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Abstract

The quantification of biomechanics is important for making informed decisions
when implementing appropriate training interventions for improving perfor-
mance and reducing injury risk. This study evaluated the viability of move-
ment data provided by wearable inertial measurement units (IMUs) to auto-
mate the scoring of the Landing Error Scoring System (LESS). The LESS is
an assessment tool used for identifying high-risk movement patterns in a dou-
ble leg jump landing; however, the LESS is scored by experts using 2D video
recordings, which limits large-scale screening. Movement data provided by
three IMUs were used to train several out-of-the-box machine learning mod-
els, aiming to predict the result of the 17 LESS scoring items individually. Raw
movement data was processed and segmented into the key phases of the move-
ment, where additional features were derived from these segments. A super-
vised learning approach was taken, using a dataset containing 218 LESS scores
derived from 40 participants as the desired output for each model. Compar-
isons were made between various subsets of features, and the features with the
greatest importance on accuracy in the best performing models were extracted.
Results showed limited improvements to a ZeroR approach, and features with
the greatest importance on the best performing models had minimal relevance
to the movement involved. Performance of LESS scoring automation using

IMU data may be improved with further developments on this approach.
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Chapter 1
Introduction

Human movement can be performed in many ways and under several envi-
ronments, including at different speeds, on various surfaces, and under the
influence of external factors, such as resistance. The performance of a move-
ment is made up of many smaller-scale musculoskeletal interactions, referred
to as biomechanics. Understanding and quantifying the biomechanics involved
in a movement is helpful for evaluating performance and implementing appro-
priate training interventions to prevent injury, rehabilitate, or improve perfor-
mance. The Landing Error Scoring System (LESS) is an example of a move-
ment screening tool, aimed at highlighting high-risk biomechanics susceptible

to cause injury in the lower extremity when performing a jump landing task.

1.1 Motivation and Scope

Lower extremity injuries are the most common injury site across most sports,
with injury to the anterior cruciate ligament (ACL) being one of the most
common knee-related injuries worldwide [3]. Addressing high-risk movement
patterns that increase the likelihood of ACL injury in jump landings allows in-
dividuals to follow injury prevention programmes prior to vulnerable situations

to mitigate injury risk.

Within the LESS, 17 different scoring items are scored manually by a trained

clinician, performed by visually observing the jump landing task from 2D video



recordings and indicating whether an error is present or absent. With the need
for manual intervention on every jump scored, the use of the LESS for large-
scale testing is not applicable. The implementation of an automated scoring
process may provide greater accessibility to the LESS, without the need for

manual intervention.

To this point, wearable sensors, more specifically Inertial Measurement Units
(IMUs), have been widely used in recent years for assessing the performance of
movement. Three-dimensional (3D) optical motion capture (OMC) is widely
considered as the “gold standard” of movement analysis [4, 5, 6], but are not
practical for LESS assessment and scoring. Movement data provided by sensors
has been integrated with 3D movement modelling to quantify movement, but
these systems are highly technical, expensive, and require expert users. A
more accessible option is to integrate the sensor data with machine learning

models to automate the scoring process for the LESS.

1.2 Project Aims

We hypothesise that IMUs can be used to predict a LESS score using machine
learning models. To evaluate this hypothesis, an investigation into the appli-
cability of sensor data for scoring the high-risk movement patterns is required.
In addition, the processing and implementation of sensor movement data and
evaluating how it affects the performance of the machine learning models in
scoring of the LESS are necessary. Therefore, we propose the following research

questions:

1. How accurately can out-of-the-box machine learning models automate
LESS scores from IMU data?

2. Which IMU-derived features are the most relevant to the automation of
LESS scores?

1.3 Structure of Thesis

This thesis is structured as follows: Chapter 2 highlights how LESS scores are

collected, and further motivates the potential use of wearable sensors to auto-



mate LESS scores. Chapter 3 covers related work using IMUs for movement
quantification, and the further integration of IMU-derived data with machine
learning models for classification. Chapter 4 outlines the solution design used
for processing and automating the scoring process with the collected IMU data.
Chapter 5 demonstrates the implementation of the solution design, specifically
the algorithms created for processing sensor data into training data. Chapter
6 presents an evaluation on the accuracy of LESS score classification using the
collected data, and how IMU-derived features influence this accuracy. Chap-
ter 7 summarises the main findings in relation to the research questions posed.
Finally, Chapter 8 concludes the thesis and highlights future work that can be
completed based on the findings provided.



Chapter 2
Background

This thesis introduces an approach for automated quantification of the LESS
using an integration of sensor data with machine learning. In this chapter, the
motivations underpinning the use of the LESS are established. This chapter
starts with a summary on the importance of biomechanics, and how human
movement is quantified. Following this summary, the significance of lower
extremity injury is highlighted, and the reasons why movement screening for
vulnerable movement patterns is relevant. Subsequently, the LESS and related
scoring protocol are discussed. Lastly, the use of wearable sensors for move-
ment tracking is highlighted, including the types of sensors commonly used to
capture biomechanics, and their specific applications in relation to the double
leg jump landing (DLJL) task employed as part of the LESS.

2.1 Biomechanics of Movement

Human biomechanics refers to the evaluation of the structure and function
of a living body performing a movement, including the interaction between
musculoskeletal segments and the effect of forces on these segments [7]. This
evaluation of movement typically occurs under two main contexts - clinic and

sport.

The clinical assessment of movement focuses on guiding interventions for re-

habilitating movement post-injury or preventing injury incidence. The data



provided from these assessments influences training interventions required to
elicit changes for rehabilitation and reducing tendencies toward vulnerable
movement patterns. Sports movement assessment typically seeks to optimise
performance for competitive or high-performance needs. Sports-related inter-
ventions on movement patterns intend to maximise performance and optimise
a given movement. There are overlaps between the clinical and sport applica-
tions of biomechanical assessments. For instance, screening for risk of injury

is common practice in sports and applies to the clinical context.

The quantification of human movement is individualised depending on the spe-
cific data of interest and the movement sought to be improved. Using a 100-
metre sprint as an example, a slower acceleration in the starting phase of the
sprint motion could be a focus point for quantification in a sports-performance
context. To quantify this starting phase, acceleration data could be captured
from a participant and training programmes could be implemented that priori-
tise changes for improving strength and performance in this sprint phase and
movement [8]. In a clinical context, the biomechanical interactions between
muscles and joints could be monitored to identify potential injury risks during
the acceleration phase, for instance. This monitoring could include using tech-
nology such as an optical motion capture system to monitor joint movement,
force plates to measure magnitude and rate of force, or electromyography to

quantify muscle activation patterns.

Understanding the biomechanics of a participant is important for implement-
ing relevant training interventions. Whether it is for improving performance,
reducing injury risk in vulnerable movement patterns, or both - movement
data is useful for making informed decisions with regards to exercise prescrip-
tion. Injuries occur not only due to high-intensity activities in sports, but also
during low-to-moderate intensity activities [9]. Injuries do not only involve re-
habilitation costs, but they can also lead to decreased physical activity levels
[10] and long-term impairments like osteoarthritis [11, 12]. Additionally, in-
jury may inhibit function and activities of daily living. Furthermore, when the
lower extremities are involved, injuries can impact general human locomotion,

such as gait cycle characteristics [13].
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Figure 2.1: Example of the Dynamic Knee Valgus Position

2.2 Lower Extremity Injury Risk

Lower extremity injuries are the most common injuries observed across sports,
making up over 50% of injuries [14]. A steady increase has been observed in
sport-related injuries by the Accident Compensation Corporation (ACC) in
New Zealand, with a total of 452,438 new injury claims in 2023 [15]. Since
2015, the cost of these active claims has increased to over $326 million dol-
lars [15]. ACC claims relating to lower extremity injuries from 2012-2016 were
most often moderate to serious injuries across five sports, with 19,026 of these
lower extremity claims (53.7%) specifically for knee-related injuries [16]. ACL
injuries are one of the most common knee-related injuries worldwide annually
[3], with a reported 400 tears per 100,000 people in adolescents as recently as
2020 [17].



The ACL is essential in stabilising the knee, with primary function to restrain
the anterior translation of the tibia on the femur [18]. ACL injuries occur most
commonly in sporting environments, predominantly in non-contact conditions
[19]. In previous studies, these injuries are most commonly associated with
movements such as sudden changes in direction, reactive phases of play and
quick or sudden deceleration [19, 20, 21]. Landing from a jump is considered
one of the most vulnerable movement patterns for ACL injury that can occur in
game situations, particularly when coupled with knee valgus [21, 22]. Dynamic
knee valgus, as seen in Figure 2.1, describes a combination of motions in the
lower extremity where the knee is displaced medially. In this position, excessive
movement in the coronal and transverse plane are observed - combining hip
adduction, hip internal rotation and knee abduction; often including tibial
rotation and ankle eversion [23, 24]. This position places significant strain on
the ACL [21] and is largely considered a primary mechanism of ACL injury
[21, 25, 26].

There are numerous additional internal and external risk factors of ACL in-
juries, but addressing high-risk biomechanical movement patterns prior to vul-
nerable situations reduces the likelihood of injury [27, 28]. Specific interven-
tions and feedback provide participants with knowledge on the correct and
safest movement patterns, allowing greater neuromuscular control of a move-
ment and further optimising a participant’s understanding and ability to ma-
noeuvre safely [29]. To understand the risks in different movement patterns,
appropriate movement screening must be completed that can identify high-risk
tendencies or weaker movement competency in participants, to then apply the

relevant training interventions for improvement [25].

2.3 Landing Error Scoring System

As seen in Figure 2.2, the LESS is an assessment tool used for identifying high-
risk movement patterns in a DLJL task. An examiner uses a scoring system
where they observe various kinematic movement patterns that are linked to
ACL injuries from 2D video recordings of a DLJL task [25]. The set up required
for collecting the video for the LESS is presented in Figure 2.3. Participants are
required to stand on a 30-cm high box and jump horizontally to 50% of their



Figure 2.2: Standardised Double Leg Jump Landing Task

body height and upon landing, jump vertically for maximal height [1]. The

task is repeated three times and the average score is recorded as the outcome.

Each jump is scored based on 17 different scoring items, as seen in Table 2.1.
The first 15 items are classified as either a “1” when an error is present, or a “0”
if an error is absent. Both items 16 and 17 are more subjective in nature, using
a three-point scale where “0” indicates an excellent landing, “1” an average
landing, and “2” a poor landing. The maximum possible score is 17 errors, as
some items are directly linked and are not concurrently possible. Specifically,
these items are items 7 and 8 where a participant may either have a wide
or narrow stance, but not both; and items 9 and 10 where the foot position
may be overly inward or outward, but not both. A lower overall LESS score
indicates fewer movement errors and patterns linked to ACL injury; therefore,

a lower risk of non-contact ACL injury and a better jump landing technique

[1].

2.4 Scoring Protocol for the LESS

Each jump using the LESS protocol is performed in front of two standard
video cameras, with one placed on the side to capture sagittal plane motion
and one directly in front of the participant to record frontal plane motion [4],
as seen in Figure 2.4. Movement in the sagittal plane refers to any forward and
backward movement or flexion and extension movement of the joints. Frontal

plane motion represents movement to the left and right, inward and outward,



Table 2.1: The Landing Error Scoring System Items, Adapted From [1]

LESS Scoring Item

Definition of Error

Knee flexion at IC

Knee flexion less than 30°

Hip flexion at IC

Thigh is in line with the trunk (hips not flexed)

Trunk flexion at IC

Trunk is vertical or extended at the hips (i.e.,
not flexed)

4 Ankle plantar flexion Heel-to-toe or flat foot landing at 1C
at IC

5 Knee valgus at IC | Centre of the patella is medial to the midfoot at

IC

6 Lateral trunk flexion | Midline of the trunk is flexed to the left or the

at 1C right side of the body at IC

7 Stance width (wide) | Feet are positioned greater than shoulder width

apart at IC

8 | Stance width (narrow) Feet are positioned less than shoulder width

apart at IC

9 | Foot position (toe-in) Foot is externally rotated more than 30°

between 1C and MKF

10 | Foot position (toe-out) Foot is internally rotated more than 30°

between 1C and MKF

11 Symmetric foot | One foot lands before the other foot or one foot

contact at IC | lands heel to toe and the other foot lands toe to

heel

12 Knee flexion | Knee flexes less than 45° between 1C and MKF
displacement

13 Hip flexion at MKF | Thigh does not flex more on the trunk between

IC and MKF

14 | Trunk flexion at MKF | Trunk does not flex more between IC and MKF

15 Knee valgus | At the point of maximum medial knee position,

displacement the centre of the patella is medial to the

midfoot

16 Joint displacement Soft (0), Average (1), Stiff (2)

17 Overall impression Excellent (0), Average (1), Poor (2)

* Note: IC: Initial Contact; MKF: Maximum Knee Flexion
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or abduction and adduction of the joints. Each respective item of the LESS is
associated with movement in either the sagittal or frontal plane. For example,
knee flexion occurs in the sagittal plane of motion; therefore, the side camera
is used to visualise and evaluate the knee angle (between the thigh (femur) and
shank (tibia) bones). Standard LESS evaluation can be performed on recorded
motion as low as 30 Hz [30], although a refresh rate as high as 120 Hz has also
been used [31].

The LESS has been shown to be a valid and reliable assessment for detect-
ing poor jump landing biomechanics [1, 25]. Despite some LESS items being
more subjective, good to excellent inter-rater and intra-rater reliabilities have
been observed in LESS scoring [25], including LESS scoring performed by two
different scorers with similar experience levels [32]. When comparing LESS
results derived from 2D video to 3D motion capture, the validity of the LESS
was concluded as item dependent [33]. Poor to moderate agreements between
a number of items were mainly due to difficulty estimating segment angles and

symmetric contact visually from 2D videos [25, 33]. A 1° difference in man-
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ual video analysis software can be the borderline between an error present or
absent [25].

In laboratory-based movement capture, 3D motion analysis systems using
infra-red and retro-reflective markers have typically been considered the “gold
standard” measurement for human motion [4, 5]. These systems use two or
more cameras to record the position of physical markers in a 3D space [34].
However, these systems are expensive and require the correct preparation, a
dedicated laboratory space, and an expert-user to operate the system and per-
form analysis [4]. The LESS is a “field-based” testing method, meaning it
should be accessible. For example, 2D video recordings and cameras such as
smartphones can be used to capture the jump landing task [4]. The LESS can
also be completed on many landing surfaces, with no notable differences in

LESS scores between court, grass, and laboratory surfaces [35].

There are additional factors that may affect the scores observed in the LESS,
such as sex, where females demonstrate statistically significant higher overall
LESS scores when compared to males [29, 36]. Injury intervention programmes,
and previous injury history have also shown an influence on LESS performance
[29, 37, 38]. Lastly, age has also been theorised to influence LESS scores [39],

where younger individuals reported higher overall scores than older individuals.
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Depending on the sample of individuals performing the DLJL, differences in
LESS performance may be attributed to these factors. Additionally, some
of the scoring items assessed in the LESS appear less commonly than others
across datasets, or not at all - such as item 2, showing a frequency of 1% or
less in large LESS datasets [1, 40].

In large-scale testing, the LESS has drawbacks. Scoring of the LESS takes time
and an expert is required to manually review and score each video individually
[4]. Automated quantification of LESS scores has been successful in research,
including the use of markerless motion capture technology demonstrating sim-
ilar levels of reliability as expert LESS scorers [41]. However, this approach
was unable to automate the overall impression (LESS item 17). Additionally,
access to these systems is limited, and the additional expense makes large-
scale testing for the general population infeasible. Factors such as access to
the correct laboratory and technology, and the need for an expert to operate
the motion capture system correctly, need to be weighed against the positives

of this automation [4].

Computer vision technology has also been applied to the LESS, using standard
2D video recordings in conjunction with OpenPose, an open-source system for
detecting pose in 2D [42], to identify key frames of the movement and au-
tomate a participants score [4]. The use of this system facilitates large-scale
testing, removes the need for an expert scorer to manually score each jump
and introduces the possibility of using smartphone-based video footage [4]. Al-
though this system allows far greater accessibility for the general population,
two cameras are still required to automate a LESS score, meaning participants
must ensure they have positioned the cameras in the correct position to allow
the computer vision to track movement accurately. Furthermore, the accuracy
of this automation method requires improvements to strengthen the agreement
with the clinical method (r = 0.63). With the increasing popularity in accessi-
ble wearable technology for movement quantification, we propose the need for

cameras to score the LESS may no longer be required.

12



Gravitational
Constant:

9.81m/s?

1

Accelerometer

Figure 2.5: The Impact of the Gravitational Constant on an Accelerometer

2.5 Wearable Sensors for Movement Tracking

Wearable sensors have been shown to be a valid tool for tracking and assessing
movement patterns [43, 44]. Wearables have been used for quantification in
a range of contexts, including identifying key gait parameters [45], quantify-
ing sports-based movements such as baseball pitching and batting [46], and
even extracting different swimming styles from movement data [47]. Analysis
of human movement allows practitioners to understand and describe the mo-
tor function of a participant in both a clinical and sports-based performance
context [44]. There are three main types of wearable sensors that are used
to describe and quantify human movement - an accelerometer, gyroscope and
magnetometer [44, 48].

Accelerometers capture linear accelerations (m/s?) of a body segment at the
point where the sensor is attached [49]. There are two types of data recorded
in the raw acceleration signal: gravity and physical movement. The influence
of gravity acting on the body is included in accelerometer readings [50], with

the gravitational acceleration constant being roughly 9.81 m/s* [51, 52] or 1 g.
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In addition to gravity, the acceleration generated from sudden movements or
vibration of the sensor is also collected, referring to accelerations brought on
by physical movement of the sensor by the wearer [50]. Triaxial accelerome-
ters are used commonly in wearable sensor systems, measuring acceleration in
three dimensions [44]. Each axis of a triaxial accelerometer provides detailed
information of how the sensor is moving [53]. Changes in the raw accelerom-
eter data can be caused by the sensor being accelerated, or the orientation of
the sensor changing, meaning the influence of gravity is applied to other axes.
As seen in Figure 2.5, the gravitational constant would only affect the y-axis
(alone) in a perfectly aligned sensor; whereas a slight rotation of the IMU can
impact two or all three axes unevenly. Accelerometers are typically applied
to, and more easily interpreted from linear-based movement, such as detect-
ing different phases of the gait cycle from accelerometer-derived data [54], or

monitoring the acceleration of a barbell through a high-pull motion [55].

Gyroscopes measure the angular velocity occurring around the point where
a sensor is attached [56]. Angular velocity is typically captured in degrees
per second (°/s), but some devices produce revolutions per second. Triaxial
gyroscopes are also used commonly in human movement analysis [44], but
data given by a gyroscope represents the rotation of the sensor [56], as seen
in Figure 2.6. Gyroscopes are beneficial in capturing data in rotational based

movements, such as assessing heel-strike and toe-off based on changes in the
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shank during gait movement [57] or recognising basic turns and motions in

snow sports-related movements from gyroscopes placed on a snowboard [58].

Lastly, a magnetometer provides information on the magnetic field in relation
to the placement of a sensor [44]. Similar to both an accelerometer and a gyro-
scope, magnetometers in wearable sensors typically use a three-axis system to
capture this information [44]. Changes in the data provided by a magnetome-
ter relates to the orientation of the sensor in respect to Earth’s magnetic field
[59]. Wearable sensors can be subject to “drift,” where the accuracy of data
provided by sensor systems may be affected due to the integration of noise in
the sensor signals [1, 60, 61]. With the inclusion of magnetometers in modern
sensor units, the data provided by a triaxial magnetometer can be used to
correct sensor drift [60]. Despite this correction, magnetometers require con-
sistent recalibration as the data may be disrupted by magnetically different
environments [62], such as collecting data indoors where magnetic wall and

floor structures may disrupt the Earth’s magnetic field [60].

Each sensor type has their unique uses for movement tracking, and may either
be used individually or in combination with each other for a more comprehen-
sive movement dataset [63]. For example, placing an accelerometer and gyro-
scope on the knee could monitor both the acceleration of segments around the
knee as well as angular velocities of these segments during jump landing. Using
these sensors in combination is typically known as an Inertial Measurement
Unit (IMU). An IMU is a sensor-embedded system with an accelerometer and
gyroscope, and sometimes a magnetometer [44, 63]. IMUs are the most com-
monly used sensors for quantifying movement in both clinical and sports-based
movement contexts [43, 44]. With the movement data provided by an IMU,
further kinematic variables can be calculated, such as velocity or displacement
from acceleration [64]. There are many applications for sensors in a range of
applications for quantifying biomechanics. Additionally, there are a number of
possible sensor brands and models that exist. The use of an IMU or multiple
IMUs in the DLJL for the LESS application requires a logical implementation
that provides relevant movement data to derive the LESS items and represent

high-risk movement patterns.
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Chapter 3

Related Work

Wearable technology provides an exciting avenue for capturing and tracking
movement in field environments and clinical settings. While automated video
quantification of the LESS has had success [4, 41|, applying sensors to the
DLJL may provide even greater accessibility to movement data and remove
the need for camera systems and manual scoring. Understanding how sensors
have been used in related research is important for establishing how IMU-
derived movement data can be processed best and applied for machine learning
automation during the DLJL task.

In this chapter, we focus on the usage of wearable sensors in research and the
integration of sensor data with machine learning models. This chapter begins
with an introduction to how movement is quantified using wearables, including
the specific use of IMUs and how these sensors compare to current benchmark
technology. Next, the methods used for automating movement quantification
are highlighted, with focus on the common automation methods used and
the classification of jump-related and landing-related movements. Finally, a
summary of the relevant work is discussed, and how these key ideas are relevant

to automation of the LESS scoring process.
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3.1 Movement Quantification with Wearables

As highlighted in previous sections, a single movement can be of relevance in
both a clinical and sports context. For example, a standing calf raise motion
involves lifting the heel up from the ground and back down. This motion can be
used as a resistance training exercise to develop and build lower limb muscles
[65], or used in clinics to assess lower limb muscle strength and endurance
and detect lower limb deficit [66]. Wearable sensors have enabled greater
accessibility to movement data as they are easy to access, transport, set up,
and do not require an expert to collect and monitor movement data [63].
Having greater access to movement data allows people to better understand
their own capabilities and provide a monitoring tool. Among the wearable
sensors available, IMUs are commonly applied for capturing and quantifying

the biomechanics of a range of different movements.

3.1.1 Quantification Using Inertial Measurement Units

Example applications of IMUs include the quantification of basic human lo-
comotion [67]. Gait analysis is defined as the biomechanical science behind
human locomotion [68, 69] - a fundamental aspect of any human movement.
The gait cycle can be separated into seven different key phases of the move-
ment, from initial contact with a heel strike to terminal swing [70]. Many gait
biomechanical metrics have been quantified using IMUs, such as stride time,

cadence, walking speed, and lower extremity joint angles (e.g., hip, knee, and
ankle) [45, 71].

Additionally, IMUs have also been applied to a range of sporting-related move-
ment patterns, including low velocity movements like dancing motion analysis
[72] or higher speed movements involved in tennis [73, 74], and overhead base-
ball pitching movement [75]. The DLJL used in the LESS involves relatively
high impacts and accelerations during ground contact. Therefore, it is impor-
tant to establish whether IMUs can provide meaningful data from high impact

movements.

Related research focused on quantifying high-impact movements - specifically,

jumps and landings - has had success with IMU application. Jump-related
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movement patterns are commonly used in research due to its multifunctional
relevance in many sporting activities [76]. IMUs to date have been most
commonly applied to measuring jump height when applied to jump testing
[77, 78, 79]. Jump height allows for an assessment of lower extremity func-
tional performance and can be used as a marker of explosive strength, useful
for monitoring the benefits from training interventions in sports players [80].
Jump height is also useful in injury rehabilitation, such as identifying interlimb
differences following ACL reconstruction [81]. Different calculation methods
were used to derive jump height from IMU data, such as focusing on the peaks
in the IMU data [77], implementing algorithms to measure take-off and land-
ing velocity based on accelerometer data [78], or registering relevant movement
data when calculated displacement reaches a threshold value [79]. In the con-
text of the LESS used to assess athletes, one may seek to reduce injury-risk

biomechanics without compromising the subsequent maximal vertical jump.

Similarly, angles of different body segments have been quantified and moni-
tored using IMUs, primarily during the landing phases of jumps [82, 83, 84].
As discussed in Section 2.2, landings are considered one of the most vulnerable
movement patterns for ACL injury. When there is not enough flexion occur-
ring throughout the joints when landing, the landing is considered “stiff,” with
greater ground reaction forces present [85]. Assessment of the relevant segment
angles involved in the LESS using an IMU may improve accuracy in classifi-
cation of a scoring item, as visual estimation of a segment angle is difficult
(25, 33].

In the case of calculating specific biomechanical metrics such as angles in jumps
and landings, specific positioning of the sensor is important. Placement of a
sensor must avoid inhibiting the participant from performing a movement.
If movement data is not captured in the participants “normal” motion, the
data is not representative of the actual movement pattern tendencies of the
participant. The anatomical landmark at which a sensor is attached must also
provide movement data that is relevant to the biomechanics being quantified.
Using the detection of a jump landing as an example, a sensor placed at the
wrist is not going to provide movement data as insightful as an ankle, knee
or pelvis sensor could. Furthermore, the sensor should not be placed where

there is considerable soft tissue artifact unless movement of the soft tissue is
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of primary issue [86].

Soft tissue artifact refers to the biological tissues between a skin-based marker
and bone, where the separation between the bone and marker lead to inaccu-
racies in monitoring [87]. For segment angles, two sensors are typically used
where the axes of the sensors coincide with the axis of the joint [71, 88, 89, 90].
Placement of a sensor that aligns with the joint centre can be complex due
to the considerations raised above (i.e., movement obstruction and soft tissue
artifact) [71, 86]. One study looking at the difference between sensor data
captured for gait analysis from a prosthetic and human leg found greater ac-
curacy from the prosthetic leg, concluding that the prosthetic more closely

represented a “perfect hinge joint” [71].

With so many differing options for sensor placement and calculation methods,
the accuracy of IMU-derived biomechanics must be evaluated against current
benchmark movement capture technology. Although wearable sensors are ac-
cessible, the movement data provided by the sensors is not useful unless the
data is representative of a participants movement tendencies. Despite success
quantifying high-impact movements using IMUs, inaccurate movement data
may lead to missed injury risk factors or an overestimation of the performance
of a movement, leading to the incorrect interpretation of metrics and associated

prescribed training interventions.

3.1.2 Accuracy Comparison to Benchmark Technology

An OMC is commonly listed as the “gold standard” of movement capture and
quantification [4, 5]. These systems involve multiple high-resolution cameras
capturing a participant performing a movement from multiple angles, with each
view used to reconstruct a movement onto a 3D model [91]. 3D motion capture
can be done in many ways, however these systems typically use infra-red light
cameras that record the light reflections from retro-reflective markers placed
on a participant in strategic locations [6, 92]. IMU movement data can be
captured simultaneously with OMC data to compare the same outcomes from
both datasets. IMU-derived data have been shown accurate when compared
to OMCs for quantifying various movement types, including detection and

analysis of the various gait phases and angular velocity in tennis based on
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gyroscope data [69, 93], accelerations in a variety of straight-line sports-specific
movements [94], and extraction of exercise performance measures in resistance

training [95].

In jump and landing-related research, IMU movement data have been com-
pared to both OMC and force plates, where the latter assesses ground reaction
forces important in jump and landing tasks [96]. Strong correlations have been
observed between IMU-derived movement data and force plate data, includ-
ing quantifying step times from IMU data during gait [97], reactive strength
index and temporal-related measures in a countermovement jump [98], and
peak ground reaction of five different jump and rise tests [99]. Despite differ-
ent calculation methods for jump height, as discussed in Section 3.1.1, result
comparisons to respective “gold standards” of movement capture all produced
similar results to IMU-derived data [77, 78, 79].

When comparing IMU movement data to current benchmarks of movement
capture technology, a clear application is shown for quantifying a number of
biomechanical metrics. Different approaches exist for calculating the same
biomechanical metrics using IMU movement data, with similar levels of accu-
racy. As touched on in Section 2.4, high quality OMCs and force plates can be
expensive technology, which does not allow usage for the general population,
in addition to the need for an expert to operate the technology and analyse

the data for performance evaluation.

In the case of the LESS, 2D video recordings are used as the benchmark for
manual analysis of the different scoring items. As previously discussed, the
two last scoring items involve subjective scoring such as visually assessing
whether a landing is soft or stiff. Other scoring items are difficult to visually
estimate accurately, including flexion angles and simultaneous contact time
between both feet [25, 33]. In consideration of the success in quantifying re-
lated biomechanics, IMU application may provide more accurate and objective
quantification of the LESS.
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3.2 Automation of Movement Quantification

As discussed in Section 2.4, the LESS is inaccessible for large-scale testing due
to the need for an expert to manually review and score each video individually
[4]. The ability to perform this test with an expert is limited by the availability
of the expert, and time required to score each individual jump. As discussed
in Section 2.4, automation of the LESS has been relatively successful previ-
ously using other means than IMUs [4, 41]; but access to these approaches for
the general population is still limited. With the growing popularity of IMU
applications for human movement quantification, implementation of a system
that is able to score the LESS items using IMU data would remove the need

for a “hands-on” expert and allow greater access to LESS quantification.

3.2.1 Common Automation Methods

To assess movement from sensor data, two approaches are quite common: 3D
modelling and the use of machine learning methods. With 3D modelling,
sensor data are used as input to replicate a participant’s biomechanics based
on an existing 3D model, allowing researchers to visualise and reconstruct a
movement [100]. Modelling can be completed using different software, such as
Visual 3D!, that includes techniques for signal processing and filtering [101].
Open-source libraries have also had success with automating movement from
IMU data, such as OpenPose, where multiple key points in various body parts
are identified and tracked through images and videos [74]. Although these tools
have been commonly used for movement assessment, OMC data are required
to calibrate and create the 3D model. As stated previously, an OMC system is
unobtainable for regular use and still requires expert intervention to evaluate

the LESS performance.

3.2.2 Machine Learning for Jumps and Landings

There are many machine learning models that have been used in assessing
biomechanics. For example, neural networks have been used for quantifying

movements within gait cycle research [102] and a soccer ball kick [103], while

Thttps: //www.has-motion.ca/biomechanics-software/#visual3d
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Table 3.1: Machine Learning Models in Jump and Landing Research

Model Used Literature Use Case
[104] | Classification on flight or landing

Support Vector Machine ]
phase of jump

[107] Prediction of peak power

[104] Estimation of ground reaction

force

Neural Network - - .

[108] Estimation of ground reaction

force

[106] Quantification of jump height

[67] Predicting knee joint forces

[109] Estimation of flight time, force

Linear Regression and impulse
[107] Prediction of peak power
[105] Estimation of ground reaction

and knee forces

a binary classifier has been used for tennis-related stroke style predictions [73].
In research focused on the integration of machine learning and the quantifi-
cation of jump and landing performance, seven relevant articles were found.
These articles typically used IMU data to calculate relevant jump landing
biomechanics, such as ground reaction forces [104], knee joint forces [105], and

jump height based on accelerometer values [106].

It has been proposed that the most commonly used algorithms for quantifying
biomechanics are support vector machines, neural networks and generalised
linear models [110]. From the related research covered, as seen in Table 3.1,
support vector machines were typically used to distinguish between key phases
of the movement, rather than the biomechanics involved in the jumps and
landings [104, 107]. Neural networks were used for the estimations of ground
reaction forces [104, 108], jump height [106], and knee joint forces [67]. These
studies also indicated their reason for using a neural network was related to

success in other impact-related studies.

Neural networks were used individually to examine movement in some studies,
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while others compared the performance of multiple models against each other.
Generalised linear regressions were used for predicting various biomechanical
metrics, such as flight time or net impulse [109], peak power [107, 109] and
ground reaction forces [105]. The LESS items cannot be considered linear,
rather each item needs to be classified into one class. The majority of items
are either scored a “0” or a “1,” as discussed in Section 2.3. Therefore, the
implementation of binary classification models is likely the best option and
more appropriate than generalised linear regression models applied to LESS
scoring based on the sensor data, with multi-label classification for scoring

items with three targets.

Additionally, the LESS is scored between two main key events of the movement
- initial contact and maximum knee flexion. These events occur in the first
landing phase of the movement. Therefore, the segmentation of the IMU data
into key phases of the first DLJL may improve the accuracy of classification,
rather than just using a full raw dataset of the entire movement. Segmen-
tation was frequently used when processing the IMU data to highlight key
points in various other movements, such as the breakdown of a two-handed
ball throw into throwing and follow-through phases [103], or extracting the
heel strike/toe-off phases of the gait cycle [111].

Segmentation of jump-related IMU data has also been applied elsewhere. For
example, some authors [106] have split the accelerometer data from an IMU
into five key stages of the jump, from weightbearing to landing. There were
26 kinematic-related features taken from all five stages and used to train a
neural network. Elsewhere [109], critical points in the accelerometer data of
a jump were highlighted to calculate flight time and peak force. With the
appropriate algorithms and data processing, critical points in a jump can be
extracted based on the accelerometer data signals. Machine learning can then
be applied to classify these phases in the raw IMU data. For example [104],
some authors trained a support vector machine using the calculated magnitude
of all three axes of accelerometer data to classify whether a segment of data
was in the flight phase or landing phase of a ballet jump. Depending on the
classification, the data were then either passed to a flight-based artificial neural

network (ANN) or a ground-based ANN to compute relevant jump metrics.
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In a similar study focused on the DLJL, researchers [105] identified the rel-
evant events from the LESS using IMU data - initial contact and maximum
knee flexion. These phases were extracted in a step-by-step process, firstly
finding the relative region of interest, and using maxima and minima points
in the different sensors to extract the full movement window. Positioning of
the sensors at the shank and thigh provided the movement data required for
predicting knee biomechanics, so the segmentation of the DLJL may differ

depending on the movement data available.

In addition to various processing techniques applied in the related work, a
filter was also commonly applied to the raw movement data prior to feature
extraction and training of multiple models. When applying a filter, the aim
is to remove sensor noise while also maintaining the significance within the
magnitude of the signal [112]. Most commonly, a low-pass Butterworth signal
filter was applied to the accelerometer and gyroscope data [67, 105, 106, 108,
109]. The cut-off frequencies ranged from 10 Hz [106] to 32 Hz [108], with
authors [105] comparing filter applications from 15 Hz up to unfiltered. A
fourth-order Butterworth filter was applied most commonly [67, 108, 109], with
some using a second and sixth-order filter [105, 106]. Assessing the orders and
cut-off frequency for the LESS movement data will be important for ensuring

signal magnitude is preserved, while noise is removed.

In the review of relevant work, the use of IMU movement data as input for
machine learning models was not limited to one sensor alone. For example,
some authors [105] compared the use of accelerometer features against the
combination of both gyroscope and accelerometer features, allowing a greater
amount of features to be integrated for training a model. These authors [105]
also extracted statistic-based features from both accelerometer and gyroscope
data - mainly centred around the maxima and minima points in all axes of
data. This approach was common among the other related studies, with many
using features that detail maxima and minima points in all axes [105, 106, 109].
Additionally, the mean and standard deviation of these axes were extracted to

detail the variability between jumps and landings [2, 109].

In addition to statistical descriptions of the dataset, temporal measures were

also used in conjunction with segmentation. Temporal measures such as the
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Table 3.2: The Different Models and Their Accuracy, Data Provided by [2]

Model Accuracy

(%)

Naive Classifier 7.0

K-Nearest Neighbours 95.9

Gaussian Naive Bayes 88.9
Support-Vector Classification 94.2
Gradient Boosting Classifier 93.0
Stochastic Gradient Descent 91.5

Deep Feedforward Neural Network 96.4
Convolutional Neural Network 96.1

time to a maxima or minima point, the start and end time of a region of
interest, or the time taken to complete a movement were extracted and used
to train multiple machine learning models [105, 106, 109]. Additionally, the
times between key events or phases of movement may correlate to biomechanic

measures, such as flight time [109].

In the case of the LESS, appropriate models need to be selected to classify
whether IMU-derived data are capable of accurately predicting a LESS score.
One relevant study involved the comparison of 10 different supervised learning
machine learning models in assessing the difficulty of a jump in trampoline
gymnastics [2]. Supervised learning involves training a model with both the
input, and desired output - where the model tries to map the connection

between the two sets and apply this same mapping to further input data [113].

In one study [2], the extracted features from the IMU data acted as the input,
while the jump type acted as the labelled output. There were 45 features
extracted from accelerometer and gyroscope data used to train each model,
including segmented data for each phase and statistical features such as mean
and standard deviation values for each phase. In relation to the application
of machine learning models to the LESS data, it is important to distinguish
between accelerometer and gyroscope readings, and acknowledge that the time
course of the curve will differ from other jumps not performed in a similar

manner.
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As seen in Table 3.2, the models selected mostly produced accuracies greater
than 90% for identifying jump type [2]. Notably, the two neural networks
produced the greatest accuracy when classifying jump types. Shapley addi-
tive explanation (SHAP) values were used to assess which of the phases and
features had the greatest importance on the training of each model. With a
similar approach with LESS data, the phase between initial contact and max-
imum knee flexion should produce the greatest importance in consideration
that all the scoring items of the LESS are scored in this phase [1]. Considering
the success of models used in trampolining [2] with complex jumps and land-
ings, applying LESS movement data to these models and extracting similar
statistical features based on the phases of the movement will help to estab-
lish the applicability of IMU sensor data to scoring the LESS. Additionally,
a supervised learning approach using manually scored data as the labels may
provide greater clarity on the application of IMU sensors for classifying the

score of each scoring item.

3.3 Summary of Findings

The usage of wearable sensors has demonstrated clear applicability for the
quantification of human biomechanics, with machine learning models being
helpful in the process. Wearable sensors provide a greater accessibility to
movement data for the general population, allowing assessment of movement
without the need for expensive technological systems and an expert to capture
the data. IMU sensors have been commonly used to assess jumps and landings,
with various calculation methods present for deriving biomechanical metrics
from the raw sensor data. IMUs have also demonstrated excellent results when

compared to “gold standard” movement assessment technologies.

The machine learning models commonly used for quantifying biomechanics
were both ANN and support vector machine models. Both these models are
used in supervised learning approaches. Model selection for the LESS will ben-
efit from a supervised learning approach as manually scored LESS scores can
be input in conjunction with the processed IMU data to help inform the model
on the expected output. Using multiple models allows comparison between dif-

ferent machine learning architectures for prediction, while also showing which
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extracted features from the IMU data have the greatest importance for accu-
rately classifying the LESS.

From the raw data provided by IMUs, there are a number of approaches to
processing the data prior to feature extraction. From the movement data
provided by a DLJL, the jump can be split into the primary phase where
the LESS items are scored, i.e. from initial contact to maximal knee flexion.
The features in these phases are expected to have the most importance to
the performance of the machine learning models for automating the LESS.
Segmenting the IMU data into phases and comparing the performance of the
models will determine whether patterns in the IMU data are relevant to LESS
scoring, or whether patterns in the other phases of the data are also worth

considering.

Various features can be extracted from IMU movement data, including statis-
tical features surrounding the key phases of the movement and the maximum
and minimum points. Temporal features can also be extracted from IMU data
in the DLJL, such as flight time or the times between phases of the task. Ex-
tracting both statistical and temporal features from the IMU data may have
a greater importance to the accuracy of the models in comparison to the raw
data, allowing for an evaluation on whether raw IMU data from each jump

demonstrates any patterns relating to each respective scoring item.
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Chapter 4
Design

There are many approaches to applying sensor data to the calculation of biome-
chanics in a jump and landing movement, including different data processing
techniques, possible features to extract, and machine learning algorithms that
can be used for predicting movement performance. The implementation of cus-
tomised algorithms for processing sensor data must provide relevant training
data to allow a fair evaluation on the application of machine learning algo-
rithms for the automation of the LESS. A design based on the literature must
be formalised to determine how LESS data can be integrated with machine

learning to automate the scoring process.

In this chapter, the decisions made based on the literature are highlighted and
a formal design is established for evaluating the applicability of IMU sensors
to the LESS. This chapter begins with discussing the research questions and
hypothesis. Next, the design requirements are outlined in relation to how
movement data will be processed for integration with machine learning for
automation. Finally, the design of the proposed solution is covered in relation
to the collection of LESS movement data, and how these data will be processed

and used to train and test machine learning models to predict the scoring items.
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4.1 Problem Discussion

As discussed in Section 2.4, the scoring of the LESS requires the use of two
video cameras correctly placed to monitor movement in the sagittal and frontal
plane of a DLJL. Some of the scoring items involved in a LESS score are hard to
accurately measure using visual estimates [25, 33]. From the work highlighted
in Section 3.1.1, IMUs have shown to be applicable for quantifying various
movement patterns. Additionally, the related work covering automation of
movement quantification in Section 3.2 showed IMU-derived data can also
be used in conjunction with machine learning algorithms with high levels of
accuracy. Based on these findings, the main hypothesis posed for this thesis

1S:

1. IMU sensors can be used to predict the LESS score using out-of-the-box

machine learning models.

There are many applications of machine learning in various contexts such as
healthcare and criminal justice that leverage an out-of-the-box machine learn-
ing approach when making predictions [114]. Interpretation of the decisions
made by these types of machine learning models cannot be made, as decisions
are independent. The accuracy of selected machine learning models will there-
fore be based on the input data, and not the tuning of various hyperparameters.
Additionally, the accuracy of the models using movement data can be used as
a proof-of-concept to assess whether any patterns in the raw IMU data are
identified that relate to each scoring item of the LESS. To evaluate whether
IMU sensors can predict a LESS score, the following research questions were

formulated:

1. How accurately can out-of-the-box machine learning models automate
LESS scores from IMU data?

2. Which IMU-derived features are the most relevant to the automation of
LESS scores?

Excellent accuracy has been shown between IMU data and current benchmark
technology of movement quantification (OMC systems and force plates), as
discussed in Section 3.1.2. However, to the best of our knowledge, no studies

were found comparing the application of IMU sensors to manual quantification
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of jump and landing movements from 2D videos. The automation of the LESS
using markerless tracking and computer vision has shown successful results, but
the need for adequate laboratory space and technological requirements does
not allow accessibility to the general population [4]. With the use of wearable
sensors, we are interested in evaluating whether scoring using the LESS can
be automated and thereby implemented with no manual intervention other
than sensor placement. Additionally, the work covered in Section 3.2.2 showed
many potential features that can be derived from raw IMU movement data for
jump and landing movement types. Assessing different IMU-derived measures
is important for not only improving the overall accuracy of the out-of-the-box
models, but also for evaluating whether additional features exist that impact
LESS scoring.

4.2 Design Requirements

To evaluate the applicability of IMU sensor data to LESS automation, ap-
propriate design requirements need to be established. As such, the design
requirements are split into two main subheadings: processing requirements
and training requirements. Processing requirements relate to the algorithms
that will need to be implemented for processing LESS movement data for in-
tegration with machine learning models. Additionally, training requirements
outline the methodology of how the processed data will be used to train the
out-of-the-box models and evaluate the performance of these models when

automating LESS scores.

4.2.1 Processing Requirements

The data output from IMU sensors will require a certain level of processing
to be used as training data. Raw data from motion capture can include large
time windows of irrelevant data (e.g., before jumping and after landing for the
DLJL movement). Therefore, the following requirements have been outlined

for the processing of the data:

e Organising: movement data are likely to be provided in various files

and formats by end users. The files required for automation will need to
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be organised into a logical order to ensure relevant movement data are

correctly collated in one location.

Cropping: in consideration of the data collection process, raw move-
ment data are likely to have periods of noise before and after the DLJL
task is performed. An algorithm will need to be implemented to re-
move this noise and remove the need for additional processing on large

quantities of irrelevant data.

Alignment: with the application of more than one sensor, it is possible
that sensors may be worn in differing orientations. Depending on the
number of sensors included, all axes of movement data will have to be

aligned so movement at any point of the body occurs in the same axis.

Segmentation: as discussed in Section 3.2.2, peaks in the accelerometer
data can be used to identify key phases of a landing movement. Segment-
ing the output from each sensor into respective phases of the movement
may help to understand which IMU-derived features influence the accu-

racy of automation the most.

Feature Extraction: using the key phases of the DLJL, temporal and
statistical features can be extracted for use in training the machine learn-

ing models.

Merging: the LESS is made up of 17 different scoring items. These
scores will need to be merged with the IMU-derived data into one dataset
for training the machine learning models. This process will involve im-
plementing an algorithm that merges the score of a jump correctly with

its corresponding IMU data.

4.2.2 Training Requirements

To automate the LESS scoring process, the selection and structuring of ap-

propriate machine learning models must be implemented correctly to ensure a

black-box approach is maintained. Additionally, the training of a model using

the processed data must be structured correctly to allow the selected mod-

els to take advantage of any identifiable patterns in the data. Therefore, the

requirements listed below are outlined for evaluating the performance of the
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automation:

e Structuring: the corresponding architecture for the machine learning
models must be implemented correctly to ensure training of the models

for each respective scoring item and data subset is done correctly.

e Metric Extraction: ensuring each of the selected performance metrics
used for evaluating model performance is correctly extracted, and that

these are outputted for further comparison between models.

e Comparison: the performance of each model and feature subsets are
compared against one another to evaluate the performance of different

models and IMU-derived features for each respective LESS scoring item.

4.3 Solution Design

To meet the processing and training requirements as specified in Section 4.2,
the design for a solution that is capable of processing and training machine
learning models must be formalised. As shown in Figure 4.1, there are three
main stages outlined for using movement data collected by an IMU to train and
evaluate the prediction of LESS scores using machine learning models. These
stages include (1) data collection, (2) data processing, and (3) prediction using

processed data.

4.3.1 Data Collection

Sensor data in relation to the DLJL task as part of the LESS were collected
as part of a larger study that was previously completed. The data collection
protocol was approved by the Health, Engineering, Computing, and Science

Division Human Research Ethics Sub-committee of the University of Waikato
(HREC(HECS)2023#4) (Appendix A).

The sensor selected for capturing movement data throughout the DLJL task
was the IMeasureU Blue Trident IMU sensor!, as seen in Figure 4.2a. The
[MeasureU sensor uses both a low-g and high-g three-axis accelerometer si-

multaneously, capable of tracking high-value peaks in movement data. The

Thttps://imeasureu.com/imu-sensor/
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Figure 4.1: Flowchart for Solution Design

low-g accelerometer has a frequency of 1125 Hz, in comparison to a 1600 Hz
frequency for the high-g. Additionally, a three-axis gyroscope with a 1125 Hz
frequency with a range of £2000 °/sec is used, along with a three-axis magne-
tometer at a frequency of 100 Hz - all capturing movement data simultaneously.
The data were captured using Bluetooth connection to an iOS device, through
the Vicon Capture mobile application. Three IMeasureU Blue Trident IMU
sensors were placed on the participants prior to their jump performance. Two
sensors were placed bilaterally at the ankles, proximal to the medial malleolus,
with the final sensor placed on the posterior aspect of the pelvis/sacrum, as

seen in Figure 4.2b

The scoring protocol implemented is a slightly modified example of the typical
LESS scoring protocol [1]. This protocol required each participant to jump
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Figure 4.2: Blue Trident IMeasureU Sensor and Related Placement

horizontally from a 30 c¢cm high box, to 50% of their body height, and then
immediately jump vertically for maximal height. Each participant was asked to
complete the LESS in two conditions - three jump landings with no intervention
and three jump landings while performing a dual task. The dual task included
either turning the head to the right or counting multiple high and low tones
while performing the jump movement. As the LESS is typically performed and
scored without the head being in a rotated position, LESS data from these
jumps were disregarded for the purpose of this thesis. The dual task data with

auditory cues were maintained as the head was in the usual position.

Two digital video cameras (Sony RX10 II, Sony Corporation, Tokyo, Japan)
were placed in front and to the right of the participants to capture the frontal
and sagittal plane motion at 120 frames per second. Each video was started
prior to the first jump of a given participant, and recording was stopped follow-
ing the sixth and final jump. Each participant performed three jumps without

intervention and three jumps with the dual task, in a randomised order.

Manual scoring of the LESS was performed by the author of this thesis (ZH)
to better under the scoring process, the movement patterns that constitute

an error, and how these movements may be identified within sensor data.
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This scoring was performed on a subset of the data (30 total jumps). Scoring
of the full dataset was completed by an expert LESS scorer, with validation
by another experienced scorer. To evaluate the performance of the machine

learning models, the full dataset will be used.

4.3.2 Data Processing

Customised algorithms that are capable of processing a large window of move-
ment data will need to be implemented. The approach to processing movement
data will need to consider the additional noise, differing axes of movement in-
volved, and movement data that does not correspond to the LESS scoring
items. The Python language® will be used to implement the processing algo-

rithms.

The protocol followed for collecting data in relation to the DLJL involves
a potential issue where there is many rows of time series data, but only a
small subset of this data relates to the jump performance. Due to the high-
impact movements, using prominent peaks in the movement data will be used
to recognise the two key landings (first landing from the 30 cm box, and second
landing from the subsequent maximal vertical jump). With these landings, an
algorithm will be required to crop out large windows of irrelevant data to
speed up further processing algorithms. Additionally, due to the irrelevance
of magnetometer data to the scoring process, magnetometer data will not be

included and removed.

With three sensors involved in data collection at different anatomical locations,
there are a number of axes involved. Simultaneous movement in one direction
could occur in three separate axes. Based on the movement data provided
and the video recordings, an algorithm should be implemented to ensure all
movement is represented correctly in one direction. The consistent axis that
will be implemented is shown in Figure 4.3. Directional movement will need
to be recognised in the movement data and manipulated into the new axis for
all three sensors. The x-axis refers to right/left horizontal movement, y-axis
movement refers to up/down vertical movement, and z-axis corresponds to for-

ward /backward movement. Positive acceleration values represent movement to

2version 3.10.0, https://www.python.org/
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Figure 4.3: Selected Axis for Consistent Alignment

the right in the x-axis, upward in the y-axis, and forward in the z-axis. Nega-
tive acceleration values represent movement to the left in the x-axis, downward
in the y-axis, and backward in the z-axis.

The Butterworth filter was applied commonly in machine learning research in
jump and landing-related movements, as seen in Section 3.2.2. Most commonly,
the filter implemented was a fourth-order Butterworth filter at a low-pass cut-
off rate ranging from 10 Hz to unfiltered. Due to this filter appearing in
similar movements, a fourth-order Butterworth filter will be applied to the
LESS movement data. Due to the impact expected from the DLJL, a range of
low-pass rates from 10-100 Hz will be evaluated, and the most appropriate will
be selected based on visual inspection. A further evaluation from a first-order

up to a tenth-order Butterworth filter will validate whether a fourth-order is an
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Figure 4.4: The Selected Key Phases of the Double Leg Jump Landing Task

applicable solution, and the movement data does not demonstrate a dramatic

time shift in comparison to other orders.

Segmentation was a common data processing technique used in related work
covering machine learning and movement data integration, as discussed in
Section 3.2.2. In the DLJL, the key events initial contact and maximum knee
flexion can be identified [105]. This segment of movement data will be labelled
as segment two (S2). For the LESS, in consideration of all the scoring items
taking place between initial contact and maximum knee flexion, algorithm
implementation will be focused on identifying the start and end of this phase
within accelerometer data. Additionally, extracting the phase between take-
off from the box and initial contact allows an evaluation of the flight time
and the movement of the participant before they come into contact with the
ground. This segment of data will be labelled as segment one (S1). Movement
data from S1 alone is not likely to provide meaningful insight for classification
considering the LESS items are scored in S2. Therefore, S1 and S2 will be
merged together (S1A2) to provide features from the full movement window.
These key phases of the LESS can be seen in Figure 4.4.

Using the key phases identified in segmentation, a variety of features can be
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Table 4.1: Selected Features to be Derived from Sensor Data

Temporal Statistical-Based | Characteristic
Maximum Age

Flight Time to Initial Contact (S1) * 8
Mean BMI

Time from Initial Contact to Minimum Height
Maximum Knee Flexion (S2) [ Root Mean Square Mass
) Standard Deviation Sex

Total Movement Time _ -

Variance Past Injury

extracted and further used in machine learning training and evaluation. From
the related work covered in Section 3.2.2, a number of temporal and statistical
features have been used with successful results. In relation to the movement
data provided in the DLJL and the features provided in Section 3.2.2; six
temporal measures, six statistical measures, and six participant-related char-

acteristics are the selected features, as seen in Table 4.1.

Since asymmetric contact with the ground is a scoring item of the LESS [1],
initial contact extracted from the left ankle sensor may be different to initial
contact at the right ankle sensor. Flight time from take-off to initial contact
details the time taken to complete S1. This feature will be two different features
in itself - flight time from take-off to the left ankle initial contact, and time
from take-off to the right ankle initial contact. Additionally, the time taken
from initial contact to maximum knee flexion details the time taken for a
participant to complete S2. This feature will also be two different features -
time from left ankle initial contact to maximum knee flexion, and the time
from the right ankle initial contact to maximum knee flexion. Finally, the full

movement will refer to the time taken to complete S1A2.

The selected statistical features help to highlight individual participant perfor-
mance characteristics. Statistical feature extraction will be performed on each
segment, for each axis of the sensors used, and for each participant, as per-
formed in similar related work discussed in Section 3.2.2. The mean and stan-
dard deviation have both shown to be an influential measure in the accuracy
of classification for several indicators of countermovement jump performance

[109] and the detection of trampoline gymnastic jumps [2]. The maximum and
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Table 4.2: Selected Subsets to Evaluate Classification Performance

Segments | Sensors Involved Feature Grouping
Take-off to
Maximum Knee All Sensors All Features
Flexion
(S1A2)
Ankles Raw Movement Data

Initial Contact
to Maximum

Knee(SFQIS%Xion Pelvis Extracted Features

minimum points also show the differences in acceleration and rotational veloc-
ities between participants, implemented in related work [105, 108, 109]. Other
than the mean as an input feature, two additional features will be included.
The root mean square provides another interpretation of the mean, focused
on measuring the mean magnitude of numbers. Variance will also be included
to detail how all the values in an axis of movement data differ from the mean

value.

In addition to the features extracted from the movement data, participant-
related characteristics will be included as features. Considering participant
movement data is individualised, the characteristics of the participant may
assist the machine learning models to recognise features. Age, sex, and past
injury were factors shown or speculated to influence LESS scores, as discussed
in Section 2.4; therefore, these characteristics were included. The height, mass,
and body mass index (BMI) are participant-specific, and can influence move-
ment. For example, a participant with greater mass will accelerate toward the

ground faster, which may influence accelerometer signals upon landings.

The final step of data processing involves dividing the movement data into
smaller subsets to assess the influence of data processing on the classification
performance for the LESS. The selected subsets to be evaluated are highlighted
in Table 4.2. As previously discussed, all the scoring items take place between
initial contact and maximum knee flexion (S2) - therefore, it is the main seg-
ment of interest. A comparison can also be made to the combination of the
take-off segment with the landing segment (S1A2) to see whether this phase

provides meaningful data that relates to the scoring items. The scoring items
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Table 4.3: Selected Supervised Learning Classifiers

Model
ZeroR, or Dummy
K-Nearest Neighbours

Gaussian Naive Bayes

Support-Vector Classification

Gradient Boosting Classifier
Stochastic Gradient Descent

RandomPForest Classifier

Deep Feedforward Neural Network

of the LESS all occur within S2, so additional segments by themselves do not

provide any relevant movement data.

Sensor position is an important parameter for collecting movement data from
a sensor, as previously discussed in Section 3.1.1. The anatomical placement of
the sensors was already decided when the data was collected. The positioning
of the sensors was not selected to calculate movement of the joints, but rather
positioned as a proxy of ground reaction force values via the ankle sensors and
centre of mass displacement for the pelvis sensor. Nonetheless, an evaluation
can be made on whether these sensor locations provide movement data that

can accurately quantify the 17 LESS items.

As observed in Section 3.2.2, some related work using IMU-derived data had a
high classification accuracy in their machine learning models when only using
statistical or temporal features. Therefore, the data will be split into three
groups: (1) all features together, (2) the raw movement data, and (3) the
extracted features (temporal, statistical, and characteristic-based features).
By using the different subsets of the data, an assessment on whether derived

measures influence the classification can be made.

4.3.3 Automation of Scoring Using Sensor Data

Classification and automation of the scoring process will leverage a supervised

learning approach. In consideration that the manual scoring process has al-
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ready been completed for this dataset by an expert scorer, these scores will
act as the desired output for the classifiers to try to predict and recognise any
patterns in the dataset. From the related work covered in Section 3.2.2, seven
supervised learning classifiers are selected to be implemented. These selected

classifiers can be seen in Table 4.3.

The selected classifiers are similar to the selection elsewhere [2], as they cover
a good range of supervised learning machine learning algorithms. Due to the
accuracy demonstrated by the K-nearest neighbours (KNN), Gaussian Naive
Bayes (GNB), support-vector (SVC), gradient boosting (GBC), and stochastic
gradient descent (SGD) classifiers, they were implemented for evaluation in the
case of the DLJL. Additionally, the deep feedforward neural network (DFF)
used by the authors in [2] provided the greatest accuracy, therefore a similar
model architecture will be implemented. The naive classifier was removed due
to the poor performance observed. Due to the inconsistent sizes of the dataset
in the selected subsets, a convolutional neural network is not applicable as 2D
resizing of the data would be different for every subset iteration. To replace

this model, a random forest classifier (RFC) will be included.

ZeroR will be implemented and act as a comparison measure to ensure any
performance metrics derived from the other classifiers is not due to a skewed
or imbalanced dataset. This classifier will classify all of the classes in the
dataset as the most frequent class in the dataset. A high accuracy value may
be observed in an imbalanced dataset, but classifying an entire dataset as one
label does not provide a robust confidence for further applications to larger
datasets of LESS data.

To ensure an out-of-the-box approach, all classifier architecture will be imple-
mented using Scikit-learn®. The models implemented in Scikit-learn are con-
structed and maintained by a large group of machine learning experts, with
extensive documentation and easy integration with the Python language. For
ZeroR classification, the dummy classifier will be used. In the case of the DFF
specifically, the multi-layer perception classifier will be implemented, a type of
feedforward neural network and considered as the foundational architecture of

deep learning [115]. Each model will be imported using the Scikit-learn library

3version 1.5, https://scikit-learn.org/stable/
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Figure 4.5: Calculation Process of Precision and Recall

and fitted with the divided subsets of movement data.

Binary classification will be performed for 15 of the scoring items where the
output labels were either a “0” for the error being absent, or “1” for the
error being present. Multi-class classification will be performed for scoring
items 16 and 17. Some classifiers typically do not natively support multi-
class classification, such as a SVC. However, Scikit-learn provides a default

behaviour to handle and perform multi-class classification.

As discussed in Section 2.3, the frequency of some scoring items in the LESS
differ, where some items may be present for 50% of a sample, while other
scoring items have a rare chance of being observed. Therefore, if we have an
imbalanced dataset for a scoring item, the classifiers may just label every input
as the most frequent class. Accuracy would therefore be a representation of the

imbalance in the dataset, rather than the actual performance of the classifier.

Due to this potential imbalance, the metrics to be implemented for assessing
the performance of the sensor data will be precision, recall, and the F1l-score.
All three metrics will be implemented using the Scikit-learn metrics library.
Values range from 0-1, where 0 is the worst-case, and 1 is the best-case model

performance. The calculation process of these metrics can be seen in Figure 4.5.

Using the example in Figure 4.5b, precision refers to the amount of true pos-
itives (TP) (red ball identified as red, so 3) divided by the total number of
positive observations (TP + false positives (FP)) (5 total balls classified as

red). Precision would be equal to 60%. The equation for this calculation is:

TP

J2 .. _
recitsion —TP T FP
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Table 4.4: Example of Weighted F1-Score Calculation

Label | F1-Score | Instances Proportion | Weighted F1-Score
Soft 0.75 3| 3/40 =0.075 | (0.75 * 0.075) +
Average 0.96 33 | 33/40 = 0.825 | (0.96 * 0.825) +
Stiff 0.66 4] 4/40=01] (0.66*0.1) =
Total - 40 1.0 0.91

Furthermore, using the example shown in Figure 4.5c, recall refers to the
number of total true positives (red ball identified as red, 3) divided by the
total number of classes input into the model (TP + false negatives (FN)) (all
the red balls, 4). Therefore, recall would be equal to 75%. The equation for

calculating recall using the Scikit-learn library is:

TP

Recall = 755N

When an imbalanced dataset is used to train a model, a classifier may default
to labelling the entire dataset as the dominant class. Say for example there
were 95% for one class, and 5% for another - the accuracy of the model would
be equal to 95%. The precision and recall would be equal to zero for the
secondary class, which shows that the model is not capable of classifying both
classes. Therefore, for evaluating overall accuracy, the F1-score will be used as
the primary metric. The F1-score is calculated using both precision and recall

to provide a harmonic mean of both metrics. The Fl-score is calculated as:

2+«TP

Fl=
2«TP+FP+FN

Precision, recall and the Fl-score are calculated individually for each class in
a model. To calculate the overall performance of a metric, the metrics are ave
raged across all the class labels. In consideration of the possible imbalance
for different scoring items, as discussed in Section 2.4, the weighted average
is going to be used for comparing model performance. The weighted average
calculation uses the F1-score for each class, and multiplies it by the percentage
of instances the class has in the dataset. All values are added together and

divided by the total number of class labels in the model. An example calcu-
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lation can be seen in Table 4.4. A weighted F1-score of 1 indicates a perfect

model, where all the predictions are correct.

To evaluate the features that have the greatest importance on classifying each
scoring item, the SHAP* library will be used to calculate the features with the
greatest importance on prediction. A SHAP value is an explainable artificial
intelligence (XAI) approach that assigns a weight to each feature of a trained
model, depending on how a prediction is changed by the feature [116]. Other li-
braries exist for extracting feature importance; however, SHAP provides global
feature importance, meaning the SHAP values of each prediction in a model
are aggregated together to demonstrate the impact of features on the model as
a whole [117]. Furthermore, SHAP demonstrated success in explaining model

performance in trampoline-based jump classification [2].

4version 0.45.1, https://shap.readthedocs.io/en/latest/
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Chapter 5
Implementation

With a research design constructed based on the related work covered, the
implementation of customised algorithms must be capable of processing mul-
tiple jump occurrences accurately. With multiple key phases of the movement,
features to extract, and subsets of the data to derive, multiple algorithms must
work together to provide input data that can be integrated correctly with all

of the selected machine learning models.

In this chapter, the implementation of algorithms for the data processing and
integration of machine learning models are discussed. This chapter begins with
a look into the collection of IMU data, and how all the movement data files
are structured for processing. Next, the required processing pipeline of all the
sensor data is discussed, including the steps taken at each stage of processing
and how the data are manipulated throughout. Finally, the integration of this
processed data with the selected machine learning models is covered, including
the architecture of the models and how performance metrics were extracted

from each model.

5.1 Collection of IMU Data

From the LESS data collected, each sensor produced three different comma-
separated value (CSV) files - a high-g, low-g, and a mag file. The “g” in

this case refers to a unit of acceleration, in relation to standard gravity (1 g
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Figure 5.1: Example Accelerometer Output from the Double Leg Jump Land-

ing

= 9.81 m/s?). As discussed in Section 4.3.1, the high-g file corresponds to
the accelerometer with a range of £ 200 g, while the low-g file refers to the
movement data from both the £ 16 g accelerometer, and the £2000 °/sec
gyroscope capturing data at 1125 Hz. Lastly, the mag file corresponds to
the magnetometer readings. FEach of the files were labelled with the ID of
the sensor and the date and time the data were collected. Each output file
included the Unix timestamp in microseconds, recording the time series data
in timestamp order. Collection of the movement data was manually started
and stopped within a couple of seconds before and after the jump landing was
performed. The windows of data collection differed between jumps, meaning
the relevant data related to the jump landing could appear anywhere within
the time series. An example of this time window can be seen in Figure 5.1.
The x-axis is represented by blue, the y-axis represented by red, and the z-axis

represented by green.

The video files and CSV files were supplied in bulk, meaning the first step
was to organise the files to ensure all relevant files were processed together.
At the beginning of each video, a whiteboard was held up with the ID of the
participant. These IDs were manually extracted and used to pair the sagittal
and frontal plane videos with the CSV files that corresponded with all six

jumps.
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5.1.1 Manual Scoring

From the ordered directories of LESS movement data, 10 participants were
randomly selected for manually scoring the LESS scoring items. Scoring was
performed only on the non-intervention group of jumps, meaning only 50%
of the data were used to implement the processing algorithms. Videos were
uploaded and analysed using Kinovea!. Each jump was scored based on the 17-
item LESS sheet [1]. The Kinovea coordinate system and angle drawing tool
were used to evaluate each scoring item. The two key phases of the LESS were
manually located by navigating through each frame of the video and selecting
the point in which the participant first makes contact with the ground, and
the point of maximum knee flexion upon the first landing. Scoring of each

jump video took approximately 10 minutes.

5.2 Processing Sensor Data

Based on the output provided by each CSV file, an eight-step pipeline was
implemented for processing the sensor data accordingly, as seen in Figure 5.2.
These steps involved: (1) cropping, (2) alignment, (3) filtering, (4) segmen-
tation, (5) dividing, (6) feature extraction, (7) output file processing, and (8)
merging and subsetting. All movement data were put through each step con-
secutively. At each step, the CSV data files were manipulated accordingly in
separate directories to keep track of how the data were processed throughout

each stage. The algorithms required for implementing this pipeline were per-

Lyersion 0.9.5, www.kinovea.org
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formed on a subset of 30 jumps (ten participants performing three jumps). The

customised algorithms created as part of this thesis are publicly available?.

5.2.1 Cropping

As seen in Figure 5.1, there is a large potential window of irrelevant data
where a participant is standing still before and after performing the DLJL.
Processing many CSV files where a majority of the file contains irrelevant data
is not optimal. The time taken to process through these files will be longer,
in comparison to cropping the original data to a smaller window around the

relevant movement data.

Upon investigating the output of each CSV file, the key phases of the DLJL
occur at random points in the data, as data collection was not consistently
started and stopped at exact times. To crop the data in a consistent manner,
all the files were grouped into one directory. T'wo main points were selected for
an easy cropping process - the two main peaks observed in the first and second
landing. To identify the two landing points, the high-g accelerometer data was
selected. With a 1600 Hz frequency, movement data are captured every 625
microseconds, giving the greatest resolution on changes in the movement data

throughout the entire movement.

All CSV files involved in the movement were cropped consecutively. As stated
in Section 4.3.1, the IMeasureU sensors capture data simultaneously between
all three sensors using the Vicon iOS application. Therefore, only one of the
three sensors will need to be used for identifying these landings. Impact upon
landing is likely to have greater raw acceleration in the ankle-placed sensors,
therefore either of the left and right ankle sensors can be used for extracting
both landing timestamps. The initial cropping of the files does not need to be
precise, as proper alignment of the data will be performed when segmenting
the data into the key phases. A window of 2000 sensor readings (an average
of 1.25 seconds of data) before and after the two landing peaks was selected

to delineate cropping of the files.

To extract the timestamp of the first peak, the selected ankle accelerometer

2See github.com/zanephamilton/Landing-Error-Scoring-System- Automation-Algorithms
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data was processed left to right to find a point below a selected threshold
value. Within the current ankle accelerometer file, the timestamp and current
acceleration vector in the y-axis were extracted, as the y-axis was already
aligned in both ankles, meaning the same threshold can be used between both
sensors. In this case, any y-axis value below -50 m/s? was flagged as the start
of the first landing peak, as shown in Figure 5.3a. This value was low enough
to avoid flagging any additional movement that may occur outside of the DLJL
such as nervous movement or walking, while also being just enough to capture

all of the landing peaks correctly.

Using the timestamp extracted for the initial contact, the 2000 sensor readings
prior to the timestamp were stored for output. From this point, the accelerom-
eter data were processed into the output until another x-axis value below -50
m/s? was observed. Following the final contact extraction, another 2000 ad-
ditional sensor readings were appended to the other values. This window can
be seen in Figure 5.3b. Using the two timestamps at the start and end of
the cropped ankle accelerometer data, the remaining movement files were pro-
cessed to find the closest absolute timestamp to these points, and cropped
to the same timestamp points. An example of a cropped file can be seen in

Figure 5.3c.

Following the cropping of each file, it was observed that corresponding datasets
were cropped to differing lengths across the three different sensors. Despite
being advertised as simultaneous data capture from the three IMUs, timestamp
differences between each row of data differed between 600-670 microseconds in
the accelerometer data, and 800-840 microseconds in the gyroscope data. Input
data for machine learning models typically must be the same length, therefore

this observation was considered for further data processing in Section 5.2.7.

5.2.2 Alignment

Each of the sensors used for data collection had an ID that related to the
anatomical positioning of the sensor (left ankle, right ankle or pelvis). The
sensors were placed consistently at the same location for every participant, but
this location was not recorded. Therefore to align each sensor to its respective

anatomical positioning, visual comparisons between three accelerometer out-
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Figure 5.4: Visualisation for Matching Sensor Data to Position

put files were used to determine the relative location of each sensor. As seen in
Figure 5.4, a clear distinction between pelvis and ankle-related accelerometer
data can be observed. Large ground reaction acceleration can be observed at
the ankle sensor upon initial contact, and final contact due to the proximity
of the ankle to the contact points of a landing. Additionally, the accelerom-
eter data demonstrates a third prominent peak between both contact points,
whereas the pelvis accelerometer data does not. Additionally, the pelvis data
shows a small peak prior to the first landing, an indication of the take-off point.

Therefore, pelvis data was labelled to the data shown in Figure 5.4c.

Distinction between the left and right ankle sensor IDs using accelerometer
data was not as clear as there were no indicators of how the acceleration data
differed between ankles. Therefore, comparisons were made between both the
accelerometer output and video for each participant. At the starting point of
the movement, some participants did not take off using both legs - one leg was

accelerated forwards, and the posterior leg followed a short time afterwards.
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Figure 5.5: Alignment Process for Sensor Axes

Using this subset of the participants, the movement data prior to the first
prominent peak was observed for any significant noise indicating a take-off
point. Based on the timestamps at these points for each participant in Fig-
ure 5.4, left ankle data was labelled to Figure 5.4a, and right ankle data was
labelled to Figure 5.4b.

With all three datasets labelled to their respective anatomical location, the
axes of movement were evaluated. As seen in Figure 4.2a, the BlueTrident IMU
uses the x-axis to determine up/down vertical movement, y-axis as right /left
horizontal movement, and z-axis as forward /backward movement. In consider-
ation of each sensor being attached in different orientations to the participant,

re-alignment of the dataset was performed to ensure movement occurring at
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all three sensors was performed in the same respective axes. To correctly align
the datasets to this consistent axis, as set out in Section 4.3.2, the axes of
each sensor must be understood. Visual observation of both the accelerome-
ter and video data was performed to determine how each axis needed to be

manipulated into the new axis.

All three sensors were attached to the participant in three orientations, as seen
in Figure 5.5. Using these orientations, the axes of each sensor were drawn
onto the participant to understand how each sensor was moving. Next, the axes
were shifted to match the standard anatomical position of a participant. Each
of these axes were then re-labelled into the consistent axis. To implement the
changes of each axis label onto the actual raw data, an algorithm was created
to process each column of data, and convert the data axes to the new translated

alignment.

The ID of each sensor was used to perform the correct manipulation for each
sensor, and whether the current file was an accelerometer or gyroscope file. The
manipulation process can be seen in Figure 5.5. In this case, the left ankle
sensor was aligned by swapping the X and Z-axes and inversing the values, so
left and right movement at the ankle were represented correctly. The right an-
kle required similar alignment, with the x-axis being swapped with the z-axis.
Finally, the x-axis was swapped with the y-axis in the pelvis data, and then
all three axes were inversed to correctly represent each direction of movement.
With the algorithm changes implemented, the data could now be consistently
evaluated in the same axis of movement and therefore, segmentation at key

points can be performed more consistently than using individualised axes.

5.2.3 Filtering

As discussed in Section 3.2.2 and Section 4.3.2, the use of a fourth-order But-
terworth filter on jump and landing-related data was prominent, but a range
of critical frequencies were used to filter the respective data. To select a criti-
cal frequency for this dataset and evaluate the application of different orders,
data was filtered using a range of frequencies (10-100 Hz) and orders (1 to 10).
Selection of a frequency and order was based on the smoothing of the data,

the elimination of the noise without significant loss of magnitude and extent
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Figure 5.6: Difference in Butterworth Filter Orders

of a time shift. As the filtering frequency was decreased from 100 Hz, there
was a loss of magnitude in the main peaks of the movement data. At 100
Hz, the majority of the acceleration magnitude was maintained and the noise
present in the raw signals smoothed. To evaluate the application of a fourth
order filter to this dataset, a comparison between the orders can be seen in
Figure 5.6. As the filter order increases, a larger time-shift is observed as the
data and peaks move. Based on the success in related work and the minimal

shift in the data, a fourth order was applied to the entire dataset.

To filter the IMU data using a Butterworth filter, the SciPy signal processing li-
brary® was used. To implement this filter, a simple algorithm was implemented
to loop through the new directory of aligned IMU data. Accelerometer and
gyroscope data was processed separately to ensure the correct labels were used.
The filter is set up using a selected order, and a critical frequency. The filter
is applied to each axis individually, and the output of these filtered values are

used.

5.2.4 Segmentation of Key Events

As discussed in Section 4.3.2, there are three key events of interest in the
DLJL. This consists of the take-off from the box, initial contact with the

3

version 1.13.1, https://docs.scipy.org/doc/scipy /reference/generated /scipy.signal.butter.html
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Figure 5.7: Process for Extracting Initial Contact Point

ground, and the point of maximum flexion in the knee. Identification of these
events within the accelerometer data needs to be correctly implemented to
ensure the algorithm is accurate in extracting each phase of the movement
for a wide range of different jump and landing conditions. The algorithm
was implemented to find all six files corresponding to one jump occurrence
(accelerometer and gyroscope files from all three sensors) and process them at

the same time.

Initial Contact

The first step for segmenting the data involved the evaluation of an initial
contact point. In consideration of possible asymmetric contact - the timestamp
of initial contact observed in the left ankle accelerometer may be different to
the right ankle accelerometer. Therefore, an algorithm was implemented to

perform the same processing on both the left and right ankle data.

The extraction of the initial contact event can be seen in Figure 5.7. The
initial contact event is easily identifiable in the data by the first prominent
peak, as seen in Figure 5.7a, due to the quick deceleration experienced when
coming into contact with the ground. However, this peak is not representative
of the initial contact point as the participant has likely been in contact with
the ground for long enough to further load the body. Therefore, the point at
which initial contact occurs is toward the start of the ascending portion of this

peak.
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Initial Contact

Figure 5.8: Movement of Sensor Upon Initial Contact

To get the point of initial contact from a sensor, relevant information about the
raw data is extracted. This process involves using the full dataset, a starting
index point, and a threshold that acts as a cut-off point at which a peak is
identified, without the risk of being mistaken for additional noise or irrelevant
data.

Firstly, the algorithm evaluates the values within the z-axis. As seen in Fig-
ure 5.8, the z-axis will observe a peak prior to the y-axis as the top of the
foot is in contact with the ground before the heel. This position means the
forward motion of the sensor will be in contact first and decelerate before the

downward vertical motion of the sensor.

Once a value above 60 m/s® is observed, the peak has been located, but the
starting point needs to be located instead. Processing continues until a sec-
ondary threshold close to 0 m/s? is reached, as seen in Figure 5.7b. A secondary
threshold value of 15 m/s? was selected to consider any noise and gravitational
influence occurring in the z-axis. At this point, the timestamp is extracted and

used for further processing.
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Figure 5.9: Process for Extracting the Take-off Event

Box Take-off

When taking off for a jump, a small peak is observed in the pelvis due to the
biomechanics in the lower extremities. With flexion occurring at the knee and
hip for a take-off phase, the participant moves downward in the y-axis. The
downward movement of the pelvis is likely to reflect the beginning of a take-off
as a proxy to the displacement of the centre of mass of participants. Muscle
mass of the legs is also concentrated more heavily toward the hip, with much
less near the ankle [118]. Both the left and right ankle will demonstrate some
degree of noise prior to the initial contact, but this does not represent the true
beginning of the take-off. Therefore, a take-off point should be identified using
the pelvis movement data. The retrieval process of the take-off point can be

seen in Figure 5.9.
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For retrieving the take-off point, either of the initial contact timestamps (left
ankle or right ankle) can be used to find the initial contact timestamp in the
pelvis accelerometer data, as seen in Figure 5.9a. As discussed in Section 5.2.1,
the timestamps between all three sensors in the accelerometer files differed in
a range of 600-670 microseconds. This difference meant that finding the same
timestamp within another accelerometer file was not possible, as data could
not be captured in all three sensors at the exact same time. Therefore, an
additional function was implemented to find the closest absolute timestamp in
a file and find the index value of that timestamp for further processing of the

pelvis data.

Using the closest timestamp to initial contact from the pelvis data, the pelvis
file is processed backward from this point. To jump from the box, downward
movement of the pelvis is observed in the accelerometer data. Therefore, the
minimum value in the y-axis between the beginning of the file, and the initial
contact event timestamp was used for identification of the take-off event, as

shown in Figure 5.9b.

Similar to initial contact, the peak of the signal for the pelvis does not represent
the start of take-off, rather it represents a portion of the movement. Therefore,
a threshold of -10 m/s? was used in consideration of gravitational influence and
noise in the y-axis. Once -10 m/s? was reached, the index of the take-off point

and the equivalent timestamp was extracted, as shown in Figure 5.9c.

Maximal Knee Flexion

Detection of maximal knee flexion in the three accelerometer datasets was
not a clear-cut process. Without the addition of a knee-based sensor, exact
calculation of the knee angle throughout the DLJL is limited. In both the
ankles and their respective accelerometer data, a peak in data from any axis is
an indication of the second take-off point as the ankle does not move until the
participant has left the ground. However, a large incline of acceleration in the
y-axis is a potential representation of maximal knee flexion. As the participant
reaches their point of maximal knee flexion, movement at the pelvis will observe
a turning point - where the pelvis begins to accelerate vertically upwards to

take off again.
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Figure 5.10: Visualisation of Maximal Knee Flexion in the Pelvis Accelerom-

eter using Video Timestamps

To verify this theory, the timestamps from the manual scoring process were
used. The accelerometer data was visualised using the Matplotlib* Python
library. This data was visualised in two halves: the accelerometer readings
before and after the timestamp where the participant was considered to be
in maximal knee flexion. An example of this visualisation can be seen in
Figure 5.10.

In some cases, the incline was not one peak - rather it was split into two or
more quick and progressive peaks. An example can be seen in Figure 5.10b.
Therefore, the algorithm also processed the movement using the z-axis. As
seen from Figure 5.10a to Figure 5.10b, the z-axis also observes a sudden peak
in acceleration. Due to the orientation of the trunk in a jump landing (as
indicated by scoring item 3 and 14), trunk flexion will affect the orientation of
the pelvis sensor (where the z-axis of the sensor may now represent half hori-
zontal and half vertical motion). Forward and backward motion of the pelvis
(occurring in the z-axis) will reflect some of the gravitational acceleration and
the extension of the trunk as the second take-off point approaches. Therefore,
both axes can be used together to identify a point relative to the timestamp

of maximal knee flexion.

A visualisation of the maximal knee flexion segmentation can be seen in Fig-

4version 3.8.3, https://matplotlib.org/

29



Threshold !
251 2m/sfs |
~ |
0 - — — — M . R e — T — - L N S S S S S S - - ..
=25
- |
Begin
- Processing ! . )
after Initial I Slfeﬂzgezoil:l
=75
Contact I the Y-axis
=100 I
|
=125 I
0 1000 2000 - 3000 4000 5000

(a) Initial Identification of Threshold Point in the Y-Axis

(b) Threshold to Minimum (¢) Minimum to Maximum (d) Maximum to Minimum

Figure 5.11: Visualisation of Maximal Knee Flexion Segmentation

ure 5.11. After using the smaller initial contact timestamp between the left
and right ankle data for the take-off point, the larger timestamp is used to
process forwards to detect maximal knee flexion. A small buffer was used to
begin the processing away from the initial peak, as there is additional sensor

movement as the participant begins descending towards maximal knee flexion.

Once a participant begins accelerating upward for the second take-off, accelera-
tion will begin to head toward 0 m/s? as positive y-axis acceleration represents
upward vertical motion, as established in Section 4.3.2. Therefore, the y-axis
is processed first. A threshold level of 2 m/s? was used for identifying the first

point on the maximal knee flexion incline.
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In the first stage of detecting the minimum, the first value above a 2 m/s?
threshold value was considered as the starting point for processing a peak. Us-
ing this value, the pelvis data is processed backward until acceleration was no
longer decreasing. A timeout of 50 sensor readings was selected as it produced
the closest accuracy to the video-based maximal knee flexion points in the
jump subset used. Once the timeout was reached, this point was established

as the first minima of the y-axis.

The z-axis is then used for the second stage of processing, seeking to detect
for a maximum. Forward movement in the pelvis is represented by positive
acceleration values, as established in Section 4.3.2. This function uses the same
logic as the minimum detection, but any point greater than the previous value
is stored and returned after a timeout counter of 50 sensor readings. This
maximum is then used in the final detection process for extracting the final
minima value in the y-axis. This final minima is used as the point at which

maximum knee flexion occurs.

5.2.5 Dividing the Data

The key events derived from the movement data were used to divide the data
files into their respective segments. The calculated index values were used
to make slices of the movement data into smaller-length segments. The key
events corresponded to two segments: (1) take-off to initial contact, and (2)

initial contact to maximum knee flexion

Firstly, the key events as calculated using the pelvis-related IMU data was
translated into index values for the left and right ankle files respectively. These
key events included the take-off and maximal knee flexion timestamps. Each
individual ankle accelerometer file was used to find the closest absolute times-
tamp related to the key events, and the corresponding index value at that

event.

This process was also replicated for the key events as calculated by the ankle
accelerometer data: the initial contact and final contact points. In this case,
one initial contact timestamp may occur later than the other, as asymmetric
contact is possible, as stated in Section 4.3.2. Initial contact in the pelvis

relates to the point at which at least one foot is in contact with the ground.
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This distinction was selected as the pelvis must consider both legs coming into
contact with the ground as potential points of initial contact, whereas a single
ankle sensor only collects movement data in relation to one point. In this
case, the initial contact points for both the left and right ankle are compared.
Whichever foot first makes contact with the ground first was used as the initial

contact point in the pelvis movement data.

In consideration that the gyroscope operates at a lower sampling rate, the
index values calculated for the accelerometer data does not correlate with the
gyroscope data, as data are collected less often (difference of roughly 260 ms).
Therefore, the timestamps calculated from the accelerometer data are used for
the three gyroscope files of each sensor, and the closest absolute timestamp
is used to derive index values that correlate to the same relative timestamp

point in the gyroscope data.

When creating each segment slice, overlapping movement data between seg-
ments was avoided using the derived key event as the first value of a segment.
For example, the first timestamp of a S1 slice would be the take-off timestamp,
and the final timestamp would be the closest timestamp of data prior to the

initial contact timestamp.

5.2.6 Feature Extraction

As discussed in Section 3.2.2, there are a number of potential temporal and
statistical features that can be derived from IMU-related movement data. To
implement the selected features outlined in Section 4.3.2, temporal features
can be derived using the derived index values of each segment. Statistical
features present a different challenge, where features can be derived from the
two key phases of the DLJL, at three sensor locations, within three different
movement axes. Feature importance can be evaluated which allows assessment
on the implemented features that produce greater or weaker accuracy in the
selected models. All the derived features were stored so they could be later
merged with the LESS scores, participant characteristic data, and movement
data.

To derive the selected temporal features from the segmented phases, the times-

tamps as calculated from segmentation are used. In consideration that these
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timestamps are all stored as Unix timestamps in microseconds, two timestamps
can be subtracted from each other to get a microsecond representation of the

time taken in each phase of the movement.

In the case of deriving statistical features, each axis of all the sensors was used,
meaning a total of six features were calculated for every axis (nine potential
axes). For each segment, this total came out to 54 potential statistical features
for every axis within the movement data. All the accelerometer and gyroscope

data within one axis were extracted to calculate these features.

Firstly, the root mean square value was extracted using a function that calcu-
lated the square of all movement data that appeared in that axis, calculated
the mean value of that square value, and returned the square root. For ex-
tracting variance, the NumPy var function® was used. The respective functions
from the Python statistics library® were used to derive the mean and standard
deviation. Finally, the maximum and minimum values were extracted using

the Python max and min functions.

5.2.7 Processing Output Files

With the features extracted and movement data divided into smaller segments
of the movement, new files were used to keep track of each participants move-
ment data and further integration with machine learning models as input data.
Output was produced in two main stages: (1) divided segment output, and
(2) feature output.

Accelerometer and Gyroscope Segment Output

Following segmentation and dividing the data into segments, each jump now
had nine total segment slices (three segments per three sensor locations). Con-
sidering all the segments were consistent, it was decided to merge the movement
data of the left ankle, right ankle, and the pelvis into one combined CSV file
under the participant ID and jump number. An example of an output file can
be seen in Table 5.1. Each output file corresponded to one segment, with nine

different columns corresponding to each axis of data captured.

Sversion 2.0, https://numpy.org/doc/stable/reference/generated /numpy.var.html

bversion 3.12.4, https://docs.python.org/3/library /statistics.html
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Table 5.1: Format of an Accelerometer File with all Axes of Movement

lax lay laz rax ray raz pax pay paz
1.044 | -1.510 | 6.059 | 4.953 | -3.293 | 2.444 | -8.561 | -10.106 | -6.462
1.017 | -1.584 | 6.127 | 4.670 | -3.204 | 2.596 | -8.551 | -10.333 | -6.467
1.018 | -1.612 | 6.205 | 4.424 | -3.158 | 2.665 | -8.548 | -10.549 | -6.357
1.047 | -1.588 | 6.282 | 4.237 | -3.135 | 2.636 | -8.559 | -10.721 | -6.178
1.113 | -1.510 | 6.347 | 4.125 | -3.118 | 2.525 | -8.575 | -10.834 | -5.995

The main problem to consider in this case, was the difference in segment
lengths due to the movement data not being collected consistently every 625
microseconds, as discussed in Section 5.2.1. It is also important to note, that
using the raw data for machine learning input requires a consistently-sized
dataset. To combat this problem, the lengths of the three segment files were
compared for every segment. Using the maximum length out of the three sensor
files, the decision was made to pad empty columns with a consistent value of
“-1.” A consistent value acts as an identifier of the end of the data stream,
which allows for the data to be the same length, without losing any additional
data during processing, especially around key points of the movement changing

between each segment.

List of Derived Features

Considering that the derived features from each participant were extracted at
the same time as segmentation, the features were output following the pro-
cessing of all participants. Following segmentation and feature derivation, all
the feature data was output to a separate CSV file of all the features for the
entire dataset. The CSV file was formatted simply using two main “groups”
of columns, one for all the temporal features, and the rest for the statistical
features. Each row was identified with two columns for the participant 1D
and jump number, for further use in merging and subsetting the three main

datasets together.
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5.2.8 Merging and Subsetting Multiple Datasets

With a file for each segment of the DLJL, a file with all the derived features
and a file of the LESS scores, each dataset had to be merged correctly. Ad-
ditionally, the subsets to be tested, as highlighted in Table 4.2, involved the
sensor positions (both ankles and pelvis individually), and the differing seg-
ment groups (S1A2 and S2).

The first process involved creating new merged files of STIA2. As highlighted
previously in Section 5.2.7, the consistent value “-1” was used to make up for
missing data where the three sensors capture rate did not precisely align. Since
S1A2 is one consistent window, the “-1”7 values at the end of the S1 dataset

must be removed, and the beginning values of S2 must be added.

To merge the two segments, an algorithm was created to work backwards
through the two segment files and remove the filled values until a valid row of
acceleration or rotational velocity has been reached. This algorithm also avoids
replacing a cell that actually has an acceleration or rotational velocity value of
-1 m/s? as all three cells must be filled to be replaced. With STA2 now joined,
the size of each sensor dataset must be consistent, as previously discussed in
Section 5.2.7. Using the same process as Section 5.2.7, the maximal length of
the three sensors was taken and the remaining sensors were filled with “-1” to

ensure the lengths were matched.

For merging the two segment subsets (S1A2, or S2 alone), an algorithm was
created for merging and subsetting the data. For an easier indexing process,
the desired output for the machine learning models (the manually scored LESS
scores) were selected as the first column group of the merged file. The second
group were the feature-related columns, with temporal measures first followed
by the statistical features. Lastly, the raw sensor data of the jump occurrence
was the last group of columns. To match all three files together, the participant
and jump IDs were used to match each one to a row. Each row was written at

a time, with all three files being merged in the same process.

As highlighted in Section 5.2.8, the combined accelerometer and gyroscope files
have nine columns made up of a large number of rows per segment. Therefore,

the decision was made to flatten the movement data into one array. This
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decision meant for every nine columns of movement data, three groups of
three made up the sensors and their respective three axes of movement data.
Considering there are both accelerometer and gyroscope data to integrate,
accelerometer data was flattened first. Once the end of the file had been
reached, the gyroscope data was flattened second, and inserted onto the end

of the accelerometer data.

For subsetting into three positional-related subsets (all three sensors, just the
ankles, or just the pelvis), as covered in Section 4.3.2, the merging algorithm
had to consider the columns we wanted to implement before the dataset was
flattened. Therefore, depending on the current subset selected, the merging
algorithm only flattened values that were relevant using the headers set for
each column. For the full dataset of all three sensors, this merging involved
nine columns, while an ankle-only subset involved six columns, and a pelvis-
only subset involved just three columns of movement data per sensor reading.
The same process was implemented for the feature-related data, where the
column headers contained a relevant ID for the segment the statistical feature
corresponded to. All temporal measures were included for every subset to eval-
uate whether the time taken to get to a key phase of the movement influenced

further phases.

With the nature of time-series data, timing of participants to complete different
segments of the movement varied. To ensure all the columns were the same
length, a further algorithm was implemented to find the participant with the
largest time window for both the accelerometer and gyroscope respectively.
The length for both the maximum accelerometer length and gyroscope length
were used to fill all remaining rows with “-1” up to the required lengths to

ensure the length of columns were consistent for all participants.

5.3 Machine Learning Integration

Following the use of the merging algorithms, there were six main dataset files
to be used - including three positional-related datasets for both S2 data, and
the merged dataset of STA2 respectively. Model architecture was implemented,

and an appropriate algorithm was made to extract the performance measures
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on each iteration of classification.

5.3.1 Evaluation Architecture

As discussed in Section 4.3.3, Scikit-learn was selected for implementation of
the machine learning models. To preserve an out-of-the-box approach using
the Scikit-learn classifiers, each classifier was initialised with no additional
parameters, leaving the set up of these classifiers to the default parameters as

set out by the documentation”.

Each of the subsetted data files were used as input for classification. As shown
in Table 4.2, the input data can be split into further subsets to evaluate the
performance of the IMU-derived measures, the raw movement data, or both
combined. These subsets include using just the raw movement data, the tem-
poral and statistical features, or both. To get the correct set of input data,
the full dataset was sliced into smaller subsets. Depending on the subset, the
algorithm returned the appropriate slice of the data being evaluated. The
manually scored LESS scores and participant characteristics were all in indi-
vidual columns, therefore these values were retrieved using their index values.
With input data and desired output now split appropriately, the training of

the selected machine learning models was completed.

5.3.2 Extracting Performance Measures

Each scoring item was evaluated using a score-by-score process. All eight
selected classifiers were initialised and passed to a separate algorithm to per-
form five-fold cross validation. This function can be seen in Code Listing 5.1.
Cross-fold validation allowed sampling of a limited data sample into five dif-
ferent subsets. Five folds provided a 1/5 test split, meaning 80% of the data
was used to train each model, while 20% was used as a test set to evaluate
the performance of the model for classifying a scoring item. On each fold, the
model was re-initialised again to ensure the same model was not being trained
multiple times on the full dataset. This process was performed five times, and

the average performance metrics were returned.

Tversion 1.4.1, https://scikit-learn.org/stable/supervised learning.html
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Code Listing 5.1: Five-Fold Cross Validation and Performance Extraction

raw_classifier = sklearn.base.clone(classifier)

for train_index, test_index in cv.split(X_set, y_set):
#Resetting model to default on every fold.
classifier = sklearn.base.clone(raw_classifier)

X_train, X_test

test_index]

X_set.iloc[train_index], X_set.ilocl[

y_train, y_test = y_set.iloc[train_index], y_set.ilocl[

test_index]

classifier.fit(X_train, y_train)

predictions = classifier.predict(X_test)
full_report = classification_report(y_test, predictions,
target_names = class_names, output_dict = True)

#Storing all metrics for averaging, and output.

accuracy_store.append (full_report[’accuracy’])

As stated in Section 4.3.3, the metrics selected for evaluating the performance
of the different models were precision, recall, and the F1l-score. The metrics
stored included the individual performance of label classification (precision,
recall and Fl-score per class), and a weighted average of performance across
all the classes. For each cross-fold, these metrics were stored, and once five
folds were completed, the performance metrics were averaged. The selected
metrics were output into two separate CSV files; one for the weighted average
values, and one for the individual label performance. These files were then used
for observing performance results and evaluating the viability of the different

subsets in predicting LESS scores.
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Chapter 6
Results and Evaluation

Using the full dataset collected for the DLJL, an evaluation can be completed
on the performance of the selected machine learning models for automating the
LESS scoring process. Using the data processing and integration as set out in
Chapter 5, the performance metrics within each data subset can be integrated
into the processing pipeline, and output can be analysed to determine the
best performers across the entire scoring table. Using the best performing
models, a further evaluation on the features that have the greatest importance

in classification of a score can be extracted and discussed.

In this chapter, we cover the evaluation process for assessing the performance
of the trained models in the LESS scoring items, and how these results relate
to the performance of movement. This chapter begins with a breakdown of
the methodology used for evaluation, including the characteristics of partici-
pants, the spread of available data, and the metrics used for evaluating each
model. Following the methodology, the results are highlighted and shown for
each scoring item. Lastly, these results are summarised and the top perform-
ing features are discussed in relation to the real performance of a movement

pattern.
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Table 6.1: Characteristics of Participants

Males Females Other All
Characteristics (n= 21) (n=17) (n=2) (n = 40)

Age (y) 200439 208+41 184+0.03 203+ 3.9
Height (cm) 183.1 £58 168.6 6.0 1665+ 0.7 176.1 & 9.3
Mass (kg) 81.6 +12.7 70.0+10.1  64.1+21 758 + 12.8

Previous Injury 14 10 2 26

6.1 Data Collection

To evaluate the performance of the machine learning models in classifying a
scoring item, the entire dataset was fed through the data processing pipeline,
as discussed in Section 5.2. A total of 218 different jump occurrences were
successfully processed (i.e., five to six jumps per participant). The subsets as
generated from this step were individually integrated with the machine learning

models to return the overall performance metrics of each model.

6.1.1 Participants

Forty participants (21 males, 17 females, 2 other) were involved in this study
and provided movement data and LESS scores for this thesis. Participants
were university students who volunteered to participate in data collection.
Demographic characteristics of the participants can be seen in Table 6.1. On
average, participants were involved in moderate physical activity three times
per week. T'wenty-six participants had history of injury prior to data collection,
but these were resolved and they could participate in data collection safely. All
participants were involved with sport (20% Gym/Weightlifting, 15% Netball,
12.5% Rugby, 7.5% Basketball, and 55% Other Sports).
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Table 6.2: Distribution of Classes in the Landing Error Scoring System From

218 Jumps

(a) Overall Landing Error Scoring System Score Counts

Total Score 2 3 4 5 6 7| 8 91 10
Counts 2 20 4| 22 52 54| 47| 17| 14| 4
Distribution (%) || 0.9 | 0.9 | 1.8 | 10.1 | 23.9 | 24.8 | 21.6 | 7.8 | 6.4 | 1.8
(b) Binary Landing Error Scoring System Item Counts
Scoring Item || Absent | Present | Distribution
| o %)
1 Knee flexion at initial contact 39 179 82
2 Hip flexion at initial contact 218 0 100
3 Trunk flexion at initial contact 218 0 100
4 Ankle plantar flexion at initial contact 180 38 83
5 Knee valgus at initial contact 62 156 72
6  Lateral trunk flexion at initial contact 186 32 85
7 Stance width (wide) 205 13 94
8 Stance width (narrow) 106 112 51
9 Foot position (toe-in) 94 124 57
10 Foot position (toe-out) 217 1 100
11 Symmetric foot contact at initial 136 82 62
contact
12 Knee flexion displacement 202 16 93
13 Hip flexion at maximal knee flexion 217 1 100
14 Trunk flexion at maximal knee flexion 194 24 89
15 Knee valgus displacement 56 162 74
(c) Multi-Class Landing Error Scoring System Item Counts
Scoring Item || Absent | Present | Penalty| Distribution
w| o m %)
16 Joint displacement 69 144 5t 66
17 Overall impression 6 197 15 90
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6.1.2 Data Spread of Landing Error Scoring Items

The value counts provided by the manual scoring of the LESS can be seen in
Table 6.2. For classifying the overall total score of the DLJL, a total of ten
scores were available for classification, as seen in Table 6.2a. The shape of this
data follows a bell-curve, with majority of the class instances being overall
scores between 5-7. No scores above 11 or scores of 0 were available from this
dataset.

For the individual scoring items in Table 6.2b, 11 out of the total 15 binary
scoring items were able to be used for training the selected machine learning
models. Scoring items 2, 3, 10, and 13 did not provide enough data to clas-
sify whether an error was absent or present. Collecting more data does not
guarantee these errors will be present and would likely require hundreds of ad-
ditional participants to identify these errors - therefore, the decision was made
to omit these scoring items from classification. Both multi-class scoring items
in Table 6.2¢ were included for classification. Therefore, the classification of 14
different scores (overall score, and 13 individual scoring items) was available

for performance evaluation.

6.1.3 Model Performance Evaluation

All of the seven selected machine learning models were trained on the 18 dif-
ferent subsets of data. This training was completed on a score-by-score basis,
which meant there were 126 total models created and trained to classify the
same score. All of the classifiers were initialised with a consistent random state
value to ensure the best performing model could be replicated for extracting
the top performing features. The best performing model was selected by com-
paring the weighted F'1-score of all 126 models, as this metric gives a harmonic
mean that also considers imbalanced datasets, as discussed in Section 4.3.3.
Using the best performing model, the precision and recall values for each of the
predicted classes were compared and discussed in relation to the performance
of ZeroR.

Additionally, the best performing model for all scoring items were used to

extract the features that had the greatest impact on prediction. The Kernel-
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Figure 6.1: Formatting of the Extracted Top Performing Features

Explainer function, provided by the SHAP library', was used to extract the
top five features from each model, which assigns a weight to every feature
within a model, dependent on how much each feature influences the probabil-
ity of a class. These features were evaluated in relation to the performance of
the scoring item, and whether they provide confidence in accurate classifica-
tion with future LESS datasets. In scoring items where the best performing
subset of data included the raw movement data, the SelectPercentile function
from Scikit-learn was implemented to extract 1% of the dataset. The 1% was
selected based on the features that provided the greatest relationship to the
target LESS score.

Each of the top five features were extracted and formatted depending on the
type of the feature, as shown in Figure 6.1. For a raw movement data feature,
both the sensor type and the dataset index of the data point was returned. For
statistical features, the output string was formatted with five main values: (1)
the segment of data the feature was extracted from, (2) a four letter code for
the sensor position (“LANK” for the left ankle, “RANK” for the right ankle,
and “PELV” for the pelvis sensors), (3) the sensor type and axis the feature
was extracted from, (4) the unit of data returned (m/s? for an accelerometer,
deg/s for a gyroscope), and (5) the statistical feature. Additionally, temporal

features detail the phase of movement, and whether specific phase times are

version 0.45.1, https://shap.readthedocs.io/en/latest/generated /shap.KernelExplainer.html
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Table 6.3: Model Performance for Classification of Total Overall Score

Processing Subset Accuracy | F1-Score

Model

Data | Segment | Sensors (%) (%)

ZeroR - - - 25.0 10.0
SVC || Raw S2 | Ankles 25.7 20.7
KNN || Raw S2 All 25.7 22.4
DFF || Raw S2 | Ankles 23.8 23.0
RFC || Stats S2 | Pelvis 28.4 24.0
GNB || Both S1A2 | Ankles 27.0 24.9
SGD || Raw S1A2 All 27.0 25.6
GBC || Raw S1A2 | Ankles 27.9 26.3

to/from the left ankle initial contact, or the right ankle initial contact. Lastly,

all the characteristic features are output as normal.

6.2 Results

Using the results provided, an evaluation of the metrics of the best performing
machine learning models can be made across the total score, and all scoring
items. This evaluation involves assessing the best model for each respective
scoring item, making comparisons in performance to the ZeroR classifier, and
the five features that demonstrated the largest importance for each particular

scoring item.

6.2.1 Total Score

The best performing models from all seven selected models for classifying the
total score of the LESS are shown in Table 6.3. The best performing subset of
data differed between models. These differences are likely due to the different
algorithms employed by each model. Some features from one subset may have
greater impact in one model than another. The KNN produced the highest F1-
score when using features from the raw movement data from all three sensors
in S2. The GNB used both raw and statistical features in STA2 from the ankle

sensors. The SVC used the features from the raw movement data provided by
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the ankle sensors in S2. The GBC also used the features extracted from the
raw movement data provided by the ankles in S1 and S2. Additionally, the
SGD also used the raw data features from all three sensors in S1 and S2. The
RFC used only the statistical features from the pelvis sensor in S2. Lastly, the
DFF used all features from the raw movement data provided from the ankle

sensors in S2.

Classification of the total score of a jump demonstrated the weakest perfor-
mance of all respective scoring items predicted in this dataset. Six was the
most common total score observed in the dataset, with a percentage of 25%.
By picking the most frequent label, the difference between the model with the
highest accuracy (RFC) and ZeroR classifier accuracy is 3.4%. In a real-world
application, this improvement in accuracy is not a viable choice for automat-
ing further LESS score datasets. Furthermore, due to the limited performance
across all seven models, the top performing features for each model are not

likely to provide accurate insight into the most relevant IMU-derived features.

Across all seven models implemented, accuracy was relatively similar, with a
range of 4.6% between the best model (RFC) and worst model (DFF) for pre-
dicting the overall LESS score. The DFF providing the lowest total accuracy in
a complex classification example is an interesting finding due to the success of
neural networks in related research, further suggesting that the data available

for classifying total score is not a viable option for LESS automation.

Using the averaged Fl-scores across all classifiers, the ZeroR classifier is out-
performed by a minimum of 10.7%. The GBC produced the greatest Fl-score
(26.3%) - suggesting the GBC performed better predicting multiple scoring
labels than the other models. Additionally, five out of seven models performed
best when using the raw movement data as the processing subset (71.4%).
The statistical and temporal-based features only outperformed the other sub-
sets for the RFC model, while the GNB used raw and statistical features
together. Models also leveraged data from either SIA2 or S2 for classification,
with minimal changes between models. Subset data from S2 performed well
in terms of classification accuracy with the RFC, while STIA2 produced the
top Fl-scores across all models (24.9% for the GNB, 26.3% for the GBC, and
25.6% for the SGD). In terms of positional-related data, the ankle sensor data
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was used more commonly in six out of seven models (85.7%).

The low performance of the machine learning models does not provide confi-
dence in applying this approach to further LESS datasets. There are two main
factors to consider. Firstly, total score is a value that is largely individualised
between participants with differing errors contributing to one overall value.
There are 17 different items that contribute to the LESS total score. Recog-
nising all these items simultaneously, without an indication of the individual

items making up this total score value may be too complex.

Additionally, the scores in this dataset range from 1 to 10, with majority of
scores occurring within the middle of this range (between scores 5 and 7), as
seen in Section 6.1.2. The models are being trained in stratified folds, meaning
the distribution percentage is going to be the same across the training and test
set. With such a heavy imbalance towards the middle scores, other total scores
from this dataset are not being trained as regularly by the model - meaning the
subtle differences between individual scoring items are not able to be recognised

well.

6.2.2 Individual Scoring Items

By applying machine learning to the scoring items individually with a binary
and multi-class classification approach, the high-risk movement patterns that
make up an overall LESS score can be better recognised in stages. Instead of
multiple different movement patterns making up one value, individual scoring
classification can focus on one movement item and aim to find the patterns
linking the input data to whether an error is absent, or present. As discussed in
Section 6.1.2, scoring items 2, 3, 10 and 13 did not provide enough data to be
used for classification. Classification was performed for all other LESS items.

The best performing models for each scoring item can be seen in Table 6.4

Score 1 - Knee Flexion at Initial Contact

Knee flexion greater than 30° at initial contact was an error that was presented
commonly in the dataset (82.1%). When comparing performance, the ZeroR
classifier outperformed the DFF model in both accuracy, and the weighted

F1l-score, as seen in table 6.5. In other words, this finding means none of the
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Table 6.4: Summary of the Best Performing Models for all Scoring Items

Processing Subset Accuracy | F1-Score
Score | Model
Data | Segment | Sensors (%) (%)

1| DFF | Raw S2 All 80.7 77.9
4 | GNB || Stats S1A2 All 89.0 87.8
51 RFC || Stats S2 All 77.1 73.3
6 | RFC || Both S2 All 84.4 78.9
71 RFC || Stats S1A2 All 95.0 92.9
8 | KNN || Both S1A2 | Ankles 58.3 57.4
9| GNB || Stats S2 | Pelvis 60.0 57.0
11| SGD || Raw S1A2 All 64.3 63.7
12 | SGD || Stats S2 | Pelvis 92.7 90.2
14 | RFC || Stats S2 | Pelvis 91.7 89.8
15| RFC || Stats S2 All 78.4 75.4
16 | GBC || Raw S2 | Ankles 70.2 68.8
17 | GBC || Stats S2 | Pelvis 93.2 94.9

selected models were able to recognise enough of a distinction between absent
and present, and that classifying all labels as present by default was a better
approach for overall performance. Similar to the total score classification, the

application of a neural network did not perform highly.

Focusing more on the individual performance of the DFF model, as seen in
Table 6.5, the DFF model demonstrates a higher precision rate than the ZeroR
classifier (82% and 85% respectively) in the dominant class (error present).
Using the recall rate for the DFF, 93% of the error present classes are being
classified correctly, while 7% are being classified as error absent. On the other
hand, a recall of 26% for the error absent class suggests 74% of the error absent

classes are being misclassified as error present.

The subset of data used to produce the best model was the raw movement
data from all three sensors in S2. As seen in Figure 6.2, the top performing
features involved various accelerometer and gyroscope points. All five features
are within similar ranges of overall average impact, meaning the importance

of each feature is relatively similar. As the dataset used was provided from
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Table 6.5: Summary Performance of Scoring Item 1

Metric (%) | ZeroR | DFF Class Label | Metric (%) | ZeroR | DFF
Precision 0 42
Recall 0 26
Precision 82 85
Recall 100 93

(a) Summary Comparison (b) Performance of Individual Class Labels

Accuracy | 82.1| 80.7 Absent (0)

Weighted F1 7411 779 Present (1)

acc-point-715
gyro-point-31

gyro-point-49

ro-point-203
gyro-p — Absent

acc-point-176 m— Present

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14

mean(|SHAP valuel|) (average impact on model output magnitude)

Figure 6.2: Features with the Greatest Influence in Classifying Score 1

S2, the knee flexion is assessed at the point of initial contact. Therefore, the
features with the highest importance are expected to be toward the beginning

of the raw movement data (lower point numbers).

Score 4 - Ankle Plantarflexion at Initial Contact

Unlike knee flexion in scoring item 1, ankle plantarflexion was not as commonly
observed in this LESS dataset. With a percentage of 83% of the examples, the
error absent label was the dominant class. When investigating the accuracy
values between the ZeroR and GNB classifier, seen in Table 6.6, the GNB
outperforms the ZeroR overall accuracy by 6.4%. Similarly in the weighted
Fl-score, the GNB outperforms the ZeroR by 13.1%. Therefore, this finding
indicates that the GNB model is able to distinguish between at least some of
the absent and present labels.
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Table 6.6: Summary Performance of Scoring Item 4

Metric (%) | ZeroR | GNB Class Label | Metric (%) | ZeroR | GNB
Precision 83 91
A 82.6 | 89.0 Absent (0
ey sent; (0) Recall | 100 | 96
) Precision 0 82
Weighted F1 74.7 | 878 Present (1)
Recall 0 54
(a) Summary Comparison (b) Performance of Individual Class Labels

S1_RANK_ax_m/s/s_maxima

S1_RANK_ay_m/s/s_minima

S1_LANK_ax_m/s/s_minima

S1_LANK_az_m/s/s_variance Absent

= Present

S1_LANK_gy_deg/s_variance
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mean(|SHAP valuel) (overuga impact on model output mognitude)

Figure 6.3: Features with the Greatest Influence in Classifying Score 4

Diving into the finer performance of each class label in the GNB, as seen
in Table 6.6, the GNB demonstrates a higher precision rate (91%) than the
ZeroR classifier (83%) in the dominant class. Using the recall rate for this
classification, we can calculate 96% absent examples being correctly classified.
Additionally, the recall of the present label class is 54% - meaning 54% of the

error present classes are misclassified as error absent.

With this scoring item being an ankle-based movement, the expectation is the
ankle sensors would provide the greatest clarity out of all sensor data available,
to indicate whether plantarflexion is occurring upon landing. Although the
best performing subset uses movement data from all three sensors, the features
with the highest importance, as shown in Figure 6.3, also support this theory -
with three left ankle features and two right ankle features. These features also

correspond to S1, indicating that the movement of these ankle sensors prior
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Table 6.7: Summary Performance of Scoring Item 5

Metric (%) | ZeroR | RFC Class Label | Metric (%) | ZeroR | RFC
Precision 0 73
A 71.6 | 77.1 Absent (0
cemraey sent (0) Recall 0] 31
_ Precision 72 78
Weighted F1 59.7 | 73.3 Present (1)
Recall 100 95
(a) Summary Comparison (b) Performance of Individual Class Labels

to initial contact are giving some insight on the position of the foot at initial

contact.

As discussed in Section 5.2.4, forward motion of the ankle sensors (z-axis) is
expected to decelerate quickly prior to the downward descent of the ankle to
the ground (y-axis) upon initial contact. In the case of plantarflexion, this
pattern is true; but when the error is present, the heel makes contact with
the ground prior to the front of the foot, causing movement in the z-axis
and y-axis to both decelerate at the same time. From this, we would expect
features extracted from the y-axis and z-axis of the ankle sensors to have a
degree of influence in the scoring of this item. However, this influence was not

demonstrated strongly in the GNB model.

The overall performance for this scoring item provides average evidence that
machine learning is able to recognise patterns within the available movement
data to classify this error in the jump landing. Notably with the error present
being the less-dominant class, the model trained on less instances of this error
- but was still able to correctly classify 54% of these examples. Further in-
vestigation would be required to improve this performance, possibly with the
inclusion of a sensor closer to the front of the foot, where the fusion of data

may allow additional relevant features to be extracted.

Score 5 - Knee Valgus at Initial Contact

Similarly to scoring item 1, movement at the knee is complex to calculate based
on the movement data available from this study. As discussed in Section 2.2,

knee valgus (i.e., abduction) is one of the highest risk movement patterns
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Figure 6.4: Features with the Greatest Influence in Classifying Score 5

for ACL injury. Knee valgus at initial contact appeared as the dominant
class, with a total of 72% of the dataset presenting this error. The accuracy
from the RFC model shows a 5.5% increase (77.1%) from ZeroR classification
(71.6%), as seen in Table 6.7. Furthermore, the weighted F1 score of the
RFC model (73.3%) outperforms the ZeroR score (59.7%) by 13.6%. From
these comparisons, there is an indication that the RFC model may be able to

recognise differences between both labels.

Individual class performance, as seen in Table 6.7, of the RFC model on the er-
ror present class demonstrated a 6% improvement in precision (78% for RFC,
72% for ZeroR). From the recall rate given for this class, 95% of the error
present classes were correctly classified - meaning 5% were incorrectly classi-
fied as error present. Furthermore, the RFC is able to recognise a small subset
of the absent class labels, with a recall rate of 31% - indicating 69% of the
error absent classes were misclassified as error present. There are some pat-
terns being recognised for some of the present examples, but absent example
performance does not provide enough strong enough evidence that both classes

are distinct enough.

Since the performance of the DFF in scoring item 1 did not outperform ZeroR,
the subset used for establishing knee flexion may not be the same as identifying
knee valgus. To this point, the dataset of statistical features from all three

sensors in S2 provided the greatest performing model. Scoring item 1 trained
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Table 6.8: Summary Performance of Scoring Item 6

Metric (%) | ZeroR | RFC Class Label | Metric (%) | ZeroR | RFC
Precision 85 86
A 85.3 | 844 Absent (0
oy sent (0) Recall | 100 | 98
_ Precision 0 20
Weighted F1 78.6 | 78.9 Present (1)
Recall 0 3
(a) Summary Comparison (b) Performance of Individual Class Labels

using only the raw movement data, while this scoring item benefited from
the statistical features instead. As seen in Figure 6.4, the maximum value in
the z-axis of both ankles contributes the highest impact on the RFC model.
As discussed previously, the maximum value in the z-axis represents the full
deceleration of the ankle upon initial contact. This finding indicates that the
amount of deceleration observed in the horizontal motion of the ankle is a
key indicator on how the knee is positioned upon landing. Additionally, as
discussed in Section 2.2, knee valgus can cause ankle eversion. None of the
top features observed in this case were focused on the z-axis of the ankle

gyToscopes.

The application of machine learning to this scoring item shows an average level
of evidence that knee valgus can be quantified using this approach. Further
investigation, similar to scoring item 1, with sensor positioning more focused
around the knee may improve results in this case, and provide greater confi-

dence in the application of IMUs to this classification.

Score 6 - Lateral Trunk Flexion at Initial Contact

The lateral flexion of the trunk at initial contact was another error that was
not present commonly in this dataset, with a dominance of 85% in the ab-
sent class label. Comparing the accuracy between ZeroR (85.3%) and RFC
(84.4%), as seen in Table 6.8, shows that baseline prediction of the dominant
class label outperformed all other models trained for scoring item 6. However,
the weighted F1-score of the RFC (78.9%) marginally outperforms the ZeroR
(78.6%) by 0.3%. Therefore, it is likely that this dataset and approach does
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Figure 6.5: Features with the Greatest Influence in Classifying Score 6

not provide enough data to separate the two scoring conditions.

Using the performance metrics for each class label of the RFC, as seen in
Table 6.8, this claim is strengthened. In the dominant class label, the RFC
only slightly outperforms the ZeroR by 1% of precision (85% vs 86%). A
98% recall for the RFC model means 2% of the error absent classes are being
misclassified. For the error present classes in the RFC, only 3% of the error
present classes are correctly predicted. This result is the weakest performance

across all scoring items.

In addition to this performance, the subset of data with the greatest perfor-
mance uses both the raw and statistical features from all three sensors in S2 to
classify trunk flexion, as seen in Figure 6.5. Lateral trunk flexion occurs when
the body is inclined to the left or right of the participant in the x-axis. Move-
ment in this scoring item would likely be best represented by lateral movement
of the pelvis in the x-axis, or rotation in the z-axis of the pelvis gyroscope. As
discussed in scoring item 1, the earlier value points in the raw movement data
of S2 indicate movement upon initial contact. These points were not recognis-
able, making it difficult to understand where in the movement window these
accelerometer and gyroscope positions occur. Furthermore, the only statisti-
cal feature to have a high degree of influence was the backward motion of the
pelvis, as indicated by the minimum value of the z-axis (maximum acceleration

backwards). The performance metrics provided in scoring item 6 indicate that
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Table 6.9: Summary Performance of Scoring Item 7

Metric (%) | ZeroR | RFC Class Label | Metric (%) | ZeroR | RFC
Precision 94 95
Recall 100 | 100

Accuracy | 94.0 | 95.0 Absent (0)

) Precision 0 40
Weighted F1 91.2 | 92.9 Present (1)

Recall 0 17

(a) Summary Comparison (b) Performance of Individual Class Labels
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Figure 6.6: Features with the Greatest Influence in Classifying Score 7

this approach for classifying lateral trunk flexion is not applicable for further

investigation.

Score 7 - Wide Stance Width

With two possible stance width scoring items, a wide stance width was not
commonly observed within this dataset, with a strong dominance of 94% in the
absent class for this dataset. As seen in Table 6.9, the accuracy of the RFC
model (95.0%) shows a 1% improvement over the ZeroR classifier (94.0%).
Weighted F1-score also shows a smaller margin of improvement, with the RFC
Fl-score (92.9%) showing a 1.7% improvement over the ZeroR (91.2%). Similar
to scoring item 6, these smaller margins indicate classification between the two
labels is not strong.

In terms of precision for the dominant absent class, as seen in Table 6.9, the
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RFC provides a 1% improvement on ZeroR precision (95% vs 94%). Recall
for RFC is also 100%, meaning all 205 absent labels are classified correctly.
Performance of the present class indicates only a 17% recall rate, equating
to 83% of the error present classes being correctly identified. Although two
examples have demonstrated some level of distinction between present and

absent, the dataset is limited for classifying this scoring item.

At initial contact, the ankle sensors are already positioned close to the ground,
without any indication of how the ankle sensors are positioned prior to landing.
To assess the stance width at initial contact, the subset of data with the
greatest relevance would likely be the movement data captured in S1A2. With
S1 included, movement in the x-axis of the ankle sensors represents the left
and right movements of the ankle as a participant descends to the ground
from take-off. To this point, the best performing subset was the statistical
features between S1A2 with all three sensors. Predominantly, the right ankle
accelerometer provided the most features with high impact on the model. As
seen in Figure 6.6, these features included the movement to the right (minimum
acceleration value), root mean square in the x-axis (the mean magnitude of the
acceleration values), and the standard deviation in this axis. However, these
features came from S2 - indicating the movement of the ankle after already
making contact with the ground influences the stance width at initial contact,

which is a contradiction.

This scoring item is limited in terms of the available data that can be used
to train each model. With the stratified cross fold approach, each training set
will only ever have 6% of error present classes to train a model with, meaning
the models are not seeing enough of the class to make distinctions between
labels. Therefore, this dataset does not provide enough evidence to use this
approach for classifying a wide stance width, but narrow stance width may

provide stronger results to evaluate given the greater data spread.

Score 8 - Narrow Stance Width

Following on from scoring item 7, narrow stance width has a far greater spread
of data to evaluate. An error present was the dominant class with 51% of

the dataset, and 49% of the dataset being error absent classes. As seen in
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Table 6.10: Summary Performance of Scoring Item 8

Metric (%) | ZeroR | KNN Class Label | Metric (%) | ZeroR | KNN
Precision 0 57
A 51.4 | 583 Absent (0
ccuracy sent (0) ool 0 03
) Precision 51 61
Weighted F1 349 | 574 Present (1)
Recall 100 54
(a) Summary Comparison (b) Performance of Individual Class Labels
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Figure 6.7: Features with the Greatest Influence in Classifying Score 8

Table 6.10, the accuracy of the KNN model (58.3%) outperforms the ZeroR
accuracy (51.4%) by 6.9%. Furthermore, the weighted Fl-score of the KNN
(57.4%) outperforms the ZeroR by 22.5% (34.9%). With a more even spread
of the dataset, the margins between ZeroR and KNN may appear higher, but

the Fl-score of the ZeroR is also affected due to a more balanced dataset.

To evaluate the performance of scoring item 8, comparisons are made between
the precision and recall of both classes, seen in table 6.10. For the dominant
class (error present), the precision of the KNN (61%) outperforms the ZeroR
classifier by 10% (51%). A total of 54% of the error present classes are cor-
rectly classified by the KNN. Furthermore, 63% of the error absent classes were
correctly classified. Notably, the dominant class (error present) was outper-
formed by the error absent class, meaning some level of distinction between

the two error conditions has been recognised, more so than many other scoring
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Table 6.11: Summary Performance of Scoring Item 9

Metric (%) | ZeroR | GNB Class Label | Metric (%) | ZeroR | GNB
Precision 0 %)
A 56.9 | 60.0 Absent (0
comracy sent (0) Recall 0 34
) Precision o7 62
Weighted F1 41.3 | 57.0 Present (1)
Recall 100 80
(a) Summary Comparison (b) Performance of Individual Class Labels

examples where the dominant class typically performed best.

As discussed in scoring item 7, x-axis movement within the ankle sensors for
the full STA2 window is likely to best represent the positioning of the feet
for stance width. To this point, the subset of data that produced the best
performing model used a combination of both raw and statistical features
from just the ankle sensors, in the full SIA2 window. However, the features
with the greatest importance extracted from this model, seen in Figure 6.7,
do not reflect x-axis movement, rather internal rotation of the right ankle
(minimum value in the y-axis of the gyroscope) throughout S2 produced the
greatest impact. Additionally, the internal rotation of the left ankle on descent
to initial contact, and the downward acceleration of the right ankle were also
important features. Notably from the raw dataset, two gyroscope points in
close proximity (4701 and 4707) provided similar influence on the model, but

it is difficult to recognise where these points occur in the overall window.

Classification of a narrow stance width showed more potential than classifying
a wide stance width, as the higher percentages of recall for both labels in this
dataset indicate that the KNN model was recognising some patterns between
the two. However, the features with the greatest importance on the model do
not have a great relation to the movements that contribute to stance width in
a DLJL, therefore further investigation would be required into how to improve

the classification performance of both wide and narrow stances.
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Figure 6.8: Features with the Greatest Influence in Classifying Score 9

Score 9 - Toe-in Foot Position

Scoring item 9 was another error that was dominated by the present class
label, with 57% of the dataset demonstrating this error. A 3.1% difference
is observed when comparing the accuracy of the GNB (60.0%) to the ZeroR
(56.9%), as seen in Table 6.11. Additionally, a 15.7% difference between the
weighted Fl-scores of the GNB (57.0%) and the ZeroR classifier (41.3%) is
observed. Similar to scoring item 8, the margin difference between F1-scores
is due to the weight influence that a more evenly-spread dataset has on the

output of the ZeroR metric.

Using the summary results provided in Table 6.11, individual performance in
the dominant class labels (error present) shows a 5% improvement in precision
between the ZeroR (57%) and GNB (62%). Recall in the GNB model indicated
80% of the error present classes were correctly classified. For the error absent

classes, only 34% of the classes were correctly classified.

Toe-in foot position refers to the amount of internal rotation seen at the foot
between the initial contact and maximum knee flexion (S2). However, statisti-
cal features from the pelvis provided the best performing model in this scoring
item, with no inclusion of features from the ankle sensors. The top perform-
ing features, shown in Figure 6.8, included the variance and minima values in
the accelerometer and gyroscope axes at the pelvis. These features suggest

movement at the pelvis influences the rotation of the foot, more so than the
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Table 6.12: Summary Performance of Scoring Item 11

Metric (%) | ZeroR | SGD Class Label | Metric (%) | ZeroR | SGD
Precision 62 70
Recall 100 73

Accuracy 62.4 | 64.3 Absent (0)

) Precision 0 54
Weighted F1 479 | 63.7 Present (1)

Recall 0 50

(a) Summary Comparison (b) Performance of Individual Class Labels
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Figure 6.9: Features with the Greatest Influence in Classifying Score 11

movement of the ankles do - which is a contradiction, as the ankle bone is ro-
tating when the position of the foot is rotated inwards. This difference would
suggest the gyroscope within both ankle sensors should provide greater quality
movement data for foot rotation, meaning the patterns being recognised in the
data are not consistent with real performance of the movement. Therefore, the
application of this model to the automation of scoring item 9 is limited. The

accuracy might have been better with a sensor positioned on the foot itself.

Score 11 - Symmetric Foot Contact at Initial Contact

With 62% of the dataset, symmetric foot contact at initial contact was domi-
nated by the error absent class. As seen in Table 6.12, the accuracy of the SGD
model (64.3%) outperforms ZeroR accuracy (62.4%) by 1.9%. Weighted F1-
score performance of the SGD (63.7%) outperformed the ZeroR model (47.9%)

89



by 15.8%.

Using the individual performance metrics, as seen in Table 6.12, the classifica-
tion precision of the SGD in the dominant class (absent) (70%) outperformed
the ZeroR model by 8% (62%). The recall rate for the error absent classes
was 73%. For the present class, a recall rate of 50% means 50% of the dataset
was also incorrectly classified. Once again, there is an indication a pattern has
been observed for distinguishing between symmetric and asymmetric contact,
but the quality of these patterns is dependent on the features with the greatest

importance.

As discussed in Section 4.3.2, temporal features in relation to initial contact
were extracted from the IMU data. These included time from take-off to both
left and right initial contact timestamps, and the time taken from left and
right initial contact to the maximum knee flexion timestamp. These features
provide clear comparison between foot performance and would allow manual
assessment of which foot made contact first without the need for video. How-
ever, this scoring item used the raw movement data from all three sensors in
S1A2. From these features with the greatest impact on the model, five different
gyroscope points are given, as seen in Figure 6.9. These points may correlate to
any sensor, and any axis of movement from these sensors - therefore, we cannot
establish how viable these sensors are for predicting these classes. However,
based on the exclusion of a clear metric for establishing symmetric initial con-
tact - the best performing model has not been able to recognise this pattern.
Therefore, the application of this model for further examples is not applicable

for automating scoring item 11.

Score 12 - Knee Flexion Displacement

In comparison to knee flexion at initial contact in scoring item 1, knee flexion
displacement was not as commonly observed, with a dominance in the ab-
sent class of 93%. Comparison between the accuracies of the ZeroR (92.7%)
and SGD model (92.7%) show both models had the same overall classifica-
tion performance, as seen in Table 6.13. However, the SGD model outper-
forms the weighted-F1 score of the ZeroR model (89.1%) by a slight margin

of 1.1% (90.2%), indicating there is some classification of the error present
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Table 6.13: Summary Performance of Scoring Item 12

Metric (%) | ZeroR | SGD Class Label | Metric (%) | ZeroR | SGD
Precision 93 93
Recall 100 99

Accuracy 92.7 | 92.7 Absent (0)

Weighted F1 9.1 | 90.2 p 6 (1) Precision 0 27

€ € . . resen

: Recall 0 13
(a) Summary Comparison (b) Performance of Individual Class Labels
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Figure 6.10: Features with the Greatest Influence in Classifying Score 12

classes occurring using the SGD, but the performance of this classification is

not outperforming picking the dominant class.

We can further observe this pattern by using the individual performance met-
rics of scoring item 12, seen in Table 6.13. Precision rate between both models
is identical in the dominant class at 93%. However, the recall rate of the SGD
shows 99% of the absent classes are correctly classified, indicating 1% of the
error absent classes are classified as error present. Within the present class
labels, performance does not outperform the ZeroR model by a large mar-
gin. Only 13% of the error present classes are correctly classified, with the
remaining 87% classified as absent.

As discussed in scoring item 1, exact knee flexion calculation is not represented

well using pelvis and ankle movement data. However, the more a participants’
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Table 6.14: Summary Performance of Scoring Item 14

Metric (%) | ZeroR | RFC Class Label | Metric (%) | ZeroR | RFC
Precision 89 92
A 89.0 | 91.7 Absent (0
comaey sent (0) Recall | 100 | 99
_ Precision 0 63
Weighted F1 83.8 | 89.8 Present (1)
Recall 0 32
(a) Summary Comparison (b) Performance of Individual Class Labels

pelvis displaces downwards in the DLJL reflects vertical displacement of the
centre of mass, which is linked with the amount of knee flexion that occurs
during ground contact. The subset of data used to train the SGD model was
the statistical features from the pelvis sensor in the S2 segment. Despite the
use of the pelvis sensor subset, the top performing features, provided in Fig-
ure 6.10, showed a variety of temporal measures influenced the model the most
of any other features. Notably, the mean SHAP values for all five features are
incredibly low, indicating the use of these features is likely not outperforming

all other statistical features by a large margin.

These features suggest the time taken for a participant to complete different
segments of the movement influence the classification of a present or error
absent condition. As discussed in Section 6.2.1, movement data is largely
individualised. In a real-world example of the LESS, when a participant is in
contact with the ground for longer, this is typically associated with greater
flexion of the knee. Therefore, these top performing features are relevant to
knee flexion. However, with a dominance of 93% in the error absent class,
the error present class is not represented well in the training and testing of
the models. This low distribution is likely the cause of low performance in the
error present recall and the overall impact of the top performing features on the
SGD model. An even distribution of classes would provide greater confidence

on the influence of these features to classification of scoring item 12.
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Figure 6.11: Features with the Greatest Influence in Classifying Score 14

Score 14 - Trunk Flexion at Maximal Knee Flexion

Hip flexion at the point of maximal knee flexion was another error that was
not well represented in this dataset, with a 89% dominance in the absent class.
As seen in Table 6.14, the accuracy of the RFC model (91.7%) outperformed
the ZeroR model (89.0%) by 2.7%. The weighted F1-score of the RFC (89.8%)
also outperformed ZeroR (83.8%) by 6%.

With the individual performance metrics, as seen in Table 6.14, precision was
improved by 3% between ZeroR (89%) and RFC (92%) performance in the
absent class. Furthermore, a recall rate of 99% for the error absent class in
the RFC means only 1% were misclassified. However, a recall rate of 32% for

the error present class indicates 68% is misclassified as error absent.

In scoring item 14, trunk flexion is likely to be best represented by movement
in the x-axis of the pelvis gyroscope, as these movements represent the forward
and backward rotation at the pelvis. In contrast to scoring item 6, lateral trunk
flexion was the movement to the left and right in the x-axis of a participant,
while typical trunk flexion occurs when the pelvis is tilted forward in the z-
axis. To this point, the statistical features from the pelvis provided the greatest
importance on the RFC model performance, as seen in Figure 6.11. The mean
value in the x-axis of the pelvis produced the third highest impact on the
model, which aligns with this type of movement - but all other features include

a variety of temporal measures and the height of the participant. This finding
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Table 6.15: Summary Performance of Scoring Item 15

Metric (%) | ZeroR | RFC Class Label | Metric (%) | ZeroR | RFC
Precision 0 62
A 74.3 | 784 Absent (0
cetasy sent (0) Recall 0] 35
) Precision 82 81
Weighted F1 63.4 | 75.4 Present (1)
Recall 100 93

(a) Summary Comparison
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(b) Performance of Individual Class Labels
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Figure 6.12: Features with the Greatest Influence in Classifying Score 15

suggests both the height of the participant, and the time taken from initial

contact of both the left and right ankles influenced whether additional trunk

flexion took place from the beginning to the end of S2. Further investigation

would be required, with more representation of the error present to determine

whether these features influence real movement performance in all participants.

Score 15 - Knee Valgus Displacement

Scoring item 15 is another example of knee valgus, similar to scoring item 5,

but this time an error is represented toward the end of S2. This error condition

appeared often, with 74% of the dataset representing the error present class.
Accuracy comparison between ZeroR (74.3%) and RFC (78.4%) showed a 4.1%
increase in total classification performance, as seen in Table 6.15. Furthermore,
weighted Fl-score of the RFC (75.4%) outperformed ZeroR (63.4%) by 12%.
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The precision rate of the RFC in the dominant class is only 81%, a 1% increase
on ZeroR performance (82%), as seen in Table 6.15. Furthermore, recall rate
of the RFC for the dominant class was 93%, meaning only 7% of the classes
were misclassified. For the error absent classes, recall was 35% - equating to a
misclassification of 65%. From these values, there is some level of recognition
occurring between the classes, but the applicability of this recognition needs

to be evaluated.

The best performing model (RFC) for knee valgus in scoring item 5 used the
statistical features from all three sensors in S2. For scoring item 15, RFC
was also the best performing model, using the same subset of data as scoring
item 5 - showing some consistency between two scoring items looking at the
same type of movement pattern. As discussed in Section 2.2 and scoring item
5, knee valgus may include ankle eversion. To this point, the rotation of the
ankles in the z-axis would represent this pattern. From the features shown in
Figure 6.12, the mean value of the z-axis in the right ankle, and the maximum
value in the z-axis of the left ankle lean towards the rotation of the ankles as
indicators of knee valgus. The mean value in this case represents the average
amount of rotational velocity observed in this axis over the entire movement,
while the maximum value in the left ankle indicates how fast the peak rate at
which the ankle was rotated towards eversion throughout the entire S2 window.
Age of the participant was also seen as an indicator of knee valgus, which
would require further investigation to assess the correlation of this participant

characteristic to knee valgus.

Additionally, the mean value in the x-axis of the right ankle accelerometer
represents left and right movement of the ankle, which could also be a sign of
horizontal movement caused by the action of ankle eversion combined, which
is a logical pattern to assess for knee valgus. Comparing these top performing
features to knee valgus in scoring item 5, the features may appear more relevant
- but performance between the two models recognising the same pattern do
not differ by much in terms of overall performance. Despite having different
features that had the highest impact, both produced similar accuracy and
performance in classification of the same movement pattern, in different parts
of the movement. Therefore, a further investigation with a combination of

knee-placed sensors in conjunction with the ankles and pelvis may provide
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Table 6.16: Summary Performance of Scoring Item 16

Metric (%) | ZeroR | GBC
Accuracy 66.1 | 70.2
Weighted F1 52.6 | 68.8

(a) Summary Comparison
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Figure 6.13: Features with the Greatest Influence in Classifying Score 16

further insights into the features that truly contribute to this scoring item.

Score 16 - Joint Displacement

Scoring item 16 is made up of multiple joints to consider for displacement,

with the conditions of this scoring item predominately being more subjective

depending on the scorer. Additionally, with a multi-class approach, pattern

recognition of the machine learning models must now distinguish three different

potential values. For this scoring item, 66% of the dataset included “average”

joint displacement, making this class the dominant class. To this point, accu-

racy of ZeroR is 66.1%, compared to an accuracy of 70.2% for the GBC, as
seen in Table 6.16. Furthermore, weighted F1-score of the GBC (68.8%) shows
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an improvement in performance over the ZeroR (52.6%) by 16.2%.

As seen in Table 6.16, classification of the dominant class of an average land-
ing condition showed a 9% increase in precision between the GBC (75%) and
ZeroR (66%). A recall of 84% equates to a total of 16% of the classes being
misclassified as either soft or stiff classes. Moving onto a stiff landing con-
dition, the recall rate produced was 40% - meaning 60% of the stiff landing
classes were misclassified. Lastly, the recall rate of a soft landing was equal to
43% - equating to a 57% misclassification. In a general sense, there are some
distinguishing patterns observed between the two lesser-count classes with a
relatively similar recall between both, but total overall classification accuracy

could be further improved for further application.

Additionally, there are many potential features we could consider to be an
optimum subset for the classification of joint displacement. We can also look
at the previous scoring items related to these joints and what subsets produced
the best performing models. Firstly, trunk flexion (item 14) used statistical
features from the pelvis in S2; while knee-related scoring items (items 1, 5,
12, and 15) have most commonly benefitted from statistical features from all
three sensors in S2. The best performing models also differed, including RFC,
DFF, and SGD models. However, overall joint displacement provided the best
results using a GBC, trained with the raw movement data from the ankles in
S2. Because of this, the features shown with the highest importance, shown
in Figure 6.13, are difficult to evaluate as these can appear anywhere in the
performance of the DLJL.

Most notably, all features were accelerometer related, with overall importance
ranging between classes. Each of these points allow visualisation of which
points in the accelerometer data were used to distinguish between two or more
of the classes. Accelerometer-point 1844 had greater impact on the classifica-
tion between stiff and average, than stiff and soft. Additionally, classification
between soft and average classes were impacted by the remaining features,
while stiff landing classes were mostly impacted by one accelerometer point in

comparison to the other important features.
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Table 6.17: Summary Performance of Scoring Item 17

Metric (%) | ZeroR | GBC

Accuracy 90.4 | 93.2

Weighted F1 85.8 | 94.9

(a) Summary Comparison
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Figure 6.14: Features with the Greatest Influence in Classifying Score 17

Score 17 - Overall Impression

Overall impression is another relatively subjective scoring item, up to the

decision of the scorer. An overall impression is classified as either excellent,

average or poor landing condition. Similarly to scoring item 16, an “average”

overall impression was the dominant class at 90% of the dataset. The overall
accuracy of the GBC (93.2%) outperformed ZeroR accuracy (90.4%) by 2.8%,
as seen in Table 6.17. Additionally, the weighted F1-score in the GBC (94.9%)
outperformed ZeroR (85.8%) by 9.1%. With three different classes and a low

distribution between excellent, and poor impressions - this Fl-score suggests

a few recognisable patterns have been identified between the three classes.




Performance of the GBC in the classification of this scoring item, as seen in
Table 6.17, had the greatest results of all other scoring items. In the precision of
the dominant class, a 100% precision indicates the scores that were classified as
“average” were all average landing classes. Overall, 92% of the average classes
were correctly classified, while the other 8% of the classes were misclassified
as either excellent or poor landing classes. The recall rate for both poor and
excellent classification was 100%, which therefore means the six excellent, and
15 poor classes were all correctly classified. The precision rates of 83% in the
excellent class, and 80% in the poor class are made up of the 8% of average
classes that were misclassified. Therefore, patterns were identified that clearly

classify both less-dominant classes with no overlap between the two.

There are a number of smaller movement patterns that may make up this
scoring item, as the pattern involves a number of side-to-side and rotational
motions (frontal and transverse plane motion). Additionally, a stiff landing in
scoring item 16 can influence the overall impression of a jump. Unlike total
score, the classification performance in this scoring item was able to distinguish
between three classes. The subset of data with the greatest relevance was the
statistical features from the pelvis in S2. The movement data provided from a
pelvis sensor represents the centre of mass movement pattern. For an overall
impression of a jump landing, a smoother signal in the accelerometer and
gyroscope data may be being used to represent an excellent landing, whereas

a rough signal may represent a poor landing condition.

To this point, the top five features from Figure 6.14 show three out of five of the
main features are characteristic-based features. Height shows an impact on all
three classes, while mass seems to have more of a role in distinguishing between
average and excellent examples. BMI values have greater use in distinguishing
between average and poor classes. The mean value in the pelvis gyroscope
does not have a substantial impact on the model, while the mean value in
the forward motion of the pelvis is used as further support for distinguishing
between average and poor classes. With the current performance of the GBC
model in this case, it is reasonable to suspect the height, mass and BMI do
have influence on the overall jump impression. The application of this model
for further LESS scores may improve results further with a greater distribution

of data; more precisely, to improve recognition of the average class.
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Chapter 7
Discussion

With all the information collected, the performance of this integration of ma-
chine learning and IMU data can be used to evaluate the applicability of IMU
sensor data to the scoring of the LESS. The subsets and features extracted
from the movement data had varied amounts of impact on the quality of clas-
sification in the models selected. The comparisons of performance between
ZeroR and the best performing models for each respective scoring item can
be used to establish whether this application of machine learning classification
is capable of accurately scoring a LESS score, without the need for manual

intervention.

In this chapter, the main findings of this thesis are discussed in relation to the
research questions driving this implementation. This chapter begins with a
summary of the performance in automation of LESS scores, including overall
accuracies and the factors that influenced performance. Next, the relevance
of the subsets and features derived from IMU data are highlighted, including
the subset contribution to different scoring items, and the applicability of the
top performing features to every scoring item. Lastly, the applicability of this
solution is outlined, including factors contributing to the results provided from
this thesis.
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7.1 Accuracy of Automated Scores

The application of machine learning models for the automation of the LESS
had a mixed performance across both the individual scoring items, and the
overall score. In some scoring items, accuracy and the weighted F1-score pro-
vided a strong performance for identifying patterns within the movement data,
and being able to distinguish whether an error is present or absent with the
data available. In other cases, classification of all the labels using just the dom-

inant class provided greater results than over 126 individually trained models.

7.1.1 Classification Accuracy

Classification performance in the total score provided a weak performance
across all seven different models and the respective 18 subsets of movement
data. The highest performing model in terms of overall accuracy only pro-
vided a 28.4% accuracy rating. Additionally, the greatest weighted Fl-score
was 26.3% for the GBC. In terms of real-world application, this level of accu-
racy and performance is not fit for automation. In a real-world application,
the inaccurate classification of nearly 75% of the dataset prompts inaccurate

training interventions to accommodate this error.

SVC and neural networks were proposed as the most common supervised learn-
ing models used in biomechanics [110], as discussed in Section 3.2.2. Ad-
ditionally, the DFF model that produced the greatest accuracy in a similar
trampoline-based jumping study [2]. However, the best performing model in
accuracy from this thesis was a RFC, outperforming the SVC by 2.7%, and the
DFF by 4.6%. Furthermore, the best performing weighted F1-score was 26.3%
using a GBC, outperforming ZeroR by 16.3%. The GBC also outperformed
the SVC by 5.6% and the DFF by 3.3%.

The best performing models differ to the models discussed in Section 3.2.2,
however the low performance across all models in total score classification
indicates there are limitations in this approach to automation in comparison to
related work. There are a number of high-risk movement patterns encapsulated
within the one total score - which does not provide individualised feedback for

a participant to implement the training interventions required for reducing this
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risk.

There were a mix of different models that provided the greatest performance
in each individual item of the LESS. A RFC was the best performing model for
five scoring items. GBC, SGD, and GNB were the best performing models for
two scoring items each. Finally, a KNN and DFF gave the best performance
in one scoring item respectively. In relation to the SVC and neural network
popularity in biomechanics mentioned previously, both the SVC and DFF did
not appear regularly as best performing models. Similarly to total score, there

are limitations in the results provided.

The classification of each scoring item individually provided strong, but specious
results in accuracy and performance. The best performing models in scoring
items 7, 12, and 14 provided accuracy and weighted Fl-scores of 90% and
above. On first observation, this appears as promising in automation perfor-
mance, but heavily dominated class counts ultimately played the biggest in-
fluence on all scoring items. In scoring items 8, 9, and 11, the weakest overall
performances are observed with accuracy and weighted F1-scores both ranging
between 55-65%. There is one key link between these items - the distribution
split of absent and present classes ranges between 51-62%. Furthermore, the
highest performing models of 7, 12, and 14 demonstrated distribution splits
between 89-94%. Due to these misleading results, many of these models do not

provide a strong performance in pattern recognition for real-world application.

Additionally, this distribution plays a factor in recommendations of automa-
tion for many scoring items. Although some error absent and error present
classes are distinguishable in some scoring items, there are not enough classes
to confidently establish whether these patterns are applicable in further datasets.
Using scoring item 7 as an example, it provides the second greatest performance
in terms of weighted F1-scores across all scoring items, with a score of 92.9%;
however, recall of the less-dominant class indicated that only 17% of the error
present classes were correctly classified. If we consider the application of this
same model with a much larger dataset of individualised LESS scores, the mis-
classification of many more participants indicates this automation approach is

not a viable option for assessing injury risk.

One scoring item out of the 17 scoring items provided a very strong perfor-
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mance in classification of the different error conditions. Scoring item 17, the
overall impression, produced a high rate of recall for all three scoring labels,
with the misclassification of only 8% of the classes. In addition to having
three different classes and being a more subjective score, three of five features
with the greatest impact on this classification did not come from IMU-derived

features, but rather correlated to the participant characteristics.

7.2 Relevant Derived Features and Subsets

The importance of features in each model provided an insight into the decisions
made by out-of-the-box machine learning models. As discussed in Section 4.1,
interpretation of the decisions made from out-of-the-box models is limited,
with the architecture of the models being pre-set without user intervention.
Therefore, in addition to the overall performance of the models applied to the
LESS data, subsets of the full dataset were used. This approach allowed for an
assessment on the quality of the input data for automating the LESS scores,
rather than the tuning of the hyperparameters that influence prediction in

each respective model.

7.2.1 Processing of Movement Data Into Subsets

To assess which IMU-derived measures are the most relevant for automation,
the movement data had to be processed using a number of processing steps.
Alignment of the movement data provided a better look into the movement of
a participant, while segmentation allowed for the relevant movement window
to be used for accuracy evaluation. As discussed in Section 4.3.2, all scoring
items occurred between initial contact and maximum knee flexion (S2). Seg-
mentation of movement data is a common processing approach for IMU quan-
tification [103, 111], with specific uses in jump landing tasks [104, 106, 109]
and the DLJL task specifically [105].

Segmentation of IMU data involved processing for critical points in the ac-
celerometer data that acted as an indication of a phase [105, 109]. In this
thesis, observable peaks in the IMU data were used as indicators for extract-

ing key phases and compared to video reference. This approach to processing
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the movement data allowed for greater consistency with the LESS and the
scoring items involved, ensuring the movement data relating to these move-
ment patterns were included in all subsets. Identifying and isolating S2 was
also a focus for feature extraction, as the top performing features in each model

should relate to the scoring item being assessed.

7.2.2 Subset Differences

There were 18 different subsets implemented, including two different time win-
dows for comparison (S1A2 and S2), three positional-related subsets including
the ankle movement data, the pelvis data, or both in combination, and either
the raw movement data, the statistical features or all features together. These

IMU-derived subsets had varying influences across all scoring items.

From the related work discussed in Section 3.2.2, statistical and temporal fea-
tures derived from IMU data were frequently used as input datasets for training
models [2, 105, 106, 109]. For total score classification, raw movement data
produced the best performing models in 5/7 of the models selected. Statistic-
based features were only used in 2/7 models. However, the differences across
all models show limited improvement across subsets. The statistical features
produced the model with the highest accuracy (RFC with 28.4%), however
raw data produced the model with the greatest Fl-score (GBC with 26.3%).
Across all models in total score classification, subset difference played minimal

influence on the accuracy and performance of LESS score automation.

However, for classification of the LESS items individually, the statistical fea-
tures had the greatest influence on best performing models with 10/13 models
using this subset of data to automate the score. The raw movement data was
used by 5/13 models, while a combination of both was seen in 2/13 models.
Statistical datasets recorded an average accuracy of 84.6%, with an average
Fl-score of 82.7%, while the use of raw data provided an average accuracy of
71.7% and a F1 score of 70.1%. The combination of both datasets produced

an average accuracy of 71.4%, and an average weighted F1-score of 68.2%.

With S2 as the segment of interest for all scoring items, the expectation was
that the majority of the subsets would provide greater results with movement

data provided from this segment. However, some scoring items benefited from
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the inclusion of the take-off to initial contact segment (S1) with S2. S1A2 was
used by 4/13 models, mainly in scoring items that involve the movement of
a joint moments prior to initial contact. These items included scoring item
4, where movement data is focused on how the ankle is positioned prior to
initial contact. Scoring items 7 and 8 referred to the stance width at initial
contact, therefore S1A2 was likely a better option to understand how the feet
are moving prior to initial contact, and whether they are moving in opposite
directions or closer together. Finally, scoring symmetric contact on initial
contact in item 11 likely benefits from the raw movement data to recognise the

point at which each ankle sensor identifies initial contact with the ground.

Subsets that produced the greatest models were not consistent for some similar
scoring items. Four LESS scoring items pertain to knee-related movement.
Within the two knee flexion-related scoring items, scoring item 1 benefited from
the raw movement data from all three sensors in S2. In contrast, knee flexion
displacement (scoring item 12) produced the best model using the statistical
features from the pelvis in S2. However, the two scoring items relating to knee
valgus (scoring item 5 and 15) both produced the respective best models using
the statistical features from all sensors in S2. Furthermore, the two stance
width scoring items (items 7 and 8) used two different sets of data, including
the statistical features from all sensors in S1A2 for a narrow width, and the
combination of both raw data and statistical features from the ankles in STA2.
Despite the similar movement patterns occurring, different subsets and features
with greater importance differed in scoring items where it would be expected
to have a similar application. Due to these inconsistencies, the patterns being
recognised by each model are likely not applicable for larger LESS datasets
as these patterns indicate an overfitting to the dataset, rather than the best
performing models training on features that relate to the performance of the

movement.

7.2.3 Relevance of Extracted Features

In one relevant study [2], the SHAP values extracted allowed the authors
to evaluate relevant features and the most expressive phase in various types

of trampoline jumps. The resulting top performing features from the best
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performing model (DFF) indicated multiple features that were relevant to the
real-world performance of the jump. However, from the results provided in
this thesis, the features extracted from the best performing models had limited

relevance to the real-world movement patterns of each scoring item.

Scoring item 1 used a variety of values in the accelerometer and gyroscope raw
data, which does not allow for any meaningful insight into the associated best-
performing model. However, five different temporal measures produced the
best model for scoring item 12. In the classification of both of these knee flexion
LESS scoring items, no features overlapped between the two best performing
models. Furthermore for knee valgus, a mix of statistical features such as
maximum and minimum values made up the top feature list for scoring item
5. In contrast, the top performing features for scoring item 15 involved mean
values, and the age of the participant. Lastly, using stance width scoring items

7 and 8, none of the statistical features overlapped between the two models.

Across the classified scoring items, the top performing features in many scoring
items had little relevance to the real-world application of the LESS scoring
item. Some examples of this are the features in scoring item 9 - where the
rotation of the foot denotes whether an error is present or absent. In the GNB
model, pelvis-based data provided greater relevance to the performance of the
model than any ankle-based features did. In the motion of rotating the foot
inward or outward, the ankle bone is rotating as well - therefore, the ankle
sensor is also rotating at the same time. However, the best performing model

did not use this data in any top performing features, which is a contradiction.

In many cases, some obvious patterns were not identified that would have
benefited the performance of a model. Using scoring item 11 as an example,
symmetric initial contact involved scoring an error when both feet did not come
into contact in the same frame of a 2D video. Temporal features included the
time from take-off to left and right initial contact separately, or time from left
and right initial contact to maximum knee flexion were primary features for de-
tection of this error. In a manual scoring scenario, the timestamps of each value
would indicate symmetric contact even without the use of a video. It could be
that the higher sampling rate of the IMU sensors lead to higher resolution of

symmetry and asymmetry that do not agree with the visual observations from
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the videos collected at 120 Hz. Feature relevance varied in majority of the
scoring items, with top performing features having no real-world relevance to
the movement pattern involved. Once again, this observation is an indication
that further application of this approach to additional datasets is likely to be

inaccurate.

7.3 Solution Applicability

From the results shown, this approach using sensor data for automation of
the LESS is not viable currently. The overall accuracy of many of the models
were misleading, with distribution of the classes imbalanced in many cases.
Furthermore, the top performing features across many of the scoring items
demonstrated limited relevance to the performance of the real movement pat-

terns in manual assessment.

There are a number of factors that may influence or improve performance of
sensor data to the LESS scoring items. Primarily, the positioning of the sensors
is likely a large contribution to this overall result. As discussed in Section 3.1,
positioning of the sensors was essential in providing accurate results in calcu-
lating joint angles. Many of the scoring items are in relation to the foot, ankle,
knee, hip, and trunk. To this point, the sensor data available from the pelvis
and ankles are only in proximity to these joints. Therefore, the features and
data available are not going to be exact representations for a large majority of
these scoring items. The positioning of the sensors was not selected to align
with the movement involved in the 17 LESS items. Nonetheless, this automa-
tion approach has demonstrated that despite this positional limitation, some
distinguishable patterns were recognisable. Additional or different positioning

of the sensors may yield different results.

With an overall LESS score being derived from 17 LESS items, a better ap-
proach may have been to combine the classification of individual scoring items
into the classification of a total score. Using each of the best performing models
to score an individual item for one participant, and summing all these individ-
ual scores may have provided a greater accuracy in total score classification

than using the raw values. Additionally, this approach may have been benefi-
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cial for scoring item 16 and 17, where the impression and quality of the jump
is made up of previously-scored items of the LESS. However, this approach
was not possible because there was insufficient examples of errors or absences

of errors for certain of the items for automation.

The individualisation of movement data created an interesting problem for
integrating raw movement data as input data. Each participant moves differ-
ently in three axes of sensor data. Some key features or processing techniques
may not have had 100% accuracy for all 218 jump occurrences. This incon-
sistency included the setting of threshold values for capturing initial contact
or take-off values, and segmentation of the maximum knee flexion. Threshold
values may have picked up noise around the segmented phases, such as de-
tecting the take-off point too early, or detecting maximum knee flexion prior
to actual maximum knee flexion. Features were then extracted from these
segments, which may have led to inconsistency between participants in some
metrics, such as flight time or shorter/longer segment widths than the actual

segment.

Additionally, participants perform the DLJL task in many ways, which is re-
flected in sensor data. The time taken to complete different phases of the
landing is different among all participants, therefore aligning raw movement
data into one dataset is a complex approach. Features cannot be simply re-
moved from participants that took a longer time to complete the DLJL, as
the data provided in these phases of movement is still relevant to the move-
ment patterns of the participant. However, all the values within a feature are
compared to one another with the same weight. Replacing the empty values
with a filler value (“-1”7) means the models are finding patterns based on the

comparisons between the filler values and other raw data values.

With the use of subsets including a large number of features (where the entire
raw movement data is used), feature extraction was not possible on the entire
subset. Some of the libraries implemented were limited in their application
with large feature counts. The main example in this thesis is the use of the
SHAP library, as each feature is evaluated individually. Therefore, SelectPer-
centile was required to select 1% of the best performing features, rather than

the full dataset. In contrast, feature selection techniques could have been im-
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plemented to improve the accuracy of models - however, this approach leads
to inconsistent feature selection among the models, and therefore model per-
formance comparison would be on different input datasets. Additionally, this
thesis focused on the use of raw movement data specifically, which involves the

input of the entire movement window.

7.4 Summary of Findings

The application of IMU-derived data and machine learning models for the au-
tomation of LESS scores was a more complex problem than initially expected.
The weakest performance was observed in total score classification. Weak clas-
sification performance was observed across all the other scoring items, despite
the use of best performing models and data subsets. In addition to weak per-
formances, the top performing features differed across all scoring items with
minimal crossover between scoring items, and limited relevance to the perfor-
mance of the movement. Additionally, there was limited consistency between
the top performing features in scoring items that contained the same move-
ment patterns, indicating the patterns recognised from this evaluation is likely
not compatible with further implementations of LESS data. Based on these

findings, it is not recommended to apply this approach for the automation of
LESS scores using IMU-derived data.

109



Chapter 8
Conclusion

In this thesis, we investigated the integration of IMU movement data, gathered
from the DLJL, with out-of-the-box machine learning models. Customised
algorithms were used to process the data into various subsets to assess the
performance of the models with differing input features. An evaluation on
the performance of these models with the different subsets, and the five fea-
tures that provide the greatest impact on the models were extracted to assess

whether the processed data provides accurate automation of a LESS score.

8.1 Research Questions

To evaluate the applicability of automating the LESS scoring process, this

thesis set out to answer two research questions:

1. How accurately can out-of-the-box machine learning models automate
LESS scores from IMU data?

2. Which IMU-derived features are the most relevant to the automation of
LESS scores?

We address research question one starting in Chapter 4, by discussing the
proposed solution design, aimed at manipulating the sensor data into a dataset
that can be integrated with machine learning models. Chapter 5 details the

implementation of custom algorithms to process the sensor data into a series
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of subsets, using a combination of different features extracted from segmented
points in the IMU data. Lastly, the evaluation of performance in Chapter 6
effectively addresses the accuracy of the out-of-the-box models, demonstrating

a weak performance in the automation of LESS scoring conditions.

To address research question two, we extracted the feature importance of the
models used for classifying the results in each scoring item of the LESS, as
discussed in Chapter 6. The process used for extracting the top five features
with the greatest SHAP values (greatest impact on the prediction of a class) in
each scoring item is detailed in Chapter 5. Using the features provided from the
results of the evaluation, Chapter 7 details the applicability of these derived
measures to future application of the best performing models, and whether
these derived measures are both accurate and relevant to real-world prediction
of LESS scores. The top performing features provided by the models differed
between scoring items, showing minimal relevance to the movement involved

in each scoring item.

8.2 Future Work

There are many potential future research points that can be covered, based on
the conclusions provided in this thesis. The primary influence on the results of
this classification is likely due to the positioning of the sensors. Considering the
movement data was provided for this thesis, the positioning of the sensors was
not a controllable variable. Movements at the pelvis do not relate to any of the
scoring items employed by the LESS explicitly, and the ankle sensors have lim-
ited relation to the actual movement patterns. Therefore, results may improve
with sensor placement around critical areas of the LESS. Placements could in-
clude tracking of the knee joint, hip joint, and trunk. These placements alone
would cover a total of nine of the scoring items (53%). Additionally, the place-
ment of a sensor near the top of the foot may provide a measure for tracking
stance width, the symmetry in foot contact, and foot position. With differ-
ent placements, the movement data provided may better relate to the LESS
scores. However, including more sensors will introduce additional expenditure,
and still requires user intervention for placement of sensors. Therefore, this

application would have to be weighed against the accessibility to additional
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sensors, and how multiple data sources are used together for automation.

New sensor placements may also provide greater accuracy in the segmentation
of the key phases of the DLJL. The algorithm created for identification of
maximum knee flexion does not find the exact moment due to the limited
movement data available close to the knee. Placement of sensors proximal to
the knee joint can provide a more accurate knee flexion angle, and therefore

the timestamp at which the maximum flexion occurs.

Due to the varying distribution of classes across the scoring items, many of the
best performing models do not get an opportunity to train on the class with
less instances and learn the patterns that constitute an error class. Some of
the existing LESS scores can be fed back into the training dataset, to improve
the balance of the class counts, and therefore allowing the models to learn from

more examples of the less-dominant class.

In consideration of the weak performance of the total score automation, using
the unique models for each scoring item may provide greater accuracy. In
a different approach, each row of LESS data could be used to predict the 17
scoring items, and the classes provided by each model can be summed together
to provide a predicted overall score. Comparisons could then be made by
the summed overall score, with the actual score provided in the dataset, and
whether or not the performance of individual scoring item models outperforms

one model for the total score classes.

The subsets using just the IMU-derived features often performed the greatest
across the scoring items. This finding is an indication that using the raw move-
ment data is overfitting the model, and may be impacting the accuracy and
performance of the models of the test set classification negatively. An improved
merging algorithm could be implemented, spreading each jump occurrence in
the dataset to the same length and filling the empty values with statistical val-
ues (mean, or median between two points for example). Furthermore, feature
selection may be a better approach with the IMU-derived features to provide
an optimised dataset for the models to work with. Considering these models
are also out-of-the-box, customised models may perform better with the data
available. Additional approaches could include the combination of both fea-

ture selection and hyperparameter tuning to optimise both the dataset and
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the model.

8.3 Concluding Remarks

The quantification and understanding of biomechanics involved in a move-
ment is essential for evaluating human movement performance and allowing
the appropriate training interventions to be implemented for rehabilitating,
mitigating injury risk, or improving performance. The LESS provides a move-
ment screening tool which allows participants to understand their tendency to
perform high-risk movement patterns upon a DLJL. Accessibility to perform-
ing and scoring the LESS is limited, therefore the automation of the LESS

scoring process is proposed.

The solution provided in this thesis was implemented to provide an approach
to using collected sensor data from both ankles, and the pelvis to try and
accurately classify all the scoring items within the LESS using multiple su-
pervised learning models. An eight-step processing pipeline was outlined, and
customised algorithms implemented to process the collected movement data.
These stages included the cropping, aligning, filtering, and segmentation of
the data, in addition to the dividing, extraction of features, outputting, and
merging of the LESS scores with various subsets of features. Subsets included
the raw movement data, extracted features, and the combination of both in

one dataset.

The best performing models for 12 different scoring items were extracted using
a weighted F'1-score, and evaluated against ZeroR to determine whether model
performance showed a high rate of accuracy. From the results provided, the
performance in majority of the scoring items were misleading, indicating high
accuracy rates due to the distribution of the classes in the dataset. Only
one scoring item model showed a potential in distinguishing between three
different classes. Therefore, it was concluded that out-of-the-box machine
learning models do not provide a performance great enough to apply this
automation approach to further LESS datasets when sensors are located as

they were in this thesis.

In addition to the accuracy, the IMU-derived features with the greatest im-

113



portance on the 12 models did not provide confidence for further application
of this automation approach. The features with the greatest impact on these
models did not indicate any relevance to real-world performance of a scoring
item. Examples of these features included random points in the raw movement
data, and extracted features from different sensor axes that did not correlate
to the expected axes involved in a movement pattern, such as pelvis sensor
features in an ankle-based scoring item. Additionally, top performing features
were not consistent between scoring items involving similar movement pat-
terns, indicating the models were identifying patterns from the dataset itself,
rather than the relevant features of the DLJL. From these sensor placements,
the collection of more data is likely to provide an even weaker performance in
automation, as a different sample of participants and scoring classes may not

have the same patterns as the dataset used to train these models.

From the insights provided by the evaluation of automated LESS scores, the
outcomes of this thesis can be concluded. The out-of-the-box machine learning
models did not provide significant improvements in the accuracy of classifica-
tion in comparison to the ZeroR approach. Additionally, the top performing
features were not consistent among scoring item models, showing a large vari-
ety in the IMU-derived features that were the most relevant to the LESS scores.
Despite a limited confidence in the application of this approach to automating
the LESS scoring, this thesis has highlighted areas of development that may
prompt a greater performance from the integration of machine learning and
IMU-derived data. Although results were misleading, some scoring items pro-
vided recognisable patterns in the movement data from anatomical positions
that had limited significance to the scoring items of the LESS. By includ-
ing additional sensors at joint segments relevant to more of the LESS scoring
items, better results are likely to be observed. Additionally, the distribution
of classes influenced the results of all the models for the scoring items. With
the collection of a larger dataset of data from relevant segments, there is po-
tential to automate the LESS scoring process and provide greater accessibility

to LESS data for both large-scale and general population testing.
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