 

denoising 

using 

wavelet 

transform 

(e.g., 3-

layer). Uses 

a sliding 

window 

data 

segmentatio

n technique. 

Calculates 

net 

acceleration

. Builds a 

Hidden 

Markov 

Model 

(HMM) for 

each martial 

arts 

movement. 

Baum-

Recognition 

and 

segmentation 

of Wushu 

(martial arts) 

movements 

from visual 

images. 

Focuses on 

improving 

accuracy and 

efficiency. 

Training data 

includes 8 

martial arts 

movements: 

flat horse, 

lunge, punch, 

split, palm 

push, palm 

split, kick, 

spring. 

Wavelet 

transform 

effectively 

denoises 

data (3-layer 

better than 

2-layer; 17.5 

dB higher 

SNR, 4.48 

dB lower 

MSE). 

HMM-based 

model shows 

higher 

recognition 

accuracy 

than SVM, 

CNN, and 

BP neural 

network. For 

1,000 

samples, 

HMM 

achieves 

99.75% 

accuracy (up 

to 1.50%p 

higher). For 

4,000 

samples, 

HMM 

SVM easily 

overfits and 

locally optimizes, 

leading to 

inadequate 

accuracy. Baum-

Welch single 

training can lead 

to local 

optimization and 

low recognition 

rates if only one 

dataset is used. 

Absence of 

prepared sample 

data raises 

concerns about 

flawed 

experimental 

results. 
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Welch 

algorithm 

trains HMM 

parameters, 

enhanced 

with 

frequency 

weighted 

training and 

mean 

training 

methods. 

Viterbi 

algorithm 

identifies 

movements 

by 

determining 

optimal 

state 

sequence 

probability. 

achieves 

99.60% 

accuracy (up 

to 1.14%p 

higher). 

Frequency 

weighted 

training of 

Baum-

Welch 

converges 

better. 

System is 

trustworthy 

and 

effective. 

Sonoda et al. (2008) introduced a feature-driven method combining three interpretable 

physical features: linear velocity, direction change, and convex hull volume. Their approach, 

although originally designed for dance motions, provides a compelling framework for martial 

arts due to its ability to detect transitions in expressive, non-cyclic movements without 

requiring training data. Unlike many learning-based methods, this approach is domain-

agnostic, lightweight, and adaptable²offering a transparent mechanism to identify phase 

boundaries, which is critical when expert-labeled datasets are scarce or unavailable. 

In contrast, Cheema et al. (2019) and Filtjens et al. (2022) applied supervised deep learning 

methods, including fully convolutional networks and graph-based models. While these 

methods demonstrate high segmentation accuracy (up to 90%+) and effective modeling of 

long-range dependencies, they are heavily dependent on large, labeled datasets, and require 

significant computational resources. Moreover, their black-box nature makes interpretation of 
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segmentation boundaries difficult, limiting their suitability in martial arts contexts where 

explainability and domain validation are key. 

Unsupervised methods, such as +X�HW�DO�¶V������� STC-based topic model, show strong 

generalization and segmentation performance without labels, but they rely on clustering over 

motion vocabularies that may not perform well on very short or explosive motion types²

common in martial arts. Similarly, sensor-based approaches like Qiu et al. (2022) (IMU-based 

phase recognition for kayaking) are accurate but unsuitable for martial arts applications due to 

wearability concerns, complexity of real-world deployment, and limited motion diversity in 

training. 

=KRX¶V������� HMM-based method for Wushu recognition from visual signals highlights 

the viability of statistical modeling in martial arts, but its reliance on hand-crafted features and 

image-based preprocessing introduces limitations in 3D kinematic accuracy and sensor 

dependency. 

Taken together, Sonoda et al.'s method offers the best balance between interpretability, 

flexibility, and domain suitability for martial arts motion, which features rapid, irregular, and 

coordinated full-body transitions. Its reliance on low-level physical descriptors²linear 

velocity, trajectory curvature, and spatial expansion²makes it highly adaptable to the non-

SHULRGLF�DQG�H[SORVLYH�QDWXUH�RI�PDUWLDO�DUWV��$GGLWLRQDOO\��WKH�PHWKRG¶V�PRGXODULW\�DOORZV�IRU�

individual tuning of each feature, which aligns well with the biomechanical richness and 

segmentation challenges present in techniques like Wushu kicks. Therefore, this study adapts 

6RQRGD¶V�IUDPHZRUN��H[WHQGLQJ�LWV�DSSOLFDWLRQ�IURP�GDQFH�WR�PDUWLDO�DUWV��ZKLOH�LQWHJUDWLQJ�

domain-specific refinements to suit the unique demands of the task. 
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 CHAPTER III 

 RESEARCH METHODOLOGY 

 

This chapter outlines the research methodology employed in this study. The motion 

capture data for this research will be obtained from the publicly accessible online archive of 

the National University of Singapore, which hosts a diverse collection of MoCap recordings, 

including dance, sports, and martial arts performances. From this extensive dataset, our study 

will focus specifically on Wushu kicking motions. The raw 3D coordinate data was 

preprocessed and visualized using MATLAB, which provides robust tools for data filtering, 

coordinate transformation, and 3D rendering. Utilizing MATLAB enhances the accuracy and 

interpretability of our motion analysis and differentiates our methodology from that of Sonoda 

et al., who employed alternative computational techniques. 

Following the visualization process, we implemented three segmentation methods 

DGDSWHG�IURP�6RQRGD�HW�DO�¶V�IUDPHZRUN��VHJPHQWDWLRQ�EDVHG�RQ�DQJXODU�YHORFLW\��FKDQJHV�LQ�

motion direction, and changes in volume via convex hull. After key frames are segmented using 

these features, the reconstructed 3D skeleton visualizations will be used to illustrate the 

resulting motion phases based on the segmentation. The segmentation results will then be 

compared against ground truth data, which are collected from experienced martial arts 

respondents. The performance of the segmentation methods will be quantitatively evaluated 

and compared with the ground truth using cosine similarity to measure accuracy. 

Figure 3.1 shows the research methodology flowchart, where the methodology are 

broken down into 3 sections: Preprocessing, Segmentation, and Evaluation. 
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Figure 3.1 Research methodology flowchart 

3.1 Preprocessing 

3.1.1 Collecting and Preprocessing Motion Capture Data 

To ensure the motion capture data is properly structured for analysis, it was preprocessed 

before being imported into MATLAB. The collected Wushu motion capture data consists of 

X, Y, and Z coordinates for multiple body markers, recorded as time-series data. Since the raw 

data is initially stored in .txt format, it will be converted into an Excel (.xlsx) file for better 

organization and accessibility. This conversion allows easier data manipulation and integration 

with preprocessing scripts. Additionally, the Excel file will be modified to combine the X, Y, 

and Z coordinates for each marker into a single cell, simplifying the data structure for efficient 

parsing in MATLAB. 
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Converting Coordinate Data into Excel 

The Wushu coordinate data, consisting of X, Y, and Z values for each body marker, will 

be initially collected in .txt format and subsequently converted to .xlsx to facilitate easier 

management and analysis. 

 
Figure 3.2 Full-body marker position and labels 

Source: (Carnegie Mellon University, n.d.) 

 Image in Figure 3.2 shows a brief visualization of marker placement in the human body 

as well as its labels. It is important to note that the marker placement guide shown in Figure 

3.2 does not fully reflect the configuration used in our martial arts dataset, due to some 

differences in marker placement. For instance, our dataset includes four markers to represent 

the shoulders, which are LFSH, LBSH, RFSH, and RBSH. Figure 3.2 on the other hand, only 

uses two markers, LSHO and RSHO, to represent the same regions. Table 3.1 shows the raw 

coordinate data, recently converted from .txt to .xlsx. 

Table 3.1 Wushu kicking motion coordinates for marker ARIEL from frame 1 to 9 

Frames ARIEL X ARIEL Y ARIEL Z 

1 209.772 1649.082 -183.245 

2 208.051 1648.934 -183.377 
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3 206.286 1648.746 -183.427 

4 204.466 1648.519 -183.403 

5 202.625 1648.271 -183.335 

6 200.72 1648.036 -183.244 

7 198.767 1647.824 -183.173 

8 196.756 1647.652 -183.122 

9 194.689 1647.502 -183.076 

 

Implementing Visual Basic for Applications (VBA) into Excel 

To facilitate the seamless import of coordinate data into MATLAB, modifications to the 

table structure are necessary. Specifically, the X, Y, and Z coordinates for each marker must 

be combined into a single cell to streamline data processing. To achieve this, we implement 

Visual Basic for Applications (VBA) within the Excel file, automating the restructuring 

process. The VBA script inserts new empty columns after the first column and subsequently 

repeats this pattern after every three columns. These newly added columns serve as dedicated 

spaces for storing the combined X, Y, and Z coordinate values for each marker, ensuring a 

more structured and efficient data format for MATLAB processing. Figure 3.3 VBA code for 

adding new columns automatically shows the VBA code used to add the new columns, and 

Table 3.2 Wushu kicking motion coordinates after VBA codeis the Excel result after 

implementing the VBA code. 

Figure 3.3 VBA code for adding new columns automatically 

 

 

Sub AddColumns() 
    Dim ws As Worksheet 
    Dim col As Long 
    Dim lastCol As Long 
 
    Set ws = ThisWorkbook.Sheets("Sheet1") 
 
    lastCol = ws.Cells(1, ws.Columns.Count).End(xlToLeft).Column 
 
    For col = lastCol To 1 Step -1 
        If (col - 1) Mod 3 = 0 Then 
            ws.Columns(col + 1).Insert 
        End If 
    Next col 
End Sub 
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Table 3.2 Wushu kicking motion coordinates after VBA code 

Frames  ARIEL X ARIEL Y ARIEL Z 

1  209.772 1649.082 -183.245 

2  208.051 1648.934 -183.377 

3  206.286 1648.746 -183.427 

4  204.466 1648.519 -183.403 

5  202.625 1648.271 -183.335 

6  200.72 1648.036 -183.244 

7  198.767 1647.824 -183.173 

8  196.756 1647.652 -183.122 

9  194.689 1647.502 -183.076 

 

Concatenating Values into New Cells 

Once the new columns have been created, the next step is to populate them with the 

combined coordinate data. This is accomplished using an Excel formula that employs the 

ampersand (&) operator to concatenate the X, Y, and Z coordinate values into a single cell. The 

formula is structured to enclose the combined coordinates within parentheses ((...)), ensuring 

clarity and consistency in formatting. Each X, Y, and Z value is separated by a comma (","), 

making the data easily parse-able in MATLAB for further analysis. Figure 3.4 shows the Excel 

IRUPXOD�XVHG�IRU�FRQFDWHQDWLQJ�HDFK�PDUNHU¶V�FRRUGLQDWH�GDWD��7R�HIILFLHQWO\�DSSO\�WKH�IRUPXOD�

across the dataset, the filled cells can be dragged down to extend the calculations across all 

frames. Once the data is structured correctly, the filled columns can be copied and pasted into 

the next empty column, ensuring all markers are processed in a uniform manner. Finally, each 

new marker column is manually renamed to maintain organizational clarity and consistency in 

the dataset. The result of concatenation can be seen in Table 3.3. 

 

 

 

Figure 3.4 Excel formula used for concatenation 

 

 

 

 ´�³�	�&��	�³�´�	�'��	�³�´�	�(��	�³�´ 
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Table 3.3 Wushu kicking motion coordinates after concatenation 

Frames ARIEL ARIEL X ARIEL Y ARIEL Z 

1 (209.772, 

1649.082, -

183.245) 

209.772 1649.082 -183.245 

2 (208.051, 

1648.934, -

183.377) 

208.051 1648.934 -183.377 

3 (206.286, 

1648.746, -

183.427) 

206.286 1648.746 -183.427 

4 (204.466, 

1648.519, -

183.403) 

204.466 1648.519 -183.403 

5 (202.625, 

1648.271, -

183.335) 

202.625 1648.271 -183.335 

6 (200.72, 

1648.036, -

183.244) 

200.72 1648.036 -183.244 

7 (198.767, 

1647.824, -

183.173) 

198.767 1647.824 -183.173 

8 (196.756, 

1647.652, -

183.122) 

196.756 1647.652 -183.122 

9 (194.689, 

1647.502, -

183.076) 

194.689 1647.502 -183.076 

 

3.1.2 Processing Data and Visualizing in MATLAB 

Once the modified Excel file is structured correctly, it is imported into MATLAB for pre-

processing, visualization, and analysis. This step is crucial as it ensures that the motion capture 

data is formatted appropriately for segmentation and further feature extraction. 
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Loading and Structuring the Data 

The first step in MATLAB is to load the motion capture data using the readcell function. 

This approach retains the structure of the dataset, including column headers, which represent 

body parts. The script then identifies the columns containing combined (X, Y, Z) coordinates, 

which are formatted in Excel during pre-processing. This step is essential for mapping motion 

markers correctly to their respective anatomical positions, which is critical for segmentation 

and visualization. 

Extracting and Converting Motion Data 

Once the body parts are identified, the script extracts coordinate values for each frame. The 

data is stored as separate matrices for X, Y, and Z coordinates, making it easier to manipulate 

and analyze later. 

Parsing Coordinates 

A loop iterates through each frame of the motion capture data, extracting the combined 

coordinate values from each row. The strsplit function is used to separate the X, Y, and Z 

components, which are subsequently converted to numeric values. However, the original 

coordinate order does not conform to standard axis conventions, leading to a misaligned or 

incorrectly oriented posture when visualized. To ensure accurate skeleton visualization, the 

coordinate axes are rearranged into a custom order. In our case, the axes are reordered from the 

original X-Y-Z format to Y-Z-X, which aligns the skeleton upright and maintains correct 

anatomical orientation during rendering. Figure 3.5 shows a MATLAB code snippet in 

pseudocode where we implement axes rearrangement. 
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Figure 3.5 MATLAB code snippet to parse coordinates 

Interpolating Missing Values 

Motion capture data²such as the Wushu kicking motion used here²contains missing or 

zero values, which can disrupt accurate segmentation and visualization. To mitigate this, spline 

interpolation is applied to estimate and fill in the missing values, which can ensure continuity 

and preserving the smoothness of the motion trajectory. 

Defining Skeletal Structure for Visualization 

To construct a meaningful 3D skeletal representation, the study defines a set of anatomical 

connections between motion capture markers. These manually specified connections represent 

joint relationships that approximate the human skeleton, allowing for a coherent and 

interpretable depiction of body movement. 

Visualizing the 3D Skeleton 

A 3D plotting environment is initialized to prepare for skeleton visualization. This includes 

axis configuration, marker and line creation, and an optional surface for enclosing the body. 

Animating the 3D Skeleton 

 The animation loop visualizes the skeleton over time by updating marker positions for each 

frame of motion data. This dynamic update creates the effect of a moving 3D skeleton. The 

loop will pause every 0.01 seconds, which represents 100 frames per second. 

 Figure 3.6 shows three stages of skeleton visualization for Frame 1. 

FOR each frame_row from 2 to num_frames + 1: 
    FOR each body part index i from 1 to num_parts: 
        FROBLQGH[�ĸ�FRPELQHGBFROV>L@ 
        UDZBGDWD�ĸ�RUDQJ>IUDPHBURZ��FROBLQGH[@ 
        GDWDBVWULQJ�ĸ�FRQYHUW�FHOO�WR�VWULQJ��UDZBGDWD� 
 
        // Remove parentheses 
        GDWDBVWULQJ�ĸ�UHPRYH�
�
�IURP�GDWDBVWULQJ 
        GDWDBVWULQJ�ĸ�UHPRYH�
�
�IURP�GDWDBVWULQJ 
 
        // Split string by comma into coordinate components 
        FRRUGV�ĸ�VSOLW�GDWDBVWULQJ�E\�
�
 
 
        IF coords has exactly 3 elements: 
            y_coords_all[frame_row - ���L@�ĸ�FRQYHUW�FRRUGV>�@�WR�QXPEHU 
            z_coords_all[frame_row - ���L@�ĸ�FRQYHUW�FRRUGV>�@�WR�QXPEHU 
            x_coords_all[frame_row - ���L@�ĸ�FRQYHUW�FRRUGV>�@�WR�QXPEHU 
        END IF 
    END FOR 
END FOR 
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 (a) shows the initial result without adjusting the coordinate axes. The skeleton appears to 

be lying down due to misaligned axes, making the posture hard to interpret. 

 (b) displays the corrected visualization after reordering the axes to Y-Z-X, making the 

skeleton upright and more accurate to its real pose. 

 (c) shows the same corrected frame with a convex hull applied. The convex hull outlines 

WKH�ERG\¶V�YROXPH�DQG�LV�XVHG�LQ�WKH�VHJPHQWDWLRQ�PHWKRG�EDVHG�RQ�YROXPH�FKDQJH�DFURVV�

frames. 

 
               (a)                 (b) 

 
(c) 

Figure 3.6 Skeleton visualization 

3.2 Segmentation 

Before identifying segmentation candidates, we established three guiding conditions to 

ensure consistency and relevance in the segmentation results: 

a. 'RHV� HDFK�PHWKRG¶V� WKUHVKROG� FORVHO\� UHVHPEOH� WKH� SULQFLSOHV� RXWOLQHG� LQ� 6RQRGD¶V�

original approach? 

b. Is the total number of segmentation candidates for each method fewer than 22? 

c. For each set of 11 kicks, does every kick have at least one corresponding segmentation 

candidate? 
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These conditions serve as practical guidelines during implementation to help achieve high-

quality segmentation outcomes. 

&RQGLWLRQ� �D�� LV� LQWHQGHG� WR� PDLQWDLQ� FRQFHSWXDO� ILGHOLW\� WR� 6RQRGD� HW� DO�¶V� PHWKRG��

HVSHFLDOO\�ZLWK�UHVSHFW�WR�WKUHVKROGLQJ��6LQFH�6RQRGD¶V�RULJLQDO�SDSHU�GRHV�QRW�VSHFLI\�H[DFW�

numerical thresholds for the angular velocity and volume difference methods, we retain the 

flexibility to define our own thresholds²while avoiding excessive deviation that would 

fundamentally alter the original methodology. 

Condition (b) aims to prevent over-segmentation by capping the number of candidates per 

method. This ensures a manageable number of meaningful segmentation points, ideally 

allowing no more than two per segmented region. 

Condition (c) ensures that each of the 11 kicking motions is represented by at least one 

segmentation point. This is achieved by carefully adjusting the threshold values to capture all 

key motion transitions. 

These conditions are not strict requirements; the final segmentation results do not need to 

satisfy all of them perfectly. Rather, they act as reference points during method adaptation and 

WXQLQJ��DOORZLQJ�IRU�PRGLILFDWLRQV�WR�6RQRGD¶V�IUDPHZRUN�ZKLOH�SUHVerving its core structure 

and intent. 

3.2.1 Segmentation by Angular Velocity 

This research opts to employ angular velocity for motion segmentation instead of linear 

velocity, as originally proposed by Sonoda et al. Angular velocity is particularly well-suited 

for analyzing complex martial arts movements, where rapid and distinct rotational movements 

of body segments serve as key indicators of transitions between motion primitives. As 

demonstrated in prior studies, such as from Fod et al. (2002), angular velocity provides a solid 

feature for detecting dynamic changes and segment boundaries due to its heightened sensitivity 

to rotational motion²an aspect that linear position data alone may not sufficiently capture. 

Prior to segmentation, several preprocessing steps are conducted to prepare the motion 

capture data. First, a subset of key markers is identified based on their relevance and high 

mobility. For Wushu, which emphasizes dynamic leg movements, the focus is placed on lower-

limb markers. Based on these, six joint angles are computed for Wushu by forming vectors 

between body markers across all 2,378 motion frames. Each angle is calculated using the 

arccosine formula, which enables a quantitative assessment of the rotational relationships 

between connected body parts over time. 
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Once the joint angles are obtained for all frames, angular velocity is computed using the 

backward difference method: each angle is subtracted from its value in the previous frame and 

divided by the fixed time interval of 0.01 seconds (corresponding to 100 frames per second). 

For each frame, the squared angular velocities from all joint angles are summed to produce a 

single scalar value, denoted as z, which represents the overall rotational activity of the lower 

body. 

To identify motion segment boundaries, local maxima in the smoothed signal are first 

detected to indicate bursts of joint rotation. From each of these maxima, the algorithm traces 

forward to find the next local minimum, representing a pause in motion. Only those local 

minima occurring after a maximum are considered segmentation candidates and are accepted 

only if they fall below an adaptive prominence threshold. 

Selecting Key Markers 

Given the complexity of full-body motion capture data, analyzing all available markers 

can be computationally intensive and may introduce unnecessary noise. To streamline the 

analysis, we focus on ten key markers located on both legs from the Wushu data:  

x Right leg: 

o RFWT (Right Front Waist) 

o RBWT (Right Back Waist) 

o RHIP (Right Hip) 

o RANK (Right Ankle) 

o RTOE (Right Toe) 

x Left leg: 

o LFWT (Left Front Waist) 

o LBWT (Left Back Waist) 

o LHIP (Left Hip) 

o LANK (Left Ankle) 

o LTOE (Left Toe) 

These markers were selected due to their high mobility and prominent role in Wushu 

kicking motion. To preserve anatomical relevance, we manually define the connections 

between these markers to form a simplified yet representative model of the human leg. The 
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comparison between the main skeleton visualization (a) and the key selected markers (b) are 

shown in Figure 3.7. 

  
            (a)       (b) 

Figure 3.7 Leg structure comparison 

Computing Joint Angles 

Based on the marker connections, six angles are JDWKHUHG�IURP�:XVKX¶V�NH\�PDUNHUV: 

x și
1

 (RHIP ± RBWT, RANK ± RHIP)ס = 

x și
2

 (RHIP ± RFWT, RANK ± RHIP)ס = 

x și
3

 (RANK ± RHIP, RTOE ± LANK)ס = 

x și
4

 (LHIP ± LBWT, LANK ± LHIP)ס = 

x și
5

 (LHIP ± LFWT, LANK ± LHIP)ס = 

x și
6

 (LANK ± LHIP, LTOE ± LANK)ס = 

After determining the angles, we can then calculate and find the angle value using 

arccosine formula. The formula will be repeated for all six angles on one frame and repeated 

again for all 2,378 frames. Figure 3.8 shows a MATLAB code snippet for Equation (1), which 

was shown in 2.1.3 Motion Segmentation. 
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Figure 3.8 MATLAB code snippet to compute joint angles 

Computing Angular Velocity 

$IWHU� KDYLQJ� DOO� DQJOHV� IURP� DOO� IUDPHV�� ZH� FDQ� WKHQ� FDOFXODWH� HDFK� DQJOH¶V� DQJXODU�

velocity. Since we have all the angles, this can be achieved using backward difference 

method²by implementing subtraction between the current frame and its previous frame and 

divided by the time interval of 0.01 seconds (100 frames per second). Figure 3.9 shows a 

MATLAB code snippet for Equation (2), which was shown in 2.1.3 Motion Segmentation. 

Figure 3.9 MATLAB code snippet to compute angular velocity 

 

Function ANGLE_BETWEEN(u, v): 
    // Computes the angle (in radians) between two 3D vectors u and v 
    // using the arccosine of their normalized dot product 
 
    ���ɏ��������ͤ����ſ�ř��ƀ 
    ����ɏ��ͤ�����ſ�ƀ 
    ����ɏ��ͤ�����ſ�ƀ 
 
    ������ɏ������ͤ����ɏ��������ŵ�ſ����ɏ��Ƌ�����ɏ�ƀ 
 
    // Clamp value to avoid numerical errors outside valid domain of arccos 
    ������ɏ������ͤ����ſ���ſ������ɏ�����ř�ɨƀř�-1) 
 
    ������ͤ�������ſ������ɏ�����ƀ 
 
    Return angle 
End Function 

Input: 
- theta_all: matrix of joint angles (in radians) for each frame and joint 
- dt: time interval between frames (0.01 seconds) 
 
Output: 
- theta_dot_all: matrix of angular velocities 
 
����������������ɏ���ɏ���ƃ���ɏ������ř�ɭƄ�ͤ���� 
 
	��������ɏ����ͤ�ɩ�������ɏ��������� 
    	��������ɏ����ͤ�ɨ����ɭ��� 
        �	������ɏ���ƃ�����ɏ���ř������ɏ���Ƅ����������ɏ���ƃ�����ɏ����ʬ�ɨř�
angle_idx] are valid THEN 
            �����ɏ���ɏ���ƃ�����ɏ���ř������ɏ���Ƅ�ͤ� 
                ſ�����ɏ���ƃ�����ɏ���ř������ɏ���Ƅ�ʬ������ɏ���ƃ�����ɏ����ʬ�ɨř�
angle_idx]) / dt 
        END IF 
    END FOR 
END FOR 
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1RZ�WKDW�DOO�RI�WKH�IUDPH¶V�DQJXODU�YHORFLW\�KDV�EHHQ�GLVFRYHUHG��ZH�FDQ�WKHQ�VTXDUH�DQG�

VXP�WKH�IRXU�DQJOHV�IRU�RQH�IUDPH�WR�EH�RXU�IUDPH¶V�UHSUHVHQWDWLYH�IRU�WKHLU�DQJXODU�YHORFLW\��

denoted as z. Figure 3.10 shows a MATLAB code snippet for Equation (3), which was shown 

in 2.1.3 Motion Segmentation. 

Figure 3.10 MATLAB code snippet to sum and square angular velocity 

Identifying Segmentation Candidates 

To identify motion segment boundaries, this method analyzes the scalar angular velocity 

signal ݖ, which represents the sum of squared angular velocities from all joint angles. Local 

maxima in the ݖ signal corresponds to bursts of rotational activity, often indicating the peak of 

a dynamic movement phase such as a Wushu kick. 

Starting from each detected local maxima ݅ݖ, the algorithm traces forward through the 

signal to find the next local minima ݆ݖ, representing a potential pause or deceleration phase in 

the motion cycle. To ensure only significant pauses are considered, an adaptive threshold ߬ is 

applied for both local minima and maxima. The local minima are only accepted as a 

segmentation point if it satisfies ݆ݖ < ߬, which helps eliminate shallow or noisy minima. 

The threshold ߬ is defined adaptively based on the range of the ݖ signal. Figure 3.11 

shows a MATLAB code snippet for Equation (4), which was shown in 2.1.3 Motion 

Segmentation. 

Figure 3.11 MATLAB code snippet for Equation (4) 

 

Input: 
- theta_dot_all: matrix of angular velocities (rows: frames, columns: joints) 
 
Output: 
- z: column vector containing sum of squared angular velocities per frame 
 
Procedure: 
FOR each frame i from 1 to num_frames DO 
    �ƃ�Ƅ�ͤ��������������������������������������ɏ���ɏ���ƃ�ř�śƄ 
END FOR 

Input: 
- �ɏ�����ś�����������������������������ſ�Ŝ�Ŝř����ſ�ƀ�ʬ����ſ�ƀƀ 
 
Output: 
- tau: threshold value for segment detection 
 
Procedure: 
����ͤ������������ſɥŜɨ�ʮ��ɏ�����ƀ�����ɨɥɥ 
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Frames are selected as segmentation candidates if they satisfy: 

x z݅ is a local maximum: z݅ Ȃ 1 < z݅ > z݅ + 1  

x z݆ is a local minimum: z݆ Ȃ 1 > z݆ < z݆ + 1, ݆ > ݅ 

x Only accept z݆ if z݆ < ɒ , where ɒ is defined adaptively. 

This formulation ensures that the threshold dynamically adjusts to the overall magnitude 

of movement in the motion sequence. The term 0.1 ڄ�(max(z��í�PLQ�z)) represents a percentage 

(10%) of the full range of the sum of squared angular velocity values across all frames, enabling 

the threshold to scale proportionally with the variation present in the sequence. 

The use of the max function introduces a lower bound of 100, which prevents the 

threshold from falling below a meaningful minimum. This safeguard is particularly useful in 

sequences with low overall motion, as it reduces the likelihood of false segment detections 

caused by minor fluctuations or background noise in the angular velocity signal. Figure 3.12 

VKRZV�D�SVHXGRFRGH�IRU�LGHQWLI\LQJ�DQJXODU�YHORFLW\¶V�VHJPHQWDWLRQ�SRLQWV� 

Figure 3.12 0$7/$%�FRGH�VQLSSHW�IRU�DQJXODU�YHORFLW\¶V�VHJPHQWDWLRQ 

Input: 
- z: vector of summed squared angular velocities per frame 
Output: 
- seg_points: array of frame indices selected as segmentation points 
Procedure: 
 
1. Compute range of z, ignoring NaN values: 
   �ɏ������ͤ����ſ�ƀ�ʬ����ſ�ƀř�������������� 
 
2. Define threshold: 
   ����ͤ����ſɥŜɨ�ʮ��ɏ�����ř�ɨɥɥƀ 
 
3. Identify peaks in z: 
   ����ɏ�����ͤ���������������������������ś 
       - �������������������ʶ���� 
       - �������������������������������ʶ�ɨɥ������� 
 
4. Identify local minima: 
   ���ɏ�����ͤ���������������������ſʬ�ƀř��Ŝ�Ŝř������������ 
 
5. Initialize empty list of segmentation points: 
   ���ɏ�������ͤ�ƃƄ 
 
6. For each peak in peak_locs: 
   - 	�����������������������������������ś�����ɏ����ͤ����������ɏ�����ʴ�
peak_locs[i] 
   - If next_min exists and z[next_min] < tau: 
       - Append next_min to seg_points 
 
End Procedure 



36 
 

3.2.2 Segmentation by Change of Direction 

This method segments martial arts motions by analyzing directional changes within the 

horizontal movement plane, defined by the side-to-side (X) and front±back (Y) axes. The Left 

Middle Waist (LMWT) marker is selected for both Wushu, as the root reference due to its 

central position near the body's center of mass. By projecting the root marker's trajectory onto 

the X±Y plane, the method calculates digital curvature to measure how sharply the body 

changes direction at each frame. 

For every frame ݅ , digital curvature is computed based on the angle between two temporal 

vectors²one pointing from a past frame to the current frame, and one from the current frame 

to a future frame. A frame is selected as a segmentation point if it is a local minimum in 

curvature and its value falls below a threshold (i.e., a strong turning motion). Additionally, only 

frames with sufficient displacement in both directions are analyzed, filtering out noise during 

stationary or low-motion phases. All steps are implemented in MATLAB. 

Selecting Root Marker 

To track directional changes, the Left Middle Waist (LMWT) marker is used as the root 

reference. Although the name implies a left-side placement, visual validation confirms LMWT 

lies near the frontal center of the waist, aligned with the Right Middle Waist (RMWT) marker 

DW�WKH�EDFN��7KLV�FHQWUDO�SRVLWLRQ�DOORZV�/0:7�WR�HIIHFWLYHO\�UHSUHVHQW�WKH�ERG\¶V�KRUL]RQWDO�

trajectory and orientation. 

Projecting Motion and Defining Vectors 

For each frame ݅, two horizontal vectors are constructed: 

Input: 
- x_coords_all, y_coords_all: coordinate matrices for all frames 
- root_idx: index of the root marker (e.g., LMWT) 
- i: current frame index 
- L: frame offset (e.g., 15) 
Output: 
- a: vector from past frame to current frame 
- b: vector from current frame to future frame 
Procedure: 
��ͤ�ƃ 
    �ɏ������ɏ���ƃ�Ƅ�ʬ��ɏ������ɏ���ƃ��ʬ��Ƅř�� 
    �ɏ������ɏ���ƃ�Ƅ�ʬ��ɏ������ɏ���ƃ��ʬ��Ƅ 
] 
 
��ͤ�ƃ 
    �ɏ������ɏ���ƃ��ʫ��Ƅ�ʬ��ɏ������ɏ���ƃ�Ƅř�� 
    �ɏ������ɏ���ƃ��ʫ��Ƅ�ʬ��ɏ������ɏ���ƃ�Ƅ 
] 
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Figure 3.13 MATLAB code snippet for Equation (5) and (6) 

 

Figure 3.13 shows a pseudocode to define two vectors, where the formula can be seen in 

2.1.3 Motion Segmentation. Here, ݅݌ denotes the 2D (x, y) position of the LMWT marker at 

frame ݅, and ܮ (15 frames) is a fixed offset. At a sampling rate of 100 frames per second, this 

offset corresponds to a 0.15-second interval in both forward and backward directions, 

effectively analyzing directional changes over a 0.3-second window. Vector a spans from a 

past frame to the current frame, while vector b spans from the current frame to a future frame. 

Computing Digital Curvature 

The cosine of the angle between vectors ܽ and ܾ defines the digital curvature ݅ܥ: 

Figure 3.14 MATLAB code snippet for Equation (7) 

 

Figure 3.14 shows a pseudocode for Equation (7) used to calculate digital curvature, with 

its formula shown in 2.1.3 Motion Segmentation.  

7KLV�YDOXH�UDQJHV�IURP�í��WR����ZKHUH� 

x ݅ܥ §����VWUDLJKW�PRWLRQ 

x ݅ܥ §��������WXUQ 

x 0 ا ݅ܥ: sharp or reversing motion 

The curvature is computed only when both vectors meet the displacement threshold ܶ.  

 

 

 

 

 

Input: 
- a, b: 2D vectors representing motion before and after the current frame 
 
Output: 
- curvature[i]: cosine of the angle between vectors a and b 
 
Procedure: 
���������ƃ�Ƅ�ͤ����ſ�ř��ƀ�ŵ�ſ৑�৑�ʮ�৑�৑ƀ 
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Eliminating Low-Motion Frames 

As proposed by Sonoda et al., to eliminate noise from near-stationary periods, any frame 

is excluded from curvature analysis if: 

Figure 3.15 MATLAB code snippet for Equation (8) 

Figure 3.15 shows the minimum displacement threshold in pseudocode, which came 

from Equation (8) shown in 2.1.3 Motion Segmentation. T (30 mm) is a minimum displacement 

threshold where computation will not proceed if either vector is less than T or less than 

30mm/3cm. This will ensure that only meaningful motion changes are segmented. 

Identifying Segmentation Candidates 

Unlike Sonoda et al., who detect segmentation points using local maxima, our method 

uses local minima due to a difference in curvature visualization. Sonoda's curvature plot starts 

QHDU�í���SURGXFLQJ�XSZDUG�VSLNHV�GXULQJ�WXUQV��,Q�FRQWUDVW��RXU�FXUYDWXUH�Vtarts at 1, with turns 

appearing as downward dips. To match this interpretation, we identify segmentation points 

where curvature drops below 0, corresponding to 90° or reversing motions in the horizontal 

plane. the pseudocode to identify segmented points for this method. 

Figure 3.16 shows the pseudocode to identify segmented points for this method. 

Input: 
- a, b: 2D vectors representing motion before and after the current frame 
- T: minimum displacement threshold 
 
Condition: 
�	�৑�৑�ʳ������৑�৑�ʳ������� 
    // Skip curvature computation for this frame 
    Continue to next frame 
END IF 
 

Input: 
- curvature: array of digital curvature values per frame 
- L: frame offset used in vector calculation 
- curv_threshold: curvature cutoff (e.g., 0) 
 
Output: 
- seg_points_DirCha: list of selected segmentation frame indices 
 
Procedure: 
 
Initialize: 
- ���ɏ������ɏ�������ͤ����������� 
- ����ɏ����������ͤ�ɥ 
 
	�����ͤ�ſ��ʫ�ɩƀ����ſ���ɏ�������ʬ���ʬ�ɨƀ��� 
    IF curvature[i] is valid AND 
       curvature[i] is a local minimum AND 
       curvature[i] < curv_threshold THEN 
 
        Append i to seg_points_DirCha 
 
    END IF 
END FOR 
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Figure 3.16 0$7/$%�FRGH�VQLSSHW�IRU�GLJLWDO�FXUYDWXUH¶V�VHJPHQWDWLRQ 

Frames are selected as segmentation candidates if they satisfy: 

x ݅ܥ is a local minimum: 1 + ݅ܥ > ݅ܥ < 1 ± ݅ܥ 

x ݅ܥ < ɒ: falls below the curvature threshold ɒ (ɒ = 0) 

3.2.3 Segmentation by Change of Volume 

This segmentation approach utilizes the temporal variation in spatial volume produced 

by the body during motion, measured through the volume of a 3D convex hull formed from all 

marker positions in each frame. The convex hull volume serves as a global descriptor of body 

posture, expanding during wide or extended poses and contracting during compact stances. By 

analyzing the changes in this volume over time, the method detects transition points that signify 

meaningful posture shifts in martial arts movements. 

Segmentation points are determined where the convex hull volume shows a significant 

change, crossing a predefined threshold. These points typically reflect moments of reduced 

body movement followed by expansion²characteristic of phase transitions in dynamic 

techniques. To ensure accuracy, redundant detections caused by minor fluctuations are filtered 

based on temporal distance and spatial similarity. 

Constructing the Convex Hull 

To analyze the spatial configuration of the body throughout motion, a 3D convex hull is 

constructed at each time frame using all available motion capture markers. The convex hull is 

defined as the minimal volume that encloses a given set of points in three-dimensional space. 

,W�HIIHFWLYHO\�FDSWXUHV�WKH�ERG\¶V�VSDWLDO�IRRWSULQW�DQG�FKDQJHV�LQ�SRVWXUH�RYHU�WLPH� 

Let ݅ܥ denote the convex hull volume at frame ݅. For each frame, the set of valid marker 

coordinates is extracted and filtered to remove any invalid (NaN) entries. The volume is then 

FRPSXWHG�XVLQJ�0$7/$%¶V�convhull() function. 

Calculating Volume Change 

To detect transitions in movement, we calculate the frame-to-frame difference in convex 

hull volume. This difference, denoted ݅ܦ, captures the magnitude of spatial change from one 

frame to the next and is defined as: 

This absolute value is computed across the sequence of convex volumes. In the 

implementation, the diff() function is used to obtain the differences, followed by an abs() to 
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compute magnitude. Equation (9) is used to calculate volume difference, represented in 

pseudocode in Figure 3.17: 

Figure 3.17 MATLAB code snippet for Equation (9) 

Identifying Segmentation Candidates 

To identify motion segment boundaries, this method analyzes the volume difference signal 

 derived from the absolute frame-to-frame change in the 3D convex hull volume constructed ,ܦ

from body markers. The convex hull volume reflects the spatial extent of the body posture at 

each frame, expanding during wide stances and contracting during compact transitions. 

Local minima in the signal ܦ often correspond to postural pauses, low-motion frames, or 

transitional moments, making them suitable candidates for segmentation. These dips typically 

occur between periods of larger volume changes, such as the transition between preparatory 

and execution phases of a dynamic martial arts technique. 

Starting from each detected local minimum ݅ܦ, the method applies a two-part condition to 

filter only the most meaningful segmentation points. Specifically, the local minimum is 

accepted as a candidate if it satisfies:  

Frames are selected as segmentation candidates if they satisfy: 

x ݅ܦ is a local minimum: ݅ܦ Ȃ 1 > 1 + ݅ܦ > ݅ܦ 

x Only accept ݅ܦ if ݅ܦ < t , and 1+݅ܦ > t, where ɒ is defined adaptively. 

This ensures that the selected point is a pronounced dip in the signal that is immediately 

followed by a burst of increased volume change, which indicates a phase transition. 

The threshold ݐ is computed adaptively, based on the overall range of the volume difference 

signal: 

Input: 
- convex_volumes: array of convex hull volumes for each frame 
 
Output: 
- volume_diff: array of absolute volume changes per frame 
 
Procedure: 
1. Compute frame-to-frame difference: 
   ������ɏ�����ͤ�������������������������������������������������������ɏ������� 
 
2. Extend to match original frame count: 
   Append volume_diff[end] to the end of volume_diff 
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Figure 3.18 MATLAB code snippet for volume diff segmentation and Equation (10) 

Figure 3.18 shows the pseudocode for identifying segmentation candidates and Equation 

(10) that represents the adaptive threshold. This formulation ensures that the threshold 

dynamically adjusts to the overall magnitude of movement in the motion sequence. The term 

 represents a percentage (23%) of the full range of volume differences ((ܦ��í�PLQ�ܦ)max) ڄ 0.23

across all frames, providing adaptiveness to different movement intensities. 

The use of the max function introduces a minimum bound of 2 × 106, preventing the 

threshold from becoming too small in low-motion sequences. This constraint helps reduce the 

risk of detecting shallow local minima caused by noise or minor fluctuations in posture. 

3.2.4 Integrating Segmentation Method Results 

In the approach proposed by Sonoda et al., temporally adjacent candidate frames are 

consolidated by retaining only the earliest frame within a close time window to avoid redundant 

segmentation points. In this study, a similar strategy is employed: segmentation candidates that 

fall within a 15-frame window are grouped, and the earliest frame index of each group is used 

as the final segmentation point. 

Before integrating the results from the three segmentation methods, a postprocessing step 

is applied to each of the raw segmentation candidates. Specifically, if multiple frames occur 

Input: 
- volume_diff: array of absolute frame-to-frame convex hull volume changes 
- num_frames: total number of motion frames 
 
Output: 
- seg_points_VolCha: list of frame indices selected as segmentation points 
 
Procedure: 
 
1. Compute adaptive threshold: 
   ��ͤ����ſɥŜɩɪ�ʮ����������������ɏ����ř�ɩ�ʮ�ɨɥɋɭƀř�������������� 
 
2. Initialize: 
   ���ɏ������ɏ�������ͤ����������� 
 
ɪŜ�	���������������������ɩ�������ɏ�������ʬ�ɨś 
   IF volume_diff[i] is a local minimum AND 
      volume_diff[i] < t AND 
      volume_diff[i + 1] > t THEN 
 
      Append i to seg_points_VolCha 
 
   END IF 
END FOR 
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within a 50-frame window, they are grouped, and only the earliest frame in each group is 

retained as the representative segmentation point. The 50-frame window was selected to 

maintain a final count of segmentation points that closely approximates the expected number 

of motion transitions, which is 11 based on the number of Wushu kicks in the dataset. This 

ensures that each candidate represents a distinct motion transition and avoids redundant 

detections. To maintain transparency in performance evaluation, the raw results of each method 

are presented independently before integration. The MATLAB code used to perform this post-

processing for each of the three methods is provided in shown in pseudocode. 

Figure 3.19 MATLAB code snippet for preprocessing Method 1 

 

 

 

Input: 
- peak_locs: indices of high angular velocity peaks 
- min_locs: indices of local minima in angular velocity signal 
- z: summed angular velocity values per frame 
- tau: threshold for meaningful motion 
- min_distance: minimum spacing between valid segment points (e.g., 50 frames) 
 
Output: 
- seg_points_AngVel: finalized list of segmentation frame indices 
 
Procedure: 
 
1. Identify candidate segmentation points: 
   ���ɏ���ɏ������ɏ�������ͤ����������� 
 
   FOR each peak in peak_locs: 
       Find the first min_loc that occurs after the peak 
       IF next_min exists AND z[next_min] < tau THEN 
           Append next_min to raw_seg_points_AngVel 
       END IF 
   END FOR 
 
2. Filter candidates by minimum distance: 
   ���ɏ������ɏ�������ͤ����������� 
   ����ɏ������ͤ�ʬʺ 
 
   FOR each point in raw_seg_points_AngVel: 
       �	�������ʬ�����ɏ������ʶ����ɏ������������� 
           Append point to seg_points_AngVel 
           ����ɏ������ͤ������ 
       END IF 
   END FOR 
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Figure 3.20 MATLAB code snippet for preprocessing Method 2 

 

 

 

 

 

 

 

Input: 
- curvature: array of digital curvature values per frame 
- L: frame offset used in curvature computation 
- curv_threshold: cutoff value for sharp directional change (e.g., 0) 
- min_distance: minimum spacing between segment points (e.g., 50 frames) 
- num_frames: total number of motion frames 
 
Output: 
- seg_points_DirCha: finalized list of segmentation frame indices 
 
Procedure: 
 
1. Identify candidate segmentation points: 
   ���ɏ���ɏ������ɏ�������ͤ����������� 
 
   	�����ͤ�ſ��ʫ�ɩƀ����ſ���ɏ�������ʬ���ʬ�ɨƀ��� 
       IF curvature[i] is valid AND 
          curvature[i] is a local minimum AND 
          curvature[i] < curv_threshold THEN 
 
           Append i to raw_seg_points_DirCha 
 
       END IF 
   END FOR 
 
2. Filter candidates by minimum distance: 
   ���ɏ������ɏ�������ͤ����������� 
   ����ɏ������ͤ�ʬʺ 
 
   FOR each point in raw_seg_points_DirCha: 
       �	�������ʬ�����ɏ������ʶ����ɏ������������� 
           Append point to seg_points_DirCha 
           ����ɏ������ͤ������ 
       END IF 
   END FOR 
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Figure 3.21 MATLAB code snippet for preprocessing Method 3 

After obtaining the postprocessed segmentation results from each individual method, the 

next step involves integrating them into a unified segmentation output. Integrated segmentation 

candidates that fall within a 100-frame window are grouped, and the earliest frame index of 

each group is used as the final segmentation point. A 100-frame window was selected based 

on the observation that motion peaks in the motion data are separated by low-activity frames, 

with a minimum distance of approximately 200 frames between consecutive peaks. This 

ensures that each retained point represents a distinct and meaningful transition in the motion 

sequence. Additionally, this window also came with a purpose to maintain a final count of 

segmentation points that closely approximates the expected number of motion transitions, 

which is 11. 

Input: 
- volume_diff: array of absolute frame-to-frame volume differences 
- t: adaptive threshold for significant volume change 
- min_distance: minimum spacing between segment points (e.g., 50 frames) 
- num_frames: total number of frames 
 
Output: 
- seg_points_VolCha: finalized list of segmentation frame indices 
 
Procedure: 
 
1. Identify candidate segmentation points: 
   ���ɏ���ɏ������ɏ�������ͤ����������� 
 
   	�����ͤ�ɩ�������ɏ�������ʬ�ɨ��� 
       IF volume_diff[i] is a local minimum AND 
          volume_diff[i] < t AND 
          volume_diff[i + 1] > t THEN 
 
           Append i to raw_seg_points_VolCha 
 
       END IF 
   END FOR 
 
2. Filter candidates by minimum distance: 
   ���ɏ������ɏ�������ͤ����������� 
   ����ɏ������ͤ�ʬʺ 
 
   FOR each point in raw_seg_points_VolCha: 
       �	�������ʬ�����ɏ������ʶ����ɏ������������� 
           Append point to seg_points_VolCha 
           ����ɏ������ͤ������ 
       END IF 
   END FOR 
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3.3 Evaluation Against Ground Truth Data 

After integrating the three segmentation methods into a single combined result, we 

evaluate the accuracy of each method by comparing them to ground truth data. The four 

segmentation outputs, which are angular velocity, directional change, spatial volume, and the 

combined method, are assessed against cosine similarity metric to quantify segmentation 

performance. 

Ground truth data is collected via a Google Form distributed to 10 experienced martial 

arts practitioners. Participants are shown a MATLAB-generated motion capture video of a 

Wushu kicking sequence, visualized as a 3D skeleton. They are instructed to identify 

segmentation points where the skeleton completes a kicking motion and returns to a standing 

stance before initiating the next kick. These standing stances are considered key transition 

points and correspond to local minima in the motion cycle. 

Respondents are asked to write down the frame numbers corresponding to these points. 

All responses are aggregated, and if multiple submissions indicate frames within a 100-frame 

window, only the earliest frame in the group is retained as a ground truth segmentation point. 

7KLV�SURFHVV�DOLJQV�ZLWK�6RQRGD�HW�DO�¶V�SRVWSURFHVVLQJ�DSSURDFK��ZKLFK�FRQVROLGDWHV�FORVHO\�

spaced human-annotated points into single representative events to improve consistency. 

To refine this data and produce a reliable reference baseline, we adopt the filtering 

conditions proposed by Sonoda et al. in their segmentation study, as well as an additional 

condition. Specifically: 

1. Redundancy Filtering (Consensus Rule) 

A frame is retained only if at least one other respondent submitted a value within a 

±100 frame range. This ensures that all retained frames have some level of inter-rater 

agreement and eliminates outliers or noise from single-submission data. 

2. Clustering and Representative Selection (Non-Maximum Suppression) 

Among closely clustered frames (within 100 frames of one another), only the earliest 

IUDPH�LQ�WKH�JURXS�LV�UHWDLQHG��7KLV�DYRLGV�RYHUFRXQWLQJ�DQG�PLUURUV�6RQRGD¶V�WHFKQLTXH�

of consolidating annotations into discrete motion segments. 

A 100-frame window was preferred based on the observation that peaks in the motion 

data are separated by low-activity frames, with a minimum distance of approximately 200 

frames between consecutive peaks. The final ground truth list was used as a reference for 

evaluating all segmentation methods. 
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Once the final filtered ground truth set is established, we evaluate segmentation accuracy 

using the cosine similarity metric, which measures how well predicted segmentation points 

align with the expert-defined ground truth. Unlike metrics such as precision or recall that 

separate false positives and negatives, cosine similarity treats segmentation as a binary 

matching problem and quantifies alignment through a geometric formulation. 

In this approach, each ground truth segmentation point is treated as a binary indicator on 

a timeline. A predicted point is marked as a match (1) if it falls within a tolerance window of 

±100 frames of any unmatched ground truth point. Otherwise, it is considered a non-match (0). 

Ground truth points are also binary and fixed to 1. Each predicted point can match at most one 

ground truth point, and each ground truth point can only be matched once. 

This formulation emphasizes both the quantity and quality of matches in a single metric. 

A similarity score of 1.0 means all predictions perfectly match the ground truth within the 

tolerance range, while lower scores indicate missed or imprecise predictions. 

To implement this, we used a greedy one-to-one matching strategy. Each prediction is 

compared to all ground truth points, and the first unmatched ground truth point within ±100 

frames is assigned to it. Once a ground truth point is matched, it is excluded from further 

consideration. This conservative matching prevents multiple predictions from inflating the 

score by aligning to the same event. 

 

 



47 
 

Figure 3.22 MATLAB code snippet to compute evaluation 

Figure 3.22 shows the pseudocode for evaluating predicted points from four different 

methods against ground truth data. 

In this study, the evaluation is implemented in MATLAB. Predicted segmentation points 

from each method are compared to the filtered ground truth values using the above criteria, and 

the resulting scores help determine which segmentation strategy most effectively approximates 

human-perceived transitions in the martial arts motion sequence. 

This evaluation method is suitable for transition-based segmentation tasks, where the goal 

is to detect changes in motion phases with reasonable temporal flexibility. It avoids penalizing 

small time shifts while still rewarding precise event alignment. 

Input: 
- predicted_methods: list of predicted segmentation points for each method 
- final_gt: list of filtered ground truth segmentation points 
- method_names: labels for each segmentation method 
- frame_tolerance: allowable deviation between predicted and ground truth (e.g., 
100 frames) 
 
Output: 
- dot_similarities: similarity score for each method 
 
Procedure: 
 
Initialize: 
- ���ɏ�������������ͤ���������������ř��������������� 
 
FOR each method index m: 
    ����������ͤ����������ɏ�������ƃ�Ƅ 
    �����ɏ������ͤ�ɥ 
    �������ɏ���ͤ��������������������������������������ɏ��ř����������������� 
 
    FOR each predicted point: 
        FOR each ground truth point: 
            IF ground truth point not yet matched AND 
               Ŷ����������ʬ�������ɏ�����Ŷ�ʵ������ɏ�������������� 
 
                �����ɏ������ͤ������ɏ������ʫ�ɨ 
                mark ground truth as matched 
                BREAK inner loop 
 
    IF match_count == 0 THEN 
        �����������ͤ�ɥ 
    ELSE 
        �����������ͤ������ɏ������ŵ�ſʽ�����ɏ������ʮ�ʽ������ſ�����ɏ��ƀƀ 
    END IF 
 
    ���ɏ������������ƃ�Ƅ�ͤ����������� 
 
    Print method name, number of predictions, match count, and similarity 
END FOR 
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 CHAPTER IV 

RESULTS AND DISCUSSIONS 

 

This chapter presents the results of the motion segmentation analysis based on three distinct 

methods: angular velocity, directional change, and spatial volume variation. Each method was 

applied to Wushu motion capture data and evaluated individually to assess its ability to detect 

transitions between movement phases. Each method has its own way of thresholding and 

follows the criteria that was previously defined. The segmentation points obtained were 

visualized using MATLAB to validate their alignment with observable movement transitions. 

Additionally, a combined segmentation result was constructed by integrating all three methods 

as our final segmentation result.  

To evaluate the performance of each segmentation approach, the results were compared 

against ground truth data collected from experienced martial arts practitioners. Quantitative 

metrics such as cosine similarity were calculated to measure the accuracy of each method. This 

chapter also provides a comparative discussion on the effectiveness, strengths, and limitations 

of each segmentation technique in capturing the complex, non-repetitive nature of martial arts 

movements. 

4.1 Results 

4.1.1 Segmentation by Angular Velocity 

Using the segmentation method based on angular velocity and MATLAB-based 

computation, we successfully identified key segmentation points, which are visualized in the 

resulting plot. 

Below, we present two plot figures illustrating the angular velocity data, with z plotted in 

blue. Figure 4.1 displays the raw angular velocity signal over time, providing an overview of 

the fluctuations in rotational speed throughout the Wushu kicking sequence. Figure 4.2 builds 

upon this by overlaying the segmentation candidate points, visualized in red stem, which are 

identified using our adaptive thresholding method. 
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Figure 4.1 Plot of angular velocity for each frame 

 
Figure 4.2 Plot of angular velocity with segmentation candidates 

 

Based on our segmentation, a total of 19 segmentation points were detected, indicating 

frames of significant change in rotational motion. The frames identified as segmentation points 

are as follows: 
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78, 90, 276, 434, 620, 642, 814, 984, 1005, 1140, 1160, 1338, 1354, 1502, 1885, 1931, 

1953, 2118, 2136. 

These points were extracted by analyzing the angular velocity signal across all frames. 

Specifically, segmentation points are determined by identifying local minima that follow local 

maxima exceeding a dynamic, data-driven threshold. The local maxima reflect peaks in angular 

velocity, typically corresponding to bursts of joint rotation, characterizing transitions between 

movement phases in Wushu kicking sequences. 

After each local maxima are detected, the algorithm traces forward in time to locate the 

nearest local minima. If this local minima is lower than the adaptive threshold and followed by 

an increase in angular velocity, it is accepted as a valid segmentation point. This approach 

ensures that segmentation occurs at natural transition points in the motion cycle, such as the 

return to a neutral or standing stance following a kick. 

The effectiveness of this method is visually supported by the segmentation plot, where 

most detected points closely correspond to observable transitions in the motion trajectory. 

However, some frames, such as 90, 1354, and 2118, exhibited values too high to reflect actual 

motion pauses, potentially leading to false positives. Additionally, certain frames such as 78 

and 1885 revealed premature dips or peaks that occurred before the actual transition, further 

indicating noise or minor fluctuations in the angular velocity signal. As such, the true validity 

of the segmentation results will be assessed through comparison with manually annotated 

ground truth data in a subsequent section. 

Figure 4.3 shows the 19 skeleton frames according to angular velocity. 

 

    
       (78)         (90)       (276) 
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 (434)         (620)        (642) 

 
     (814)       (984)               (1005) 

 
       (1140)         (1160)                 (1338) 
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       (1354)           (1502)            (1885) 

 
        (1931)            (1953)            (2118) 
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(2136) 

Figure 4.3 19 segmented frames according to angular velocity 

4.1.2 Segmentation by Change of Direction 

In the context of segmentation based on directional change using digital curvature, we 

successfully identified key segmentation points, which are visualized in the corresponding 

plots. 

Following the method proposed by Sonoda et al., we applied a minimum displacement 

threshold of 30 mm to exclude frames with negligible movement. This threshold ensures that 

digital curvature is only computed when both directional vectors represent meaningful 

displacement, effectively filtering out static or low-motion frames that do not signify true 

directional changes. 

To illustrate the impact of thresholding, we present two comparative segmentation plots, as 

well as a regular plot without implementing segmentation. Figure 4.4 displays the digital 

curvature plot without segmentation, whereas Figure 4.5 displays the digital curvature 

segmentation plots generated using two different conditions: without thresholding (0 mm) and 

with a 30 mm displacement threshold. 

For Figure 4.5, in the 0 mm threshold condition (a), the digital curvature values are 

computed at every frame, resulting in a continuous plot. However, this approach leads to over-

segmentation, as minor jitters or noise in the marker trajectory can produce curvature spikes 

that are falsely interpreted as significant motion changes. The inclusion of such insignificant 

points compromises segmentation quality. 

In contrast, the 30 mm threshold condition (b) demonstrates the benefit of filtering. By 

excluding frames where either vector is below the displacement threshold, the method reduces 

noise and improves segmentation precision, retaining only frames associated with substantial 

directional transitions. 
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Figure 4.4 Plot of digital curvature for each frame 

 
      (a)                (b) 

Figure 4.5 Plot of digital curvature with segmentation candidates 

 In addition to the digital curvature plots, we present another two comparative figures and 

one regular figure, illustrating the trajectory of the root marker (LMWT) in the horizontal plane. 

Figure 4.6 shows the Wushu root marker trajectory projected onto the XY plane without 

implementing segmentation, and Figure 4.7 shows the Wushu root marker trajectory 

segmentation generated using two different conditions: without thresholding (0 mm) (a) and 

with a 30 mm (b) displacement threshold, allowing visual interpretation of directional changes 

during the kicking sequence. 
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Figure 4.6 Plot of Wushu kicking motion trajectory in an XY-horizontal plane 

 
      (a)                (b) 

Figure 4.7 Plot of Wushu kicking motion trajectory with segmentation candidates 

 From the raw digital curvature data, a total of 49 segmentation candidate frames were 

initially detected prior to applying any threshold. These frames are: 

 77, 93, 201, 252, 262, 289, 307, 368, 422, 430, 460, 473, 557, 602, 608, 618, 671, 727, 

775, 788, 841, 900, 918, 927, 930, 981, 996, 1083, 1134, 1156, 1198, 1256, 1262, 1302, 1344, 

1389, 1409, 1453,  1515, 1551, 1555, 1572, 1618, 1683, 1705, 1827, 2006, 2063, 2065. 

 These excessive candidates were primarily caused by small positional fluctuations that 

produced abrupt spikes in curvature despite lacking meaningful directional change. 
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As a result of this filtering, the number of segmentation points was reduced to 16, 

effectively removing noise and retaining only significant directional transitions. The filtered 

segmentation frames are: 

 252, 262, 430, 602, 608, 618, 775, 981, 996, 1134, 1156, 1344, 1409, 1515, 1827, 2006. 

 In this method, segmentation candidates are identified when the root marker (LMWT) 

exhibits a trajectory shift of approximately 90 degrees, or when the digital curvature value 

crosses zero and approaches -1, indicating a sharp and meaningful change in movement 

direction. 

 However, the effectiveness of this method can be questioned from a visual standpoint. In 

the digital curvature plot, segmentation points that exceed the threshold and surpass a value of 

0 are detected accurately. However, in the trajectory plot, it is evident that some frames 

exhibiting sharp directional changes were not identified by the computation. This makes it 

difficult to visually confirm whether the method has reliably captured segmentation points 

based on directional change. Therefore, the true validity of the results will be assessed through 

comparison with ground truth data in a later section. 

 Figure 4.8 illustrates the 16 skeleton frames identified based on directional change using 

the digital curvature method, after applying a 30 mm displacement threshold. 

 

   
            (252)         (262)          (430) 
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           (602)      (608)     (618) 

   
 (775)           (981)        (996) 

   
            (1134)         (1156) 
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       (1344)          (1409) 

   
             (1515)     (1827)         (2006) 

Figure 4.8 16 segmented frames according to directional change in digital curvature 

4.1.3 Segmentation by Change of Volume 

Lastly, we have also succesfully compute segmentation points based on the spatial volume 

created by the body via convex hull, which are visualized in the plot below. 

We present two plot figures illustrating the volume difference data or ݅ܦ plotted in blue. 

Figure 4.9 displays the raw volume difference signal over time, providing an overview of the 

fluctuations in spatial volume throughout the Wushu kicking sequence. Figure 4.10 builds upon 

this by overlaying the segmentation candidate points, visualized in red stem, which are 

identified using our adaptive thresholding method. 
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Figure 4.9 Plot of volume difference for each frame 

 

Figure 4.10 Plot of volume difference with segmentation candidates 

Based on our segmentation, a total of 16 segmentation points were detected, indicating 

frames of significant change in spatial motion. The frames identified as segmentation points 

are as follows: 

160, 251, 416, 638, 650, 660, 775, 794, 821, 831, 1038, 1317, 1416, 1914, 2112, 2114. 
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In this method, segmentation candidates are identified when the volume difference signal 

UHDFKHV�D�ORFDO�PLQLPXP��UHIOHFWLQJ�D�EULHI�SDXVH�LQ�WKH�ERG\¶V�VSDWLDO�SRVWXUH��7KHVH�PLQLPD�

often occur between phases of expansion and contraction during dynamic motion. To ensure 

that only significant postural changes are considered, an adaptive threshold ݐ is applied to filter 

out minor fluctuations. Local minima are selected as segmentation points only if they fall below 

this threshold, which is calculated as ڄ 0.23 = ݐ range(ܦ), where ܦ is the set of frame-to-frame 

convex hull volume differences. To maintain robustness across varying motion intensities, a 

minimum fallback threshold is also enforced: ݐ = max(0.23 ڄ range(ܦ), 106×2). This ensures 

that only dips following large-scale movement bursts are considered valid. 

However, the effectiveness of this method can be critically assessed from a visual 

standpoint. In the volume difference plot, several inconsistencies are apparent in the 

segmentation results. Notably, some prominent peaks that likely indicate meaningful 

transitions are not detected, such as those occurring between frames 1100-1300 and 1500-1800. 

Additionally, certain segmentation points are clustered too closely together, occasionally 

originating from the same peak area, such as frames 638, 650, and 660. These observations 

UDLVH� FRQFHUQV� DERXW� WKH� PHWKRG¶V� UHOLDELOLW\� LQ� FDSWXULQJ� PHDQLQJIXO� VHJPHQWDWLRQ� SRLQWV�

based on spatial or volumetric change, particularly in the context of Wushu kicking motion. 

Therefore, the validity of the segmentation outcomes will be further evaluated through 

comparison with ground truth annotations in a later section. 

Figure 4.11 shows the 16 skeleton frames according to change of volume. 

 

 
   (160)         (251)           (416) 
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  (638)         (650)                 (660) 

    
      (775)       (794)       (821) 

   
       (831)               (1038)           (1317) 
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  (1416)          (1914)   

  
     (2112)        (2114)   

Figure 4.11 16 segmented frames according to volume change 

4.1.4 Integrating Segmentation Method Results 

After identifying the raw segmentation candidates from each of the three methods, we 

proceed to integrate their results into a combined segmentation output. However, before 

integration, a postprocessing step is applied to each method individually. In this step, 

segmentation points that occur within a 50-frame window are grouped, and only the earliest 

frame in each group is retained. This approach helps eliminate redundant detections and 

ensures that each segmentation point represents a distinct transition. 

The results of this postprocessing step for each method are visualized in the following 

figures. Figure 4.12, Figure 4.13, and Figure 4.14 present the segmentation plots for the angular 

velocity method, the direction change method using digital curvature, and the volume change 

method using volume difference, respectively. 
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Figure 4.12 Plot of angular velocity after postprocessing 

 

Figure 4.12 shows the angular velocity segmentation result after postprocessing. The 

number of candidate frames was reduced from 19 to 12. The remaining frames are: 

78, 276, 434, 620, 814, 984, 1140, 1338, 1502, 1885, 1953, 2118. 

 
Figure 4.13 Plot of digital curvature after postprocessing 

Figure 4.13 presents the direction change method after postprocessing. The segmentation 

points were reduced from 16 to 11, with the remaining frames: 
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252, 430, 602, 775, 981, 1134, 1344, 1409, 1515, 1827, 2006. 

 
Figure 4.14 Plot of volume difference after postprocessing 

Figure 4.14 displays the results of the volume change method, where the candidates were 

also reduced from 16 to 11. The retained segmentation frames are: 

160, 251, 416, 638, 775, 831, 1038, 1317, 1416, 1914, 2112. 

The integration of the three segmentation methods resulted in a total of 33 unique 

segmentation candidates. Although the combined output initially contained 34 entries, one 

overlapping frame, which is frame 775, was produced by both directional change and volume 

change method and therefore counted only once. A summary of the segmentation frames, 

including their visualizations for each method after post-processing, is presented in Table 4.1. 

Table 4.1 Skeleton frame candidates from each three method after postprocessing 

No. Angular Velocity Directional Change Volume Change 

1 
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No. Angular Velocity Directional Change Volume Change 

78 252 160 

2 

 
276 

 
430 

 
251 

3 

 
434 

 
602 

 
416 

4 

 
620 

 
775 

 
638 

5 

 
814 

 
981 

 
775 
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No. Angular Velocity Directional Change Volume Change 

6 

 
984 

 
1134 

 
831 

7 

 
1140 

 
1344 

 
1038 

8 

 
1338 

 
1409 

 
1317 

9 

 
1502 

 
1515 

 
1416 
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No. Angular Velocity Directional Change Volume Change 

10 

 
1885 

 
1827 

 
1914 

11 

 
1953 

 
2006 

 
2112 

12 

 
2118 

  

 

From the integrated results of the three segmentation methods, several frames were found 

to be temporally close to one another. To address this redundancy, an additional grouping step 

was applied: frames occurring within a 100-frame window (100 frames before, 100 frames 

ahead) were grouped together, and only the earliest frame in each group was retained as the 

representative. This post-processing step ensures that the final segmentation output from the 

integration method contains only distinct and meaningful candidates, eliminating closely 

spaced duplicates while preserving key transition points. 

The segmentation results for all three methods are visualized in the raster plot in Figure 

4.15. The bottom row of the plot illustrates the integration of all methods, providing a clear 

overview of the combined segmentation points. 
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Figure 4.15 Raster plot showing the integrated and postprocessed result 

After integration and postprocessing, the final segmentation result for the combined 

method consists of 12 unique segmentation candidates. These frames are as follows: 

78, 251, 416, 602, 775, 981, 1134, 1317, 1502, 1827, 1953, 2112. 

 Figure 4.16 shows the 12 final integrated skeleton frames. 

 

 
           (78)           (251)       (416) 
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             (602)          (775)      (981)       

  
     (1134)     (1317)        (1502) 

   
 (1827)               (1953)            (2112) 

Figure 4.16 12 segmented frames according to integration 

4.1.5 Evaluation Against Ground Truth Data 

To evaluate segmentation accuracy, four methods, which are angular velocity, directional 

change, volume change, and the integrated result, were tested against manually labeled ground 

truth data. These ground truth points were gathered from 10 expert respondents via a Google 
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Form, where each participant marked frame numbers indicating transitions (i.e., return to a 

standing stance) in a 3D motion capture video of a Wushu kick. 

Prior to any filtering or consensus processing, the raw ground truth dataset consisted of 

103 distinct frame annotations provided by the respondents. These frames reflect individual 

perceptions of segmentation points based on the visualized motion sequence, and include 

overlapping, isolated, and closely spaced inputs that require further refinement to ensure 

consistency and reliability in evaluation. 

7R�HQVXUH�UHOLDELOLW\��WKH�UDZ�DQQRWDWLRQV�ZHUH�ILOWHUHG�XVLQJ�6RQRGD�HW�DO�¶V�PHWKRG��7KLV�

included two steps: 

(1) Redundancy filtering, which retains only frames confirmed by at least one other 

respondent within a ±100 frame range, and 

(2) Non-maximum suppression, where only the earliest frame from clusters of closely 

spaced annotations is kept. 

The first result was 12 validated ground truth points used as reference. The frames are: 

169, 342, 522, 705, 880, 1070, 1226, 1438, 1595, 1992, 2162, 2265. 

To evaluate the segmentation results using cosine similarity metric, we adopted the same 

evaluation strategy used by Sonoda et al., which employs a greedy matching approach. 

For reference, Figure 4.17 shows the 12 skeleton frames according to ground truth data, 

and Figure 4.18 shows the raster plot, comparing the four methods against ground truth data. 

 

   
  (169)                 (342)           (522) 
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      (705)                (880)     (1070) 

   
      (1226)             (1438)          (1595) 

 

   
         (1992)                (2162)      (2265) 

Figure 4.17 12 segmented frames according to ground truth data 
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Figure 4.18 Raster plot comparing 4 methods against ground truth data 

Table 4.2 presents the evaluation results for each segmentation method against 12 frames 

of ground truth, using a ±100 frame tolerance window, and Figure 4.19 presents the evaluation 

results as a grouped bar chart. 

Table 4.2 Result of evaluation metrics 

Method Total Predictions 

(A) 

Dot Product Predictions 

�࡭) ή  (࡮�

Similarity  

࡮��ή࡭ )
ԡ࡭ԡήԡ࡮ԡ

) 

Angular Velocity 12 11 0.9574 

Direction Change 11 9 0.8660 

Volume Change 11 9 0.8660 

Integrated 12 9 0.8660 
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Figure 4.19 Evaluation results visualized in grouped bar chart 

4.2 Discussions 

4.2.1 Performance Comparison of Segmentation Methods 

This study evaluated four segmentation methods: angular velocity, directional change, 

volume change, and a combination of the three. Their effectiveness was measured using cosine 

similarity against a filtered ground truth set of known motion transitions. 

The angular velocity method achieved the highest score, with a similarity of 0.9574, 

correctly matching 11 out of 12 transitions. This suggests that sharp changes in joint rotation 

are strong and consistent indicators of phase transitions in Wushu kicks. Kicking actions often 

involve bursts of angular movement, especially around the hip and knee joints, which makes 

this method effective. Its high alignment with ground truth shows that it can detect key turning 

points in the motion cycle while minimizing false matches. 

The volume change method, based on fluctuations in the convex hull volume of the body, 

achieved a similarity of 0.8660. It matched 9 ground truth transitions. This method works by 

capturing the difference between compact and extended postures. Since Wushu kicks naturally 

alternate between these two states, the volume cue tends to track motion phases well. However, 

its performance may be limited in cases where posture change is subtle or masked by arm 

PRYHPHQWV�WKDW�GRQ¶W�UHIOHFW�D�IXOO-body transition, leading to a few missed matches. 

The direction change method, which also scored 0.8660, detects motion shifts based on 

trajectory curvature, particularly of the root marker projected onto the horizontal plane. It 

performed worse than expected, missing 3 transitions. This is likely because direction changes 

in footwork can be small or smoothed out during fast or circular motions, especially if the root 
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PDUNHU�GRHVQ¶W�VKDUSO\�SLYRW��$GGLWLRQDOO\��VRPH�WUDQVLWLRQV�RFFXU�in place (e.g. a kick from a 

stationary position), meaning direction may not noticeably change even when the phase does. 

This explains its lower match count compared to angular velocity. 

Despite having the same similarity score, the direction change and volume change methods 

failed to match different subsets of the ground truth transitions, revealing distinct weaknesses 

in each approach. The direction change method missed several key transitions, including those 

near 880, 2162, and 2265. These missed points often occurred during stationary kicks or when 

the root trajectory lacked a sharp turn, which this method depends on. This suggests that 

direction-based segmentation struggles when movement happens in place or along smooth arcs 

without clear directional shifts. On the other hand, the volume change method failed to capture 

transitions near 522, 1595, and 2265, which are moments that featured a clear change in 

trajectory but did not involve a large shift in body posture. In these cases, the spatial structure 

of the body remained relatively stable, even as the motion phase changed. These differences 

highlight that while both methods contribute valuable cues, their limitations emerge under 

different movement conditions. Each method overlooks specific types of transitions, 

suggesting that future segmentation strategies should treat them as complementary rather than 

interchangeable. 

4.2.2 Effectiveness of the Integrated Method 

The integrated method merges segmentation outputs from all three feature-based 

techniques using a 100-frame tolerance window. Although its similarity score (0.8660) 

matched that of the direction and volume change methods, the specific ground truth points it 

matched were different. It successfully identified 9 transitions, but missed key points at frames 

880, 1595, and 2265. This suggests that while integration helps cover more ground, a simple 

union of results does not necessarily improve overall accuracy. Some transitions detected by 

the integrated method were not matched by any individual method, indicating that combining 

features can recover overlooked phases. However, the integration also passed through false 

positives, particularly from weaker individual signals, which limited its overall gain. These 

findings imply that integration needs to be more selective, using strategies such as confidence 

scoring, weighting based on method reliability, or post-filtering, to prevent noise from diluting 

the segmentation output. 
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4.2.3 Interpretation of Findings 

The results clearly show that angular velocity is the most accurate and consistent method 

for segmenting Wushu kicking motions in this dataset. Its alignment with expert-labeled 

transitions shows that rotational bursts offer a strong signal for detecting phase changes. 

The fact that volume change and direction change achieved the same similarity score but 

matched different sets of ground truth transitions highlights their distinct roles. Volume change 

is more sensitive to spatial expansion and posture, while direction change responds to 

orientation shifts in the root trajectory. These differences suggest that method selection should 

consider the type of motion and its cues. 

The integrated method provided broader detection but did not outperform the top 

individual method. Its performance would likely benefit from a more refined approach that 

weighs inputs based on confidence or quality, rather than accepting all candidate points equally. 

In summary, although three methods achieved the same similarity value, they did so by 

identifying different aspects of the motion, offering complementary perspectives. This 

reinforces the potential value of feature-based segmentation, especially when methods are 

combined intelligently and tuned to the specific dynamics of the movement being studied. 

4.2.4 Comparison with Related Works 

Compared to Sonoda et al., whose original framework focused on expressive dance and 

used linear velocity, direction change, and convex hull volume, our adaptation replaces linear 

velocity with angular velocity to better capture the biomechanical features of martial arts. This 

adjustment aligns with the nature of Wushu, which relies heavily on joint-level rotation and 

short bursts of dynamic activity. 

While Sonoda's model is rule-based and interpretable, it assumes rhythmic or expressive 

transitions, which are less common in martial arts. Our results show that the angular velocity 

method performs better than the rest of the segmentation methods in this context, highlighting 

the need to adjust segmentation cues to domain-specific motion characteristics. 

Several deep learning-based methods offer strong segmentation performance, such as the 

MS-GCN model by Filtjens et al., which uses spatial-temporal graphs. However, such models 

require large, annotated datasets and computational resources. Our rule-based framework is 

unsupervised, lightweight, and interpretable, making it better suited for small datasets and real-

time applications. 
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Qiu et al. applied angular signal analysis using IMUs for kayaking, showing that angular 

velocity is a robust segmentation feature in cyclic sports. Our use of angular velocity extends 

this idea into non-cyclic, fast, high-variation sequences like Wushu. Unlike their sensor-based 

approach, we operate on optical motion capture data, offering higher spatial resolution without 

wearable devices. 

Other video-based techniques such as those by Wu & Zhou (2024) or Zhang et al. (2022) 

focus on action classification or localization using CNNs or point-cloud models. These are 

suited for broader action recognition tasks but are less focused on fine-grained frame-level 

segmentation. Our method, while simpler, is grounded in biomechanical features and provides 

interpretable, per-frame segment boundaries, which are critical for structural feedback in 

martial arts. 

Unsupervised filtering-based methods, like the ARMA segmentation by Mei et al. (2021) 

and Yan et al. (2022), support the effectiveness of rule-driven approaches for motion analysis. 

These could complement our framework by improving segmentation in lower-energy motion 

or ambiguous pauses, areas where the current system may still misclassify. 

Finally, while synthesis-based models like those by Starke et al. (2021) aim to generate 

martial arts motion data, they often smooth transitions in a way that loses biomechanical 

accuracy. Our segmentation approach instead identifies real, meaningful motion boundaries 

that could improve such models if used to define phase transitions more accurately. 

4.2.5 Limitations and Future Works 

Despite the promising results from the segmentation methods employed in this study, 

several key limitations were identified that impacted the accuracy and reliability of the 

segmentation process. These limitations must be addressed in future work to improve the 

robustness of the framework. 

A primary limitation of the study is the use of a fixed 100-frame tolerance window in 

evaluating the predicted segmentation points against the ground truth data. This window was 

based on the assumption that each transitional phase lasts approximately 200 frames. However, 

this assumption did not hold for all cases. Some transitions occurred in less than 200 frames, 

with certain transitions lasting only between 50 and 100 frames. As a result, non-transitional 

phases, such as kicking motions, were sometimes misclassified as transitional phases. 

Specifically, frames where subtle changes in the movement occurred within the 100-frame 

tolerance window were incorrectly detected as transitions. While the tolerance window worked 
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in some cases, it proved to be inadequate for all transitional phases, thus affecting the overall 

segmentation accuracy. 

Another significant limitation emerged from the threshold computation used to detect local 

minima following local maxima, which was intended to identify transitional phases after a 

sharp movement, such as the end of a kick. While this approach works well for clear transitions, 

VPDOO�³MLWWHUV´�LQ�WKH�GDWD�FDXVHG�E\�PLQRU�IOXFWXDWLRQV�RU�QRLVH�VRPHWLPHV�FUHDWHG�D�VKDUS�GURS�

in the values, leading to false detection of local minima after local maxima. These small jitters, 

although not reflecting true transitions, were incorrectly identified as valid candidates, resulting 

in non-transitional frames being marked as part of a transition phase. This issue, especially in 

Methods 1 (angular velocity) and Method 3 (volume change), resulted in false positives and 

reduced the segmentation accuracy. These jitter-related errors in threshold detection can lead 

to frames being falsely labeled as transitional phases, undermining the overall segmentation 

performance. 

Moreover, the segmentation methods were evaluated on a single type of martial arts 

movement. While this allowed for focused analysis, it limited the generalizability of the 

findings to other martial arts techniques or even to other movement styles within Wushu. Future 

studies should aim to expand the dataset to include a wider variety of martial arts techniques, 

incorporating both different styles and upper-body motions, which are often integral to many 

martial arts techniques. 

'HVSLWH� WKHVH� OLPLWDWLRQV�� WKH�VWXG\¶V�ILQGLQJV�VXJJHVW� LPSRUWDQW�DUHDV� IRU� LPSURYHPHQW�

and refinement. Future work should dynamically adjust the tolerance window to account for 

variations in transitional phase durations. Additionally, more sophisticated filtering techniques 

to reduce jitter effects and handle small fluctuations in the data would enhance the reliability 

of the segmentation. Noise reduction strategies, such as smoothing or signal processing 

methods, should also be explored to improve the robustness of the threshold computation. 

Furthermore, integration methods could be refined by introducing confidence scoring or 

weighting mechanisms to ensure that the combination of segmentation methods better reflects 

the strength of each individual technique. This would help prevent the dilution of the results 

due to weaker methods introducing false positives. 

4.2.6 Summary of Findings 

This study evaluated whether motion segmentation could be effectively applied to fast, 

non-repetitive martial arts movements using 3D motion capture data. Specifically, it examined 
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four segmentation methods²angular velocity, direction change, volume change, and an 

integrated combination of the three²applied to a structured Wushu kicking sequence. 

Using cosine similarity as the evaluation metric, the angular velocity method proved the 

most reliable, achieving a similarity score of 0.9574 by correctly matching 11 out of 12 

annotated transitions. This method effectively captured sharp rotational motion, particularly 

from leg joints, which often marks clear transitions during Wushu kicks. 

The volume change, direction change, and integrated methods each achieved a similarity 

score of 0.8660, with 9 matched transitions. However, despite having the same numerical 

similarity, these methods identified different subsets of the ground truth transitions. For 

example: 

x The direction change method failed to detect transitions near frames 880, 2162, and 

2265, which typically involved stationary phases or smooth root movement without 

a sharp turn. 

x The volume change method missed transitions at 522, 1595, and 2265, often where 

posture changes were subtle or spatial configuration stayed consistent despite a 

phase shift. 

x The integrated method, while combining outputs from all three, also missed 

transitions at 880, 1595, and 2265, showing that simple feature union may not 

always compensate for individual weaknesses. 

These distinctions underscore the unique strengths and limitations of each method, 

showing that similarity scores alone do not fully capture the performance of segmentation 

methods. A deeper understanding of which transitions are accurately identified and which are 

missed provides important context for selecting the most appropriate method. 

Overall, the findings suggest that segmentation based on biomechanical features, 

especially angular velocity, can successfully identify meaningful motion phases in Wushu 

kicking motions without requiring large labeled datasets or machine learning models. The 

complementary nature of the different features indicates that integrating methods in a more 

refined manner, such as using confidence weighting or selective fusion, could further enhance 

segmentation robustness and improve the detection of transitions across a broader range of 

martial arts movements. 

However, the study also revealed some important limitations. The use of a fixed 100-frame 

tolerance window, based on the assumption that transitional phases last about 200 frames, was 
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not universally applicable. Some transitions lasted less than 200 frames, which led to the 

misclassification of certain non-transitional phases as transitional ones. This limitation, 

combined with small jitters in the data, particularly in the angular velocity and volume change 

methods, resulted in false detections of local minima, which were mistakenly interpreted as 

transitional phases. These issues caused false positives and impacted the overall accuracy of 

the segmentation. 

To address these limitations, future research should focus on dynamically adapting the 

tolerance window to better align with the actual duration of transitions, as well as developing 

advanced filtering techniques to mitigate the effects of small fluctuations in the data. 

Additionally, refining the integration strategies by incorporating more selective weighting or 

confidence scoring for each method could reduce the noise from weaker signals and improve 

segmentation accuracy. These refinements would make the framework more reliable and 

adaptable, not only for Wushu kicking sequences but also for other martial arts and dynamic 

movement types. 

In conclusion, while angular velocity provided the most accurate and reliable 

segmentation, there is considerable potential for improving the robustness of the segmentation 

framework by addressing the limitations identified in this study. Future work should aim to 

refine the tolerance window, reduce jitter-related errors, and develop more effective integration 

strategies to enhance the overall accuracy and applicability of motion segmentation methods 

in martial arts and other complex movement analyses. 
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 CHAPTER V 

CONCLUSION 

 

5.1 Conclusion 

This study explored motion segmentation for martial arts, focusing on Wushu kicking 

techniques recorded through 3D motion capture. The work adapted a feature-based 

segmentation framework from Sonoda et al., implementing three interpretable methods of 

angular velocity, direction change, and volume change, along with an integrated approach that 

combines all three. The goal was to determine how these methods perform in identifying 

motion transitions without relying on labeled training data or machine learning. 

To address RQ1 (+RZ�FDQ�6RQRGD¶V�VHJPHQWDWLRQ�PHWKRGV�EH�DGDSWHG�IRU�PDUWLDO�DUWV"), 

WKLV�UHVHDUFK�VXFFHVVIXOO\�LPSOHPHQWHG�DQG�UHILQHG�6RQRGD¶V�RULJLQDO�IUDPHZRUN�XVLQJ�:XVKX�

motion capture data. Each method was adapted to the movement characteristics of martial arts 

kicks, particularly high-speed, non-cyclic transitions that are common in Wushu. 

In answering RQ2 (Which individual method is most accurate?), the angular velocity 

method outperformed the others, achieving a dot product similarity of 0.9574 and correctly 

matching 11 out of 12 annotated transitions. This shows that transitions in Wushu kicks are 

closely tied to sharp changes in joint rotation. The volume change and direction change 

methods each scored 0.8660, successfully matching 9 transitions. While they achieved the same 

similarity value, further analysis showed they captured different ground truth transitions, 

exposing unique strengths and weaknesses. This underlines that similar scores can mask 

underlying differences in segmentation behavior. 

For RQ3 (How does the integrated method compare?), the combined method also scored 

0.8660, matching 9 transitions. It detected some points not captured by any individual method, 

suggesting that integration can improve coverage. However, it also passed through false 

positives from weaker methods, limiting its performance. Without proper weighting or 

filtering, simple union-based fusion does not guarantee improvement over the best individual 

method. 

To address RQ4 (How do the segmentation results compare to expert-annotated ground 

truth?), a greedy matching process with a 100-frame tolerance was used, and the cosine 

similarity metric provided a clear, interpretable way to compare predictions with ground truth. 

Angular velocity aligned most strongly with expert-annotated transitions, while other methods 

showed more variability and selective effectiveness depending on movement type. 
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Despite the promising results, several limitations impacted the segmentation process. One 

of the primary limitations was the use of a fixed 100-frame tolerance window in evaluating 

segmentation results. This tolerance window, based on the assumption that transitional phases 

typically last around 200 frames, was not universally applicable. Some transitions were shorter 

in duration, leading to misclassification of non-transitional phases, such as kicks, as 

transitional. This caused some errors in the final segmentation. Additionally, small jitters in the 

data²particularly in the angular velocity and volume change methods²led to erroneous local 

minima detections, which were incorrectly interpreted as transitional phases. These minor 

fluctuations in the data, though not reflecting true transitions, were mistakenly marked as part 

of the transition phase, introducing false positives and reducing segmentation accuracy. 

Finally, the focus on a single Wushu kicking sequence limited the scope and generalizability 

of the findings. Future research should aim to expand the dataset to include a wider variety of 

martial arts techniques and include upper-body movements, as these are integral to many 

martial arts techniques and transitions. 

In conclusion, this study shows that biomechanically grounded segmentation methods, 

particularly those based on rotational motion (angular velocity), can effectively detect 

meaningful motion phases in Wushu kicking motions without the need for large labeled 

datasets or complex learning-based models. The complementary nature of different features 

suggests that refining integration strategies²such as confidence scoring or selective fusion²

can improve segmentation robustness and accuracy across a broader range of movements. The 

findings contribute to the development of a lightweight, interpretable framework for motion 

analysis, which can be useful for performance feedback systems and further research in martial 

arts and biomechanics. 

5.2 Suggestions 

Based on the findings and limitations of this study, several suggestions can be proposed to 

guide future research and practical implementation: 

1. Refine the Evaluation Tolerance Window Approach 

The use of a fixed 100-frame tolerance window caused misclassifications for transitions 

shorter than expected. Future work should dynamically adjust the tolerance window to account 

for variations in transitional phase durations, ensuring more accurate segmentation for different 

movements. 
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2. Improve Threshold Computation for Jitter Mitigation 

Threshold computation occasionally led to false positives due to small jitters in the data. 

Future research should implement smoothing or filtering techniques to reduce jitter effects and 

adaptive thresholding to better distinguish meaningful transitions from noise. 

3. Expand Dataset Diversity 

The current analysis is based on a single Wushu kicking sequence. Future work should 

explore a broader dataset that includes various techniques (e.g., punches, stances, transitions), 

multiple performers, and different martial arts styles such as Karate, Silat, or Taekwondo. This 

would improve the generalizability of the segmentation framework. 

4. Incorporate Upper Body Motion 

While this research focused on lower-limb dynamics, many martial arts techniques involve 

complex coordination of upper-body movements. Including shoulder, arm, and torso markers 

in the segmentation process could offer a more comprehensive understanding of full-body 

transitions. 

5. Refine the Integration Mechanism 

The current integrated method uses a simple logical combination of features. Future 

improvements could involve weighted fusion, confidence scoring, or adaptive filtering to 

reduce false positives and better leverage the strengths of each individual method. 

6. Compare with Learning-Based Models 

While this study focused on interpretable, rule-based segmentation, it would be valuable 

to benchmark its performance against modern learning-based models (e.g., MS-GCN, DT-

FCN) on the same dataset. Hybrid approaches may also be explored, where rule-based features 

serve as inputs or priors in learning pipelines.  
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APPENDIX 

 

Appendix A. MATLAB Code Snippet for Preprocessing Wushu Data 

 
Appendix B. MATLAB Code Snippet for Visualizing Wushu Data 

 
Appendix C. MATLAB Code Snippet for Segmentation Based on Angular Velocity 

 



 
 

 
Appendix D. MATLAB Code Snippet for Segmentation Based on Direction Change 

 

 
Appendix E. MATLAB Code Snippet for Segmentation Based on Volume Change 

 
 

 



 
 

Appendix F. MATLAB Code Snippet for Integration of 3 Methods 

 

 
Appendix G. MATLAB Code Snippet for Computing Ground Truth 

 



 
 

 

 

 
Appendix H. Dataset Markers and their Anatomical Location 

Marker Name Anatomical Location Marker Name Anatomical Location 

ARIEL Top of head (center) LFHD Left front of head 

LBHD Left back of head RFHD Right front of head 

RBHD Right back of head C7 Base of neck (C7 

vertebra) 



 
 

T10 Mid back (T10 

vertebra) 

CLAV Clavicle 

STRN Sternum LFSH Left front shoulder 

LBSH Left back shoulder LUPA Left upper arm 

LELB Left elbow LIEL Left inner elbow 

LOWR Left outer wrist LIWR Left inner wrist 

LWRE Left wrist end LIHAND Left index base (hand) 

LOHAND Left outer hand RFSH Right front shoulder 

RBSH Right back shoulder RUPA Right upper arm 

RELB Right elbow RIEL Right inner elbow 

ROWR Right outer wrist RIWR Right inner wrist 

RWRE Right wrist end RIHAND Right index base 

(hand) 

ROHAND Right outer hand LFWT Left front waist 

LMWT Left mid waist LBWT Left back waist 

RFWT Right front waist RMWT Right mid waist 

RBWT Right back waist LHIP Left hip 

LKNE Left knee LKNI Left knee inner 

LSHN Left shin LANK Left ankle 

LHEL Left heel LMT5 Left metatarsal 5 (outer 

foot) 

LMT1 Left metatarsal 1 (inner 

foot) 

LTOE Left toe 

RHIP Right hip RKNE Right knee 

RKNI Right knee inner RSHN Right shin 

RANK Right ankle RHEL Right heel 

RMT5 Right metatarsal 5 

(outer foot) 

RMT1 Right metatarsal 1 

(inner foot) 

RTOE Right toe   

 

 

 



 
 

Appendix I. Google Form for Collecting Ground Truth Data 

 

 

 

 



 
 

Appendix J. Collected Responds from Google Form 
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