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Abstract

Gait analysis is an integral component of physical and neurological status assessment in humans.
The Edinburgh Visual Gait Score (EVGS) is a reliable and clinically feasible scoring system for
visual gait analysis. Clinical use of EVGS relies on manual scoring of video recordings, which is

a point where automation can be utilized to gain even higher efficiency and accuracy.

In this thesis, an algorithmic implementation of EVGS scoring using patient videos was
implemented and evaluated. Videos with EVGS manual scores were obtained from the Sanatorio
del Norte medical center dataset, providing sagittal and coronal plane views of people with cerebral
palsy walking. Body keypoints representing joints and limb segments were identified using the
OpenPose Body 25 pose estimation model. The algorithm used these keypoints to identify foot
events, strides, and relevant body angles, which were used by the algorithm to automatically score
each EVGS parameter. The stride identification results were compared against the ground truth

foot events and EVGS results were compared with expert scorer evaluations.

The algorithm was excellent for plane detection and movement direction classification, in both
sagittal and coronal views. Stride detection was accurate for the majority of videos. Of the 17
EVGS parameters evaluated, six had an accuracy of 90-94%, five had a high accuracy of 84-89%,
three a moderate accuracy of 70-76%, while the final three had a low accuracy of 58-62%. The
results support use of the automated EVGS scoring approach to accelerate clinical visual gait
analysis so that routine monitoring of patients can be performed without requiring extensive

clinician time and enabling remote EVGS analysis at the point of patient contact.

Automated Implementation and Validation of Edinburgh Visual Gait Score (EVGS) 1
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1 Introduction

Gait, defined as the pattern of walking or running, is a fundamental aspect of human movement
characterized by a complex interplay of muscles, joints, and neurological pathways [1]. Gait
analysis, the systematic observation of human locomotion, is an important tool in medical
diagnostics and rehabilitation because such analysis gives important insight into a person’s health
condition and movement status. Gait assessments are reported for people with neurological
disorders such as Parkinson's disease (PD), Multiple Sclerosis (MS), and Alzheimer's disease (AD)
to identify gait disturbances such as reduced stride length, freezing of gait, and increased variability
[2], [3], [4]. In the case of MS, gait disturbances, such as leg paresis and spasticity, may become
apparent very early, often before the time of visible manifestation. Similarly, reduced gait speed
and increased variability among AD patients have underlined gait as an early biomarker for

neurodegenerative diseases [5], [6].

Gait can be clinically assessed using timed tests like the 10-meter walking test or laboratory-based
systems that include motion capture and force plates. Laboratory methods provide detailed
biomechanical data, but are costly, require expert personnel, and take extensive time for data
collection, processing, and analysis. Observational scales have been used to provide some
standardization of visual assessment of gait patterns in the clinical setting [7], [8]. Various visual
gait assessment tools [9], [10] and scales have been developed to assess the neurological conditions
that most affect gait, such as PD, MS, Cerebral Palsy (CP), and stroke. Of these, the Gait
Assessment Intervention Tool (G.A.L.T.) is one of the most elaborate scales designed to assess gait
disturbances in neurological patients. The Rivermead Visual Gait Assessment is another commonly
used tool for the analysis of gait in neurological patients [11]. The Wisconsin Gait Scale was
developed to especially investigate gait in survivors of a stroke [12]. Further, the Edinburgh Visual
Gait Score, which has long been used to investigate children with CP, also applies to a wider
number of neurological uses. In as much as these instruments are all different from one another in
various ways concerning their reliability and validity, each nevertheless has gained substantially in

practice in normalizing visual gait abnormality assessment [8]

Automated Implementation and Validation of Edinburgh Visual Gait Score (EVGS) 1



Pose estimation is a computer vision algorithm for estimating and locating a human's joints or
keypoints in an image or a video [13] [14], generating a human skeletal model for a range of
applications, such as gaming, medical, augmented reality, and sports analysis [13], [15]. This
markerless approach could provide a less costly alternative to conventional motion capture
technology[16], with potential for extending access to gait analysis by enabling video-based

data collection at any location using minimal equipment.

Recent video-based pose estimation algorithm developments have enabled the application of digital
video to analyze human motion [17], [18], [19], [20]. These algorithms use digital videos that could
be captured from everyday devices, including smartphones, to identify 2D coordinates of body
joints and other landmarks. These keypoints can be used to calculate spatiotemporal parameters
such as step length, step time, and joint kinematics. The accuracy of video-based methodologies
can be very high, with evidence of direct comparisons with the gold standard of motion capture
systems. For example, sagittal video recordings can provide accurate gait kinematics of the hip and
knee during overground or treadmill walking in patients with stroke [21]. Video of a person
walking can be captured outside of the lab-environment to home or clinics, which may be very
useful for continuous monitoring. Pose estimation-based methods could be applied to create an
automated clinical video scoring system that would enhance accessibility of quantitative movement

analysis, minimize expert time, and reduce the need for specialized equipment.
1.1 Rationale

Gait analysis is a useful tool for assessing mobility status and neurological effects on movement
and is usually conducted in 3D instrumented gait laboratories. However, not all patients can access
such facilities. In children with mobility impairments, such as those with CP, the logistic challenges
in attending a motion analysis lab are exacerbated by the needs of the parents to arrange additional
care, to take time off work, and to risk hazardous traveling conditions in winter months. These
make frequent gait analyses impracticable and inhibit the possibility of timely monitoring and

intervention.

A video approach could provide a flexible and inexpensive method to record high-quality footage
of the patient’s movements in clinical or nonclinical environments. With recent advances in Al,

pose estimation algorithms can identify a person’s joint locations to enable gait parameter

Automated Implementation and Validation of Edinburgh Visual Gait Score (EVGS) 2



calculations and reporting. This approach could help make gait analysis more available, especially

to rural or otherwise underserved communities without access to a typical gait lab.

Of the many instruments developed for visual gait analysis, Edinburgh Visual Gait Score (EVGS)
is a reliable tool for assessing walking, especially in children with cerebral palsy. A clinician
visually rates a patient’s videos for the purpose of tracking changes and intervention outcomes.
However, EVGS scoring requires considerable time and labor from a human rater, with every
evaluation taking an average of 24.7 minutes [22]. An automated approach for scoring EVGS

would remove the time barriers for implementing this tool in daily practice.

Patient videos are not always captured under optimal conditions, often presenting with undesirable
features such as zooming in and out, parts of the person outside the video frame, or assistants
walking with the patient adversely affecting pose estimation. These conditions are problematic for
automated gait analysis via videos, which became apparent when initially applying the previous
algorithm by Ramesh et al. [23] to a clinical dataset. Automation algorithms would need specific

functions to deal with these, and other, issues before generating an acceptable EVGS score.

This thesis addresses these needs by developing and evaluating an automated system for EVGS
scoring clinical videos of people with CP. A successful system could make EVGS analysis more
accessible by improving analysis speed, reducing reliance on specialized equipment, and avoiding

subjective manual grading to eventually improve clinical decision-making.
1.2 Scope

This research focuses on people with CP that require visual gait analysis using EVGS. Since EVGS
ranges and values were adapted for the CP population, the parameters of the study are limited to
the same category of patients. However, the automated EVGS system could be easily extended to
other populations using different, validated video-based gait assessment scales. The Sanatorio del
Norte medical center dataset, used in this research, contains clinical video from participants in

Argentina; hence, generalization beyond this dataset cannot be confirmed without further research.

1.3 Objectives
The goal of this research is to implement and evaluate an automated system for EVGS scoring
of videos taken of CP patients in a clinical environment. This thesis presents the first

Automated Implementation and Validation of Edinburgh Visual Gait Score (EVGS) 3



implementation of an automated EVGS scoring system with CP patients in a clinical

environment. Specific objectives are

- Objective 1: Develop an algorithm to detect plane of motion capture, strides, direction of
movement and automatically determine the EVGS score from sagittal and coronal view
patient videos.

- Objective 2: Validate the algorithm on a large clinical dataset
1.4 Thesis Contributions

This thesis resulted in a viable EVGS scoring system that can automatically calculate EVGS
parameter scores from clinical videos. The following contributions were made to the automated

gait analysis field:

1. An automated scoring system was developed and tested that successfully identified the
plane of motion capture, direction of movement and strides, and then automatically scored the

EVGS from video recordings.

2. Developed a novel plane detection algorithm that detects the two important anatomical planes,
sagittal and coronal, which are essential for proper EVGS scoring. The new method solves issues

when applying the original Ramesh et. al. [23] algorithm to the clinical dataset.

3. Designed a versatile algorithm capable of detecting patient movement direction in sagittal and
coronal planes, applicable not only to EVGS but also to other visual gait analysis indices and

biomechanical analyses using markerless motion capture.

4. Demonstrated system validity with patient videos from a clinical facility. Previously, a purpose-
built dataset of able-bodied individuals performing movements that covered the full range of EVGS
scores was used to validate the automated scoring algorithm. This thesis identified and resolved
problems when applying the original algorithms to typical clinical videos, making the new EVGS

scoring system more robust.

5. The system is optimized for speed and could provide an EVGS report in less than 60 seconds
for a 10-15 second patient video. This short turnaround time enables clinicians to interpret the

results at the point of patient contact. If needed, additional videos could be taken and reanalyzed
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during the same appointment, eliminating the need for patients to book repeat appointments or
return to the clinic. This efficient use of time and clinical resources could improve patient
experience and workflow for clinicians. Automated calculation of EVGS will lower the burden on

clinicians since computations will be automated, without any involvement from the clinicians.
1.5 Thesis Outline

Chapter 2 provides a literature review covering gait biomechanics, current gait analysis methods,

various observational gait assessment scales, and deep learning models for human pose estimation.

Chapter 3 presents a comparative analysis of previous and improved methods for automating

EVGS scoring system.

Chapter 4 describes the development and evaluation of the proposed automated EVGS scoring

system.

Chapter 5 describes the validation of the proposed system with a large clinical database of CP
patient that have been manually EVGS scored by experts.

Chapter 6 summarizes the thesis, main results, and further directions of study.

Automated Implementation and Validation of Edinburgh Visual Gait Score (EVGS) 5



2 Literature Review

2.1 Gait

Gait is the manner of walking or running and is a complex process that involves the interaction of
various systems in the human body [24]. The gait cycle has been divided into stance and swing
phases, periods, and events [25] (Figure 2.1). A gait cycle starts with a foot strike and concludes
with a foot strike on the same side of the body. The events involved in a normal gait cycle include
foot strike and foot off on each leg. Periods include loading response, mid-stance, terminal stance,
pre-swing, mid-swing, and terminal swing. Every gait cycle is further divided into stance and swing
phases. The stance phase ranges from foot strike to toe-off, and the swing phase commences with

a toe-off and ends with a foot strike [26].

87% 100%
] 1
Tibia Next initial
EVENTS vertical contact
PERIODS (-

TASKS

PHASES

CYCLE

Figure 2.1 Gait cycle [27]

Various stride parameters are utilized in clinical quantitative gait analysis [1]:
e Stride length: linear distance of successive points of initial contact of the same foot.
e Step length: linear distance of one foot from the point of initial contact to the point of
initial contact of the opposite foot.

e Walking speed (gait velocity): time to walk a certain distance
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Cadence: number of steps taken per minute

Stride time: time from initial contact of one foot to the subsequent initial contact of
the same foot

Step width: medial-lateral distance between the heels of the two feet when they first

make contact with the ground

2.1.1 Stance Phase

Stance phase accounts for 60% of the entire gait cycle and is defined as the period when the

foot is in contact with the ground. Stance is divided into five sub- phases [28], [29], [30]:

In stance phase, the muscles around the lower limb act in concert in controlling joint movements
and also perform shock absorption. For example, during initial contact, the quadriceps muscles are
contracting eccentrically to control knee flexion, while the gastrocnemius and soleus muscles make
very important contributions during terminal stance and pre-swing. In early stance, the quadriceps

muscles are the primary contributors to braking and support, while the soleus and gastrocnemius

Initial contact or heel strike: This is the initial contact of the foot with the ground
and marks the commencement of stance phase. During this time, the ankle is usually
in a neutral position, the knee slightly flexed, and the hip flexed to about 30 degrees
[31], [32].

Loading response: After initial contact, the foot dorsiflexes until the whole plantar
surface touches the floor. The weight of the body is absorbed, and weight transfer to
the supporting foot occurs [33], [34].

Mid-stance: Body centre of gravity passes directly over the supporting foot. The knee
and hip extend, and the contralateral limb swings forward [35].

Terminal stance: As the body continues to move forward, the heel comes off the
ground. Hip and knee extension increases. At terminal stance single-limb support, the
ankle is at maximal dorsiflexion of 10°, then reverses to 5° of plantar flexion [36]. The
hip extends and reaches 10° hyperextension, whereby the knee extends to its maximum
range of 0 to -5° [9].

Pre-swing: This is the final event of the stance phase, marked by rapid hip extension

and the onset of knee flexion [35].
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muscles contribute significantly to propulsion and support in late stance [37]. The gastrocnemius
and quadriceps muscles exhibit co-activation patterns throughout the gait cycle, which may affect

knee joint stability and ligament strain [38].

Individual muscle contributions to joint contact forces vary similarly: vastii muscles are believed
to contribute most to axial knee joint force in early stance whereas gastrocnemius is activated
during late stance [39]. Muscles that do not directly cross the knee joint, such as the gluteus
maximus and soleus, also contribute to knee joint forces indirectly through their effects on ground
reaction forces. Indeed, references [39], [40] have reported that understanding such muscle

contributions forms a basis for both prevention of joint injury and treatment of gait pathologies.
2.1.2  Swing Phase

Swing phase is the 40% of the gait cycle where the foot does not touch the ground, divided into

initial swing, mid-swing, and terminal swing [18], [28], [41].

e [Initial swing: This sub-phase begins at toe-off. The hip, knee, and ankle all flex to initiate
the advance of the limb and also to give foot clearance over the ground. The main active

muscles are the hip flexors, most especially the iliopsoas [35].

e Mid-swing: The thigh is now in the peak advancement as the limb is passing directly under
the body. Knee flexion peaks around 60 degrees. Contraction of the tibialis anterior muscle

maintains good ankle dorsiflexion, thus giving good foot clearance [35].

e Terminal swing: This is the last sub-phase where preparation for the next heel strike takes
place. The knee starts extending, and the ankle remains in dorsiflexion. Hamstrings are

activated to decelerate the swinging limb and control knee extension [35].

Swing phase advances the limb in preparation for the next step and involves accurate control of the

hip, knee, and ankle to allow appropriate foot clearance and positioning before the next heel strike.
2.1.3  Double Support Periods

Double support occur at the beginning and end of stance phase, when both feet are in contact with
the floor simultaneously, occupying approximately 20% of the gait cycle [42]. In both periods of
double support, stability is achieved and a smooth transfer of weight between the limbs can occur.
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214 Biomechanical Considerations

Walking is a complex interaction of various joints and muscle groups. The lower limb acts as a
closed kinetic chain during stance phase, where the foot is fixed on the ground. Coordinated action
of the ankle, knee, and hip joints against each other maintain stability and progress the body
forward [43], [44]. By contrast, the lower limb becomes an open kinetic chain during the swing
phase with much more range of motion [45]. Accurate muscle function is highly critical during this

phase to ensure appropriate advancement of the limb and avoid an inappropriate foot strike.
2.2 Observational Gait Analysis

Gait analysis has been defined as the systematic study of human movement, including identifying
and measuring body segment trajectories as a function of time [31], [46]. By analyzing gait,
clinicians can diagnose gait abnormalities, detect balance factors, check the success of therapeutic
treatments or surgical procedures, and make necessary therapeutic interventions. Instrumented gait
analysis (IGA) is the gold standard in gait analysis [47] and requires hardware such as force plates,
reflective markers attached to participants, inertial measurement units, or pressure measurement
systems to gather quantitative information for kinematic, kinetic, or muscle activation analysis
[32], [48]. IGA is a resource-intensive process, consuming a large amount of time, money, space,

and personnel. Motion analysis laboratories are not available in most clinical settings.

To overcome these difficulties, observational gait analysis or visual gait analysis (VGA) provides
a means whereby clinicians can observe and describe gait. VGA techniques are used to assess gait
disorders both in adults and children [11], [46], [49], [50], [51], [52], where scorers view video
recordings and rate the recorded gait using various scales, each one evaluating specific joints,
planes, and gait cycle events. Several computer-assisted image analysis techniques have been
developed to aid clinicians, allowing joint angle measurement and recording other movements and
postures. This approach, because it is simpler and more accessible than IGA, is preferred by many
clinicians, or sometimes the only option available [53]. However, VGA is highly subjective and
potentially can provide low sensitivity, specificity, validity, and reliability when compared with
methods like the IGA. Despite all these potential shortcomings, clinicians continue to use VGA

and depend on it in clinical settings [54].
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2.3 Types of Visual Gait Analysis
2.3.1 Physician’s Rating Scale (PRS)

Among the first modern observational indices for gait analysis, the Physician's Rating Scale was
developed in 1993 to evaluate cerebral palsy in children by using walking sequences on video [55].
PRS examines six parameters for each leg, including gait speed and kinematics related to the hip,
knee, ankle, and foot. In this scale, clinicians visually rate and then manually score gait deviations
based on a multi-point ordinal scale Table 2.1. The summary score allows clinicians to assess

changes between interventions (e.g., pre- and post-surgery).

Despite such scope and simplicity, PRS has attracted a considerable amount of criticism. The
failure to standardize different scoring methodologies resulted in inter-rater reliability issues.
Different clinicians often score the same patient differently [8], [S6]. Modifications were proposed
to enhance reliability and sensitivity, although most revisions produced mixed results. Despite
these drawbacks, PRS laid the groundwork for more refined observational indices by providing a

fundamental framework for scoring and analysis of gait abnormalities [49], [57], [58].
2.3.1 PRS-Based Observational Gait Scale (PRS-OGS)

The PRS-Based Observational Gait Scale (PRS-OGS) is the modification of the original PRS, and
was developed to assess children with CP, scoring eight parameters: knee, ankle, foot progression,
and the use of assistive devices [59]. PRS scoring was modified and became even more responsive

to therapeutic changes following some interventions, like botulinum toxin treatments [59], [60].
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Table 2.1 Visual Gait Assesment Scale - adapted from PRS [61]

Parameter Category Score
Hip in terminal | Hyperflexed > 20° 1
stance Mod-mild flexion 0°-20° 2
Normal (extended) <0° 3
Hip in mid Hyperflexed >45° 1
swing Decreased flexion <25° 2
Normal (extended) 25°-45° 3
Knee peak Flexion — severe >30° 1
extension in Flexion - mild 16°-30° |2
terminal stance | Normal 0°-15° 3
Recurvatum <0° 4
Knee peak Hyperflexed >70° 1
flexion in Decreased flexion <50 2
swing Normal (extended) 50°-70° 3
Initial foot Forefoot 1
contact Foot flat 2
Heel 3
Foot contact in | Toe / toe (equinus) 1
stance Foot flat / early heel rise 2
Foot flat / no early heel rise 3
Occasional heel / foot flat 4
Heel / toe (normal roll-over) 5
Timing of heel | No heel contact (equinus) 1
rise Pre swing / stance limb level 2
Just after swing / stance limb level 3
Just pre — double support (normal) 4
After double support (delayed) 5

PRS-OGS is focused on providing interventions such as botulinum toxin therapy by monitoring
changes in gait patterns. PRS-OGS provided acceptable inter- and intra-rater reliability in most
knee and foot aspects [60], but PRS-OGS has poor reliability for base of support and hindfoot
position [60]. Similarly, biomechanical measurements of the lower extremities exhibited low
interrater reliability, except for relaxed calcaneal stance position and forefoot varus, while intrarater
reliability is generally high [62]. Visual assessment of postural orientation, particularly knee-
medial-to-foot position, was reliable within and between raters and valid when compared with 2D
and 3D kinematics in asymptomatic populations [63]. However, other segment-specific postural
orientation errors demonstrated poor to moderate reliability or lack sufficient studies for conclusive
evaluation [63]. Static biomechanical assessments of the foot and lower limb, commonly used in

clinical practice, generally demonstrate poor inter-assessor reliability [64].
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2.3.2 Wisconsin Gait Scale

The Wisconsin Gait Scale (WGS) was designed for hemiplegic stroke patients and consists of 14
items concerning trunk, pelvis, and lower limb kinematics, walking strategies, and the use of
assistive devices [65].In contrast to previous indices, the WGS uses a weighted ordinal scale,
focusing mainly on the affected leg. WGS is very sensitive to detecting changes, such as that
occurring after gait training programs. Several studies demonstrated excellent internal consistency,
high interrater reliability (ICC 0.83-0.96), and good intrarater reliability (ICC 0.75-0.96) [66], [67],
[68], [69]. In addition, the scale demonstrated significant correlations with relevant clinical
measures such as walking speed and Fugl-Meyer assessment [68]. However, several items,

including "hip hiking at mid-swing," "circumduction at mid-swing," and "hip extension of the
affected leg," had low reliability [69]. Despite several limitations, WGS represents a promising
tool for making observational gait analysis more objective and more reliable in clinical practice,

not needing much training to be effectively applied [66], [67].
2.3.3 Rivermead Visual Gait Assessment

The Rivermead Visual Gait Assessment (RVGA) grades 20 kinematic features of the upper limbs,
trunk, and lower limbs in stance and swing phases using a four-point ordinal scale and was designed
for patients with neurological disorders [11], [12], [70]. RVGA development was based on
evidence that an experienced physical therapist can make accurate and reliable judgments of the
kinematic aspects of movement with observational assessment [71]. This low-cost tool is especially
useful in developing countries where gait analysis equipment is usually quite expensive [70]. The
RVGA demonstrated good-excellent inter-rater reliability and test-retest reliability with acceptable

validity when compared to other mobility measures [70].
2.3.4  Observational Gait Analysis

Observational Gait Analysis (OGA) index (Table 2.2) was designed for spastic diplegic CP patients
older than eight years. Ten gait events are evaluated for ankle, knee, and hip, and pelvis kinematics
in three anatomical planes [46]. OGA demonstrated moderate to good validity and reliability for
temporo-spatial parameters [72]. Accuracy fluctuates with kinematic parameters: knee flexion and

pelvic tilt showed higher validity compared to other planes and angles of movement [72], [73].
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Moderate to good inter-rater reliability was observed, since about two-thirds of the observations

demonstrated total agreement between raters [52]. Enhancing OGA through mobile technology

demonstrated good reliability between raters on most measures but the authors advised caution in

terms of transverse plane deviation quantification [74]. While providing a useful framework in

guiding systematic gait assessment, particularly within the pediatric population, the accuracy and

reliability of the OGA have room for further development in comparison with three dimensional

gait analysis [73], [74].

Table 2.2 Observational Gait Analysis checklist [75]

STANCE

SWING

LR

MSI

TSt

PSw

ISw MSw

TSw

Trunk

forward lean

backward lean

lateral lean (R/L)

Pelvis

no forward rotation (R/L)

no contralateral drop

(R/L)

hiking (R/L)

Hip

inadequate extension

circumduction/abduction

Knee

excessive flexion

uncontrolled extension

inadequate flexion

Ankle/Foot

foot slap

forefoot contact

foot flat contact

late heel off

contralateral vaulting

2.3.5 Salford Gait Tool

Salford Gait Tool (SF-GT) was designed evaluate hip, knee, and ankle joint angles at six different
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gait events (Figure 2.2), using a five-point scale [76]. The strength of SF-GT is that its results have

been iteratively refined toward correspondence with quantitative kinematic data, which optimizes

its reliability and clinical utility [77]. Since a limited number of gait parameters are analyzed,

SF-GT may not be as comprehensive as other tools such as the EVGS.

APPENDIX 1: SALFORD GAIT TOOL—SAGITTAL (SIDE) PLANE VIEW
Enter the observed degrees of ranges of movement in the spaces below. Then assign a CATEGORY from the list on the left for each joint.

Sum of
Category
Name: Initial Contact End Double Support Mid Stance Start Double Support Toe off Mid Swing Scores
Date:
Diagnosis:
'S 0 (
0 0 0 0
4/ | \ |
TRUNK
Circle observation: normal normal normal normal normal normal Overall:
normal
backwards backwards backwards back ds back ds backwards backwards
forwards forwards forwards forwards forwards forwards forwards
HIP (1*
CATEGORY: degrees category degrees category degrees category degrees category degrees category degrees category
—2=-21° or more extension
—1=-6° to—20° extension
0=-5° ext to 15° flexion
1=16° to 45° flexion
2=46° or more flexion
KNEE (5)*
CATEGORY: degrees category degrees category degrees category degrees category degrees category degrees category
—2=-16° or more extension
—1=-6° to —15° extension
0=-5° ext to 10° flexion
1=11° to 45° flexion
2=46° or more flexion
ANKLE (0)*
CATEGORY: degrees category degrees category degrees category degrees category degrees category degrees category
2=21° or more DF DF DF DF DF DF DF
1=1°to 20° DF
O=neutral 0° to —15° PF PF PF PF PF PF PF
—1=-16°to —45° PF
—2=46° or more PF
Ankle toe strike Heel off the floor?
flat foot Yes
heel strike No

Figure 2.2 Salford Gait Assesment [70]

2.3.6 Gait Assessment and Intervention Tool

G.A.LT. is an observational gait analysis tool that is mainly applied to patients undergoing

rehabilitation after a stroke [9]. G.A.LT. employs an extended ordinal scale, rating 31 gait

parameters under: upper limb and trunk kinematics in the stance and swing phases, lower limb

kinematics in the stance phase, and lower limb kinematics in the swing phase. Each parameter is

rated upon a 0-3 scale, with higher scores for movement deviation away from normal.

G.A.LT. was validated for use in stroke and multiple sclerosis patients, and translated into multiple

languages [78]. Sensitivity was better than the Tinetti Gait Scale for detecting improvements
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following gait training interventions [79]. G.A.LT. can effectively capture incremental changes in
gait components, making this tool valuable for tracking progress in rehabilitation settings [9].
G.A.LT. exhibited strong intra- and inter-rater reliability, as well as the capacity to differentiate
between various gait training interventions (pre/post treatment and between the treatment groups)
[9]. When comparing the sensitivity of G.A.L.T. and Performance-Oriented Mobility Assessment
(POMA) to assess recovery of stroke patients who underwent gait rehabilitation programs [79],
G.A.L'T. was more sensitive to performance changes, detecting improvement in 91% of the
analyzed participants. POMA detected only 59%. G.A.L.T. was able to identify alterations on the

most advanced stages of the training program [79].
2.3.7  Stroke Mobility Score

The Stroke Mobility Score (SMS) addresses many of the shortcomings in the assessment of post-
stroke gait, evaluating six non-redundant parameters that are representative of trunk posture, limb
movements, and gait speed, using a four-point scale. SMS has high inter-rater reliability and also
shows strong correlation with functional scales such as the 10-Meter Walk Test [80]. This tool
performs very well in stroke-specific applications but has limited use in other pathologies because

of its narrow scope.
2.3.8 Edinburgh Visual Gait Score

Developed to assess children with CP, the Edinburgh Visual Gait Score (EVGS) [50] scores 17
parameters (trunk, pelvis, hip, knee, ankle, and heel in the coronal, sagittal, and transverse planes)
as normal, moderate, or severe. Two video views are required to implement the test: sagittal and
coronal. Each EVGS parameter is scored on a 3-point ordinal scale: 0 indicates normal gait (within
+1.5 standard deviations of the mean); 1, moderate deviations (1.5 to 4.5 standard deviations from
the mean), and 2, significant or severe deviations (more than 4.5 standard deviations from the
mean) [50]. A low total score reflects fewer gait deviations. To facilitate a clear understanding and
to ensure consistency in scoring, the 17 EVGS parameters were grouped according to foot events
and gait cycle phases (Table 2.3). The EVGS scoring methods are detailed in [81]. Robinson et al.
[82] determined the minimal clinically important difference (MCID) of EVGS to be 2.4, which
corresponds with assessment tools based on functional observation (e.g., Gross Motor Function

Classification System). These results confirm the utility of VGA, and particularly EVGS, for the
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diagnosis and quantification of gait irregularities in CP patients.

Table 2.3 EVGS parameters [23]

Foot events and gait phases EVGS parameters

Sagittal Initial contact/Terminal swing Peak hip flexion in swing

Knee extension in terminal swing

Initial contact

Midstance Peak sagittal trunk position
Pelvic rotation in midstance
Heel lift

Terminal stance Peak hip extension in stance

Peak knee extension in stance

Max ankle dorsiflexion in stance

Midswing Peak knee flexion in swing

Maximum ankle dorsiflexion in swing

Foot clearance in swing

Coronal Midstance Maximum lateral shift of trunk

Maximum pelvic obliquity in stance

Knee progression angle

Foot rotation

Hindfoot valgus/varus

Ong et al. [83] assessed the intra-observer reliability of EVGS scoring among experienced and
inexperienced raters by training six medical students to perform EVGS assessments. The study
reported a mean Coefficient of Repeatability (CoR) of 5.15 for inexperienced observers and 4.21
for experienced observers, indicating that repeated observations by the same individual would
typically vary by no more than approximately five points for inexperienced raters and slightly less
for experienced ones. The CoR reflects the range within which 95% of differences between two
repeated measures by the same observer are expected to fall. A lower CoR value signifies higher

intra-observer reliability.

However, reliability improved with practice and for higher-functioning patients [84]. When
compared to 3D gait analysis (3DGA), EVGS demonstrated moderate agreement, with experienced
raters achieving higher accuracy [83], [84]. Clinical experience did improve the results [84], which

likely means that reliability can be improved with training and better understanding of gait [85].
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EVGS has high concurrent validity (i.e., the extent to which EVGS scores agree with those from
other established gait assessment tools when measured at the same time) with good consistency
with other assessment tools [86], [87]. The balance of depth with ease-of-use eventually made the

EVGS a widely accepted tool in pediatric gait analysis.
2.4 Comparison of Visual Gait Analysis Tools

VGA includes a wide range of tools. Table 2.4 outlines the main features of each index in relation

to their merits and areas of improvement [88].

While the Wisconsin Gait Scale and the Stroke Mobility Score deal with specific pathologies like
hemiplegia or stroke [89], [90], others like the RVGA and G.A.L.T. are more generalized measures
of neurological gait disorders [9], [11], [66], [67], [69]. This specificity is at an asset and a
limitation. For instance, WGS has proven useful for hemiplegia and stroke conditions; however,
its few items make its application limited in more other neurological conditions. More general
tools, like the RVGA and G.A.L.T., are more adaptable but at the expense of loss of relevance to
certain populations [9], [79], [91].

The types of scoring systems vary between tools. Measures with less categories, such as three-
point scales, exhibit heightened reliability but may be less responsive to subtle changes in gait
patterns. In contrast, where more categories are utilized, such as the five-point scale utilized
in the Salford Gait Tool (SF-GT), there is heightened differentiation but inter-rater reliability
may be sacrificed [92]. Generally, this may be a fair trade-off between reliability and

responsiveness in the development and choice of observational gait indices.

The RVGA utilizes a four-point ordinal scale but has received criticism regarding the subjective
nature of scoring, since explicit guidelines on rating the degree of deviation were not provided [11].

Thus, such subjective assessment may lead to inconsistent scores between raters.

G.A.LT was developed with more objective guidelines, which might have improved its intra- and

inter-rater reliability scores [9].
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Table 2.4 Overview of visual gait analysis

Target Features Strengths Limitations
Population
Physician’s Pediatric 6 kinematic Earliest visual gait Lack of
Rating Scale population features per leg, | analysis, simple standardization, poor
(PRS) with CP including hip, scoring system inter-rater reliability,
knee, ankle, and limited applicability
foot beyond CP
PRS-Based Pediatric 8 parameters: Improved sensitivity to | Poor reliability for
Observational population knee, ankle, foot | therapy (e.g., base of support and
Gait Scale (PRS- | with CP progression, botulinum toxin hindfoot position,
0GS) assistive device | treatment), better limited to young
usage structured than PRS children
Wisconsin Gait | Hemiplegic 14 items Sensitive to post- Low reliability for
Scale (WGS) patients (post- | focusing on therapy changes, fair specific items (e.g.,
stroke) trunk, pelvis, correlation with time- | hip extension, foot
lower limbs, and | distance parameters circumduction)
walking (TDP), strong for
strategies hemiplegic gait
analysis
Rivermead Adults with 20 kinematic Good reliability, Exclusion of some
Visual Gait neurological | features of upper | correlations with key parameters
Assessment disorders limbs, trunk, and | walking time and stride | limits use in
(RVGA) lower limbs length, sensitive to musculoskeletal
changes in gait conditions
performance
Edinburgh Pediatric 17 parameters High reliability and Primarily validated
Visual Gait population across sagittal, validity, for pediatric CP;
Score (EVGS) with CP coronal, and comprehensive broader population
transverse evaluation, strong studies needed
planes correlation with
functional scales
Observational People with 10 gait events in | High inter-rater Limited agreement
Gait Analysis spastic three anatomical | reliability with 3D kinematic
(0GA) diplegic CP planes data, restricted to
specific parameters
Salford Gait Pediatric Hip, knee, and Alignment with Limited scope
Tool (SF-GT) population ankle angles quantitative data, compared to EVGS,
with CP across 6 distinct | relatively reliable focuses only on
gait events sagittal plane
Gait Assessment | Stroke 31 items: upper | High sensitivity to Complexity limits
and Intervention | patients limbs, trunk, therapy-induced routine use, better

Tool (G.A.LT.) lower limbs in changes, excellent suited for research
stance and swing | reliability
phases
Stroke Mobility | Post-stroke 6 items: trunk High inter-rater Stroke-specific;
Score (SMS) patients posture, limb reliability, strong limited utility for

movements, gait
speed, fluency,
and stability

correlations with
functional scales

other conditions
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The number of items evaluated in each index varies from six non-redundant items in SMS to 31
items in G.A.I.T. More comprehensive tools, such as G.A.L.T., evaluate gait in relation to a broad
range of parameters by multiple body segments and over the gait cycle. This comprehensiveness
can be an advantage in research and where detailed clinical evaluation is required [92] but may
also make the tool more time consuming to perform and thus less practical in busy clinical settings
or in a cursory screening situation. Indices that are more abbreviated, such as SMS, have increased
efficiency and ease of use, which is particularly advantageous when routine clinical assessment is

required or in situations in which clinicians have limited time [93].

VGA validity has been tested by correlating IGA and functional scale results. For example, EVGS
had a good correlations with IGA measures and Gross Motor Function Classification System
(GMFCS) functional scale results [84]. However, none of the identified VGA tools has the same
consistency and precision as a fully instrumented gait analysis. Hip and pelvis movements can
differ from quantitative measurements [8], likely due to visual perception of the combined
movements of the hip and pelvis, which are particularly hard to perceive visually in the frontal and

transverse plane.

Although many tools were originally designed for specific populations, such as children with CP
or adults with stroke, many have since proven adaptable to other conditions and age groups [83],
[84], [94], [95], [96]. For example, EVGS has been applied successfully across age and disorder
groups other than the children with CP for whom it was originally designed and G.A.LT.,
developed originally for stroke patients, has been used with multiple sclerosis patients [78].
However, validity for disorders other than those for which a tool was originally developed cannot

be assumed and would necessitate additional studies to validate that claim [91].

The most consistent trend throughout the different VGA studies points out the influence of rater
experience and the methodology of analysis on reliability. Indeed, many have reported significant
improvement in inter-rater reliability following even very brief training sessions [97]. The
methodology plays a critical role in reliability. The use of video recordings of gait, especially those
that allow for slow-motion or freeze-frame analysis [22], [74], [98], improve consistency among
ratings. Several studies reported that the use of specialized motion analysis software further
improved agreement between raters on items dealing with joint angles and timing of such

measurements [99].
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According to a review paper, the PRS does not capture the whole pattern of gait accurately
due to its wide range of variability and medium reliability [8]. WGS, RVGA, and G.A.L.T. are
all sensitive to change following physiotherapy interventions and have good to excellent intra
and inter-rater reliability [91]. While allowing a more differential assessment, using a five-
point scale, the SF-GT may result in lower inter-rater reliability compared to other indices
with simpler rating scales [77]. Although SMS has good reliability and good correlation with
functional scales, it is limited by its specificity for stroke patients, hence limiting its
applicability in other conditions [80]. Overall, The Edinburgh Visual Gait Score has emerged
as a comprehensive analysis and reliable index. Because of the ability of this index to assess
17 parameters in multiple planes, it stands higher in capturing minute deviations, especially
in pediatric CP individuals. And the score’s ability to provide higher reliability for distal limb
segments compared to proximal segments [52], [22], [84], [100].

2.5 Pose Estimation Models

Markerless pose estimation is a method for estimating the position and orientation of human and/or
object without using a physical marker. Such an approach can be utilized in robotic, augmented
reality, and biomedical fields [101], [102], [103]. Markerless approaches have several advantages
over marker approaches, such as ease of installation, portability, and low cost, and for that reason,
markerless approaches have a high potential for use in remote medical care [103]. Markerless body
pose estimation offers convenient solutions compared to the traditional marker-based motion
capture systems, utilizing a variety of techniques, from 2D binary silhouettes and skeleton models
[104] to complex convolutional neural networks and multi-view video processing [105]. These
techniques made human pose estimation possible from single images, video frames, or depth data

for motion analysis and other applications, including health, robotics, and augmented reality.

Previous research was based on the fitting of 3D human body models to 2D image features, while
more recently the combination of CNN-based segmentation with temporal priors (i.e., information
or constraints from previous frames that help predict keypoints in the current frame over time)
achieved high accuracy [106]. Depth images, together with efficient optimization techniques, have
further improved real-time pose estimation [107]. Important advantages include robustness to
occlusion [104], generalization across many diverse human poses [105], and realistic 3D shape

avatars [106].
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Pose estimation techniques can be divided into two broad categories: top-down and bottom-up.
The top-down approach involves first detecting the person(s) in a frame and then estimating their
poses. These are generally quite accurate but at a higher computational cost. In bottom-up
approaches, individual body parts are detected first, followed by establishing correspondence

between these parts with different persons. This involves sacrificing precision for speed [108].

The choice of pose estimation model depends upon the nature of the application required and the
computational resources available. For instance, applications in which high precision is imperative,
such as in clinical assessments, are best handled with top-down approaches, whereas applications
requiring real-time processing, such as in crowd analysis, are more effectively done with bottom-
up approaches [108]. Hybrid approaches could have advantages of both. For instance, [109]
proposed a bottom-up hypothesis generation followed by a precise top-down analysis for
estimating the hand pose, while [110] incorporated a bottom-up feature extraction followed by top-
down parsing for improving the accuracy and speed. These hybrid frameworks thus illustrate the

possibility of iterative refinement and activity-independent solutions in pose estimation.

Deep learning has completely changed the game for the pose estimation feature. Starting from
CNNs, beginning with DeepPose to Adversarial PoseNet, models are building benchmark
accuracies concerning robustness [111]. An extension of this concept further expands the area of
applications toward behavior recognition, motion capture, human-computer interaction, and
augmented reality [112]. Head pose estimation, as a sub-category of pose estimation, has grasped

the limelight owing to its applications to facial analysis and emotion recognition tasks, [113].
2.5.1 OpenPose

OpenPose has emerged as a reliable tool for research and clinical applications, providing
outstanding performance in multi-person pose estimation with anatomically accurate keypoints,
and robust performance under a wide range of environmental settings. Clinical applications
involving OpenPose have outperformed models such as HyperPose and BlazePose in ensuring

high-quality pose inferences [114].

OpenPose is relatively slow as compared to the newer models, which include MoveNet, PoseNet,

MoveNet Lightning, and Thunder [115]. However, despite all those disadvantages, its uniqueness
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in multi-subject pose estimation within one frame is unparalleled. Furthermore, OpenPose had the
lowest absolute error at 3.7+ 1.3 (mean + standard deviation), outperforming MoveNet Thunder
(4.6 £1.8), MoveNet Lightning (5.9 +3.6), and DeepLabCut (6.8 +1.6) [116]. These absolute
errors were computed by taking the difference between the pose estimation outputs and ground
truth measurements obtained via marker-based motion capture systems. Hence, OpenPose is a

good choice when high accuracy and multi-person tracking are required [117], [36], [118].

2.6 Automated Gait Analysis

Different approaches have been developed regarding the analysis and understanding of human
gait patterns in automatic gait analysis. An automatic gait analysis method was developed
using Rancho Observational Gait Analysis as the base for identifying movement deviations,
but this system required a 3D motion analysis lab to provide gait data and lacked automatic
reporting of EVGS results [119], which would limit access to the automated EVGS system to

people who can attend a gait lab session.

Viswakumar et al. [120] proposed a markerless low-cost, easy-to-use approach using a mobile
phone camera on a tripod and OpenPose to detect joint keypoints, but only calculated knee
flexion/extension angles in their paper. For EVGS automation, more data is needed to calculate all

17 EVGS parameters.

The EVGS can be performed reliably with the aid of smartphone slow-motion video technology
combined with a motion analysis application (Hudl), which enhances clinical usability by allowing
the person to freeze a frame, draw lines, and measure angles [22]. While this could improve EVGS

scoring, this approach does not provide automated scoring.

Ramesh et al. [23] proposed an automation method for performing EVGS using handheld
smartphone video in combination with the OpenPose BODY25 body pose estimation model. The
2D joint keypoints were smoothed using a two-pass Butterworth filtering and linear interpolation
to fill in missing values. The algorithm then determined the view (sagittal or coronal) and direction
of motion (e.g., left-to-right, anterior-to-posterior) based on trunk length variation and nose
keypoint trajectories. Gait events (foot strike, toe off, mid-midstance, mid-midswing) were
detected using kinematic features derived from OpenPose keypoints. Foot strike was when the heel

was maximally forward relative to the pelvis. Since OpenPose does not provide a sacrum keypoint,
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the midhip keypoint was used as a proxy. Similarly, toe off was when the toe was furthest behind
the midhip. Relative horizontal distances of heels and toes to midhip were used to make these
detections. To detect mid-midstance and mid-midswing, Euclidean distance in frame space from
right toe keypoints to left toe keypoints were calculated. Mid-midstance was indicated by minimal
separation of toes in the frame, with maximal separation indicating mid-midswing. These events

were used to define specific gait phases that were used to calculate EVGS parameters.

To calculate EVGS parameters, the algorithm derived joint angles and limb orientations based on
geometric relationships between relevant body keypoints. For example, hip angle was the angle
between a line perpendicular to the trunk axis (defined by midshoulder and midhip keypoints) and
the thigh segment (hip to knee). Similarly, knee angles were the angle between the thigh and shank
axes (hip-to-knee and knee-to-ankle lines). Ankle dorsiflexion/plantarflexion was the angle
between the shank and foot axes (ankle-to-heel and heel-to-toe lines). Furthermore, other
parameters, such as foot position at initial contact, trunk tilt, pelvic rotation, foot clearance, and
lateral trunk shift were based on angular orientation and spatial relationships between body
segments, using frames identified during gait events. For coronal plane parameters, such as pelvic
obliquity and hindfoot valgus or varus, the algorithm inspected tilt and angular deviation of the

pelvis and heel segments with respect to the image coordinate system.

The system was tested with able-bodied participants who were asked to reproduce different gait
conditions for all EVGS parameters. The system had high Pearson correlations in 14 out of 17
parameters, where eight parameters had correlations greater than 0.8. Gait event detection accuracy

ranged from two to five frames, while view detection accuracy exceeded 90%.

Despite promising results, the Ramesh study [23] had limitations since it was performed on a
purpose-built dataset of able-bodied people who performed all EVGS parameter movements,
which may not capture the full variability and complexity of pathological gait. The algorithm needs

to be validated on a clinical dataset.
2.7 Conclusion

Many VGA tools have been developed to quantify and characterize abnormal gait, and several have

become very useful in clinical settings, particularly for cerebral palsy assessments. Such
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development represents an increasing demand for appropriate, reliable, and valid instruments that
could easily be applied in a wide range of clinical situations. The Edinburgh Visual Gait Score
provides reliability and validity, even for less experienced raters, thus enabling the examination of
gait disturbances over a wide age range and spectrum of disorders. EVGS also correlates well with

both IGA and functional scales, thus serving as an invaluable clinical tool.

Markerless pose estimation has opened new possibilities and opportunities for gait analysis.
Advanced technologies such as convolutional neural networks and multi-view video processing
have enabled human pose estimation from a single image, video frames, or depth data. Of these,
OpenPose is the most reliable tool in research and clinical applications. OpenPose performance for
multi-person pose estimation with anatomically correct keypoints predestines it for gait analysis in

real-world conditions.

Recent advances have also seen these cutting-edge pose estimation techniques applied in
conjunction with traditional gait indices, such as the EVGS. Automated versions of the EVGS,
using OpenPose and smartphone video, have good agreement with human reviewers on most
parameters. Technology integrated into a clinical assessment tool may make gait analysis more

available and cheaper, with a possible expansion to use in even more varied clinical applications.

The study by Ramesh et al. [23] is currently the only published research that included a complete
workflow for automatically calculating EVGS scores. However, this workflow needs to be

evaluated with real-world clinical video before this approach can be confidently applied in practice.
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3  Comparative Analysis of Gait Direction Detection Methods in Automated

EVGS Implementation

EVGS automation requires accurate and reliable detection of walking planes and direction of gait.
Ramesh et al.'s [23] previous study established initial methodologies for EVGS automation, where
algorithms were tested on controlled datasets of able-bodied individuals who simulated gait for
each EVGS score, with recordings made in controlled environments with stationary handheld
smartphone cameras, good lighting, and stable frame rates. While working well for the able-bodied
video dataset, Ramesh's method had poor performance when implemented on clinical videos of
patients with pathological gait where the camera was moved to follow the person, camera zoomed
as the person moved, or part of the person may move outside the video capture frame. These cases
resulted in no EVGS score being provided or large errors in the provided EVGS parameter scores.
This thesis was built on the original code from Ramesh and improved these methods to provide

better function and robustness in a clinical dataset.
3.1 Plane Detection

In Ramesh et al.'s study [23], coronal or sagittal plane determination was based on the change in
trunk length between the first and last frames of a video. A threshold value of 99 was used (i.e., if
the difference in trunk length exceeded 99, the video was classified as coronal plane; otherwise,
classification was sagittal). In the clinical recordings, camera zooming, patients moving toward or
away from the camera, or unsteady video recording led to variations in trunk length. As such,
relying on a single measurement between the initial and final frames leads to incorrect plane

assignment.

This thesis provided a more resilient plane detection approach based on torso ratios generated from
body keypoints. Unlike relative trunk lengths, which are affected by camera zoom and frame
selection, torso ratios are computed on a per-frame level, thus making the system robust to changes
in zoom level, as well as camera panning. This ensures that the algorithm classifies the correct
plane, regardless of the level of proximity between the camera and the person or difference in the
number of frames between videos. This shift toward a frame-wise calculation offers a more

adaptable solution suitable for clinical video datasets.
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3.2 Movement Direction Detection — Coronal

In the original methodology by Ramesh et al. [23], movement direction within the coronal plane
was estimated using the difference in trunk length between the first and second last frames of a
video. The assumption was that a person’s trunk length would increase as they walk toward the
camera and; conversely, trunk length would decrease as they walked away. In this manner, a
negative trunk length difference indicated movement towards the camera and a positive value
meant movement away from the camera. While this method worked well in static-camera setups,
limitations have been found in clinical video scenarios with camera zoom, variable video
conditions, and erratic camera movement. Zooming alters the trunk length, regardless of the
direction of movement. In addition, since this approach compared only two frames from the entire

video, if there is no patient in the first or second last frames, the approach will become invalid.

In this thesis, an enhanced frame-by-frame approach was developed to determine movement
direction based on lateral (x-axis) joint coordinates. Specifically, the right hip, right knee, and right
ankle average x-coordinates are compared with the average coordinates on the left side. If the
average x-coordinate of the right leg is greater than the left leg, the person is walking away from

the camera and, if less, the person is walking towards the camera.

The direction detection algorithm is applied to every frame in the video. The most frequent
classification (mode) of the direction classifications for all frames is used to select the walking
direction in the video. This approach allows the resulting movement direction classification to
accurately reflect the most common movement direction, making it robust against outliers or

zooming that might be present in real-world environments.
3.3 Movement Direction Detection — Sagittal

To determine movement direction in the sagittal plane, Ramesh et al. [23] calculated the difference
between the nose x-coordinate in the first and the 75th frames of each video. If the difference was
less than zero, the person was classified as moving from left to right and if greater than zero, the
direction was classified as right to left. Even though this approach is computationally
straightforward and successful for a fixed-camera setup, performance in real-world healthcare

applications was greatly reduced.
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Clinical walking videos often follow the patient through the walkway, especially in cases involving
lengthy walkways. In such cases, the nose keypoint remains in the center of the frame, thus not
providing a constant progression across the video field. Second, this approach assumed at least 75
frames in each video; however, if the video has a higher frame rate (60fps or more), and if the
patient starts to walk after few seconds in the video, then at 0" and 75™ frame, the patient might be
standing at the same position making this algorithm detection invalid. Hence, exclusive use of two
frames while ignoring the rest of the sequence drastically raises chances of incorrect labeling in

real-world applications.

In this thesis a new method was developed based on lower body joint angles. To avoid issues for
consistently detecting nose keypoints, the new approach uses the knee angle which is between
knee-ankle and knee-hip for each frame. If the average knee angle over the entire video is greater
than 180°, the person is walking left to right. If the average knee angle is less than or equal to 180°,

the person is walking from right to left.

This approach has various benefits. It is independent of camera position and movement, not limited
by fixed frame numbers (i.e., frames 0 and 75), and leverages all frames in the video to determine
movement direction. It is, in turn, an improved technique for identifying sagittal plane direction in

patient gait video.
3.4 Error Handling for Incomplete or Missing Foot Strike Data

Ramesh et. al.'s [23] algorithm detected gait events such as foot strikes, foot offs, and strides. Based
on this foundation, new code in this thesis includes error-handling logic to improve algorithm
robustness, since the original algorithm produced errors when analyzing videos from the clinical
dataset. Specifically, the new code begins its process by checking if at least two complete strides
were identified. If less than two strides were detected, the code checks for any foot strikes. If no
foot strikes were detected, an error message is displayed, and further processing is terminated. If
foot strikes were detected, the code checks for mismatches in left and right foot strikes. If no foot
strikes were detected either on one side (i.e., either left foot strikes or right foot strikes) the code
produces an error message about the absence of foot strikes for the specified side and processing

1s terminated.

Automated Implementation and Validation of Edinburgh Visual Gait Score (EVGS) 27



3.5 Handling Poor Keypoints for Reliable EVGS Scoring

For Ramesh et. al. [23], low-confidence keypoints with a confidence score less than 0.5 were
detected and removed. Subsequently, missing keypoints were interpolated to provide keypoints for
each frame; however, if data gaps were abnormally extended then interpolation became impossible,

leaving frames with missing keypoints.

Since EVGS parameters are calculated from specific sections of the video, such as at heel strike or
midstance, updated code was implemented before calculating EVGS parameters to verify that all
keypoints necessary for parameter calculations are available. If the essential keypoints for a
parameter calculation are incomplete, the code exits and does not move forward with EVGS
scoring. This step avoids inappropriately discarding videos with missing keypoints in areas where

they do not affect parameter calculations.
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4 Development and Validation of the Automated EVGS: Algorithm
Development, Methodology and Evaluation Methods

4.1 Overview

This chapter presents the development of an algorithm for calculating EVGS and tests the algorithm
on subset of videos from a clinical dataset. This chapter also presents the video processing steps
and methodology adopted to automate the system. This chapter addresses Objective 1 of this
research. The contents of this chapter will be submitted for publication. As first author,
contributions include designing and implementing the automated EVGS calculation on CP

participant videos, data processing, data analysis, and co-writing the manuscript.

4.2 Abstract

The Edinburgh Visual Gait Score (EVGS) is a commonly used clinical scale for assessing gait
abnormalities, providing insight into diagnosis and treatment planning. However, its manual
implementation is resource-intensive, requires time, expertise, and a controlled environment for
video recording and analysis. To address these issues, an automated approach for scoring the EVGS
was developed. Unlike past methods dependent on controlled environments or simulated videos,
the proposed approach integrates pose estimation with new algorithms to handle operational
challenges: camera movement, variable zoom, and partial visibility of the patient. The system uses
OpenPose for pose estimation and new algorithms for automatic gait event detection, stride
segmentation, and computation of the 17 EVGS parameters across the sagittal and coronal planes.
Evaluation with gait videos of cerebral palsy patients showed high accuracy for parameters such
as hip and knee flexion but indicated a need for improvement in pelvic rotation and hindfoot
alignment scoring. This automated EVGS approach can minimize workload for clinicians through
the introduction of immediate gait analysis and enable mobile-based applications for clinical

decision-making.
4.3 Introduction

Gait analysis is an essential tool for understanding human locomotion and diagnosing movement
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pathologies. In particular, gait analysis is a pillar in the orthopedic management and treatment of
ambulatory children with cerebral palsy (CP) [121]. Recent developments have highlighted the

utility of clinical gait evaluation with visual assessment [122].

Visual Gait Analysis (VGA) is effective for assessing gait in children with CP, providing
information on functional mobility when other advanced tools are not available [54]. The
Edinburgh Visual Gait Score (EVGS) is a valid, objective, gait assessment tool, specifically for
people with CP [8]. EVGS has modest correlations with functional mobility tests, including the
Timed Up and Go Test and Gross Motor Function Classification System [123]. Furthermore,
EVGS links impaired selective voluntary motor control in CP children to key gait parameters,
including foot clearance and maximum ankle dorsiflexion during the swing phase [124]. Moderate
correlations between EVGS and trunk motions highlight the utility of EVGS to capture functional
features of gait modulations [124]. EVGS can increase the usability and affordability of gait
analysis, such that analyses can be practically implemented in a variety of clinical environments
[125]. Robinson et al. [82] determined the minimal clinically important difference (MCID) of
EVGS to be 2.4, which corresponds with assessment tools based on functional observation (e.g.,
Gross Motor Function Classification System). These results confirm the utility of VGA, and

particularly EVGS, for the diagnosis and quantification of gait irregularities in CP patients.

EVGS use can be resource-intensive since time and expertise are required for implementation.
Furthermore, a controlled environment is required for video recording and analysis. However,
research using digital tools to calculate EVGS is paving the way for accessible and efficient gait
analysis in clinical practice. Aroojis et al. [22] showed the viability of applying smartphone slow-
motion video and motion analysis software (Hudl app) to effectively implement the EVGS. The
joint angles were calculated from the software and EVGS was scored manually. The average time
to calculate the EVGS was 24.7 min (16-55 min). Ramesh et al. [23] utilized OpenPose-based
algorithms for EVGS score extraction from smartphone videos and demonstrated good
correspondence with human reviewers for the majority of parameters. However, Ramesh’s
approach was not validated with patient videos, where video acquisition may occur under less
controlled conditions. Nevertheless, these advances demonstrate the promise of automated EVGS
systems for standardized gait assessment, enhanced efficiency, and expanded use of gait

assessment with cerebral palsy patients in everyday clinical practice.
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This study presents and evaluates an efficient system for automatic event detection, stride
segmentation, and EVGS scoring from 2D videos of patient gait. These real-world videos present
technical issues that are analogous to the problems that clinicians must address when managing
patient video data in practice. An efficient and accurate system could alleviate the clinician
workload by reducing or eliminating the need for manual intervention when scoring EVGS trials.
Such an automated approach would also enhance patient accessibility to gait analysis since video

could be captured at the point of patient contact.
4.4 Algorithm Development

To achieve automated EVGS analysis, the proposed system must identify the appropriate video
frames for analysis and then apply a series of rules to generate scores for each parameter. Specific
gait events in walking videos must be detected, and an algorithm capable of scoring EVGS
parameters must be implemented. The proposed approach involves a sequential pipeline that
includes pose estimation, plane detection, movement direction determination, gait event

identification, stride segmentation, and the algorithmic computation of EVGS scores.

(a) (b)
Figure 4.1 Sample videos in (a) coronal and (b) sagittal planes

A video dataset of patient gait from Sanatorio del Norte medical center in Tucuman, Argentina
was used for EVGS algorithm development and evaluation. The set provided sagittal and coronal
view gait videos for 230 people with walking disorders. Videos were recorded at 60 Hz and were

captured in a closed environment with good lighting (Figure 4.1). Markers were located on joints
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to assist the manual evaluators with EVGS scoring. Our research group’s previous experience with
OpenPose showed no effect of markers on the person for keypoint identification. This private

dataset is not publicly available.
4.4.1 Qualitative Video Assessment

To work with appropriate videos for algorithm development, the Sanatorio del Norte’s patient sets
were qualitatively assessed to select videos that were suitable for automated EVGS development,
including sagittal and coronal views. Videos were screened based on absence of multiple
individuals within the frames, lack of an overhead camera operator in the frame (i.e., overhead
camera operator was occasionally in the field of view), clear coronal or sagittal view, minimal
zooming during recording, and full body visibility. When possible, videos were cropped or trimmed
to isolate the patient in the video (i.e. remove sections where people were helping the patient or an
overhead cameraman was visible in the frame). A total of 50 patient sets met the inclusion criteria.
Of these, the first 20 sets were used exclusively for developing the algorithm and were not included

in testing, while the remaining 30 sets were used to validate the algorithm.
4.4.2  Video Processing

Figure 4.2 shows the general methodology for the automated algorithm. The process begins with a
qualitative assessment of the patient sets, using the criteria in section 4.4.1. Patient sets that do not
meet these standards were further reviewed to determine if they could be adjusted for usability.
Patient sets that could not be adequately cropped or trimmed were rejected from further analysis.
The next step involves pose estimation using OpenPose, a well-established pose estimation model
[17], [126], [127]. The OpenPose BODY25 model detects 2D body keypoints on the head, trunk,

and limbs (Figure 4.3). Python was used to perform the computations.

Once pose estimation is completed, the system performs direction detection to determine if the
person is walking left-to-right or right-to-left in sagittal plane or moving towards or away from the
camera in the coronal plane. Subsequently, the algorithm identifies whether the video is recorded
from a sagittal (side) or coronal (front/back) perspective. Following direction and perspective
identification, the system detects gait events, such as heel strikes and toe-offs, using the method

reported by Ramesh et. al. [23]. Stride detection builds on gait event detection by identifying
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complete strides, from one heel strike to the next heel strike on the same foot. All subsequent
processing is performed on each stride. Following stride detection, EVGS scores for each stride
are calculated for 17 parameters (12 sagittal and 5 coronal). Then, the EVGS algorithm is applied

to the pose estimation and gait event data to generate scores for each video.

Qualitative
Analysis

Start >

No
Good Videos
No Yes .
Crop »  Pose Estimation
\ 4
Direction [¢ Sagittal/Coronal
. Algorithmi
. - . gorithmic
Gait Event > Stride EVGS
v
v Results & _ EVGS
Cannot be Analysis Scores
processed
\ 4
End

Figure 4.2 Flowchart of the overall algorithm

Keypoint Processing

Since the raw keypoint coordinate trajectories often contain noise and sometimes outliers, keypoint
time series were filtered using a zero-phase, dual-pass, second-order Butterworth filter with a 12 Hz
cut-off frequency. 2D keypoint processing was adapted from a previously established markerless
Artificial Intelligence (AI) motion analysis methodology for hallways [128]. Keypoints with
confidence scores below a 10% threshold were excluded, and any resulting gaps up to five frames
(0.083 seconds) were interpolated using cubic spline interpolation [129]. Any frames that still had
poor keypoint accuracy were not processed.
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Keypoints Body parts
KPo Nose
KP1 Mid shoulder
KP2 Right shoulder
KP3 Right elbow
KP4 Right hand
KP5 Left shoulder
KP6 Left elbow
KP7 Left hand
KP8 Mid hip
KP9 Right hip
KP10 Right knee
KP11 Right ankle
KP12 Left hip
KP13 Left knee

1 KP14 Left ankle
KP15 Right eye
KP16 Left eye
KP17 Right ear
KP18 Left ear
KP19 Left big toe
KP20 Left small toe
KP21 Left heel
KP22 Right big toe
KP23 Right small toe
KP24 Right heel

Figure 4.3 OpenPose human pose estimation using BODY25 model
Coronal/Sagittal Plane Detection
As shown in Figure 4.4, torso ratios are used to distinguish the sagittal view from the coronal view

videos. These ratios are based on the spatial ratios between the shoulders and hips, since variations

in these ratios can provide information about the body’s orientation with respect to the camera.

For each frame, R; is the ratio of the distance between the left shoulder and left hip to the distance

between the right and left shoulders (Eq 4.1).

2 2 4.1)
(Xleft_shoulder - Xleft_hip) + (YIeft_shoulder - Yleft_hip)

R1:

2 2
\/(Xright_shoulder - Xleft_shoulder) + (Yright_shoulder - YIeft_shoulder)

For each frame, R; is the ratio of the distance between the right and left shoulders to the distance
between the right shoulder and right hip, assessing the upper body width relative to the vertical

length of the right side (Eq 4.2).
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2 2 (4.2)
(Xright_shoulder - Xleft_shoulder) + (Yright_shoulder - YIeft_shoulder)

R2:

2 2
\[(Xright_shoulder - Xright_hip) + (Yright_shoulder - Yright_hip)

Finally, R3 is calculated as the ratio of the previous two ratios

Ry (4.3)

R, =

The (per video) mean of the (per-frame) R3 values is calculated and used for the “coronal or

sagittal” decision.

Start

v

ratio R; R, and R;

\ 4

ratio R3 pean 18
average of R across
all frames

No Yes
\ 2 L 4
Set the plane as Set the plane as
Sagittal Coronal
1 |
L 2
End

Figure 4.4 Flowchart depicting the detection of sagittal/coronal plane view

The average R3 value for a video (R3 mean) Was calculated by averaging the R3 values from all
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frames in the video. A decision rule is used for coronal/sagittal plane classification, such that if R3
Mean 18 greater than 0.3 the view is classified as sagittal. If R3 mean 1s less than or equal to 0.3, the
view is coronal. This threshold was determined based on analysis of 20 videos used during
algorithm development, where the threshold was iteratively adjusted to maximize classification

accuracy across a range of body types and video angles.
Movement Direction

In the sagittal plane, the process for detecting movement direction (Figure 4.5) starts by calculating
the knee angle for each video frame, using the hip, knee, and ankle joint coordinates (Eq 4.4). The
numpy arctan2(y, x) function computes the angle between the positive x-axis and a vector from the
origin to the point (x,y) in two-dimensional Cartesian space. Unlike the standard arctangent
function arctan(y/x), arctan2 considers the signs of both (x) and (y) to determine the correct
quadrant of the angle, making it more robust for applications involving directional calculations. In
(Eq 3.4), the first arctan2 term calculates the angle of the line segment between the knee and the
ankle, while the second arctan? term calculates the angle of the line segment between the knee

and the hip. Subtracting these angles gives the relative joint angle at the knee.

Let Am «and A 1« represent the vectors between the hip, knee, and ankle. The directional angle

0; for each frame i is calculated as

Qi = arctan2 (yankle — Ykneer Xankle — xknee) — arctan2 (yhip — Ykneer Xnip — xknee) (44)

Knee angles are calculated for the right leg, and the average angle for the right leg is calculated for

the entire video.

A decision rule based on threshold values is used to classify the movement direction. A threshold
of 180° was selected from empirical observation of the development video set. [f Mean Knee Angle
> 180°, then the direction of movement is right to left. If the Mean Knee Angle < 180°, the motion

is classified as left to right.
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Figure 4.5 Flowchart to identify direction of movement in the sagittal plane

The coronal detection process is shown in Figure 4.6. For each frame in the video, x-coordinates
of hip, knee, and ankle are extracted for both legs. Right leg average is the average x-coordinate
for the 3 right joints. Left leg average is the average x-coordinate for the 3 left joints. If the right
leg average is greater than the left leg average, the person is walking away from the camera. If the
right leg average is less than the left leg average, the person is walking towards the camera. After
calculating the direction for each frame, the most frequent classification (mode) of the direction

classifications for all frames is used to select the walking direction in the coronal plane
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Figure 4.6 Flowchart to identify direction of movement in the coronal plane

4.4.3 EVGS Parameters

The Edinburgh Visual Gait Score has 17 parameters for each of the two lower extremities, totaling
34 parameters. Commonly, sagittal and coronal views of a patient are recorded with a handheld
camera, or one attached to a tripod. These videos are then manually scored by clinicians in
accordance with the EVGS guidelines. During scoring, video editing software is often used to pause
the video at relevant gait events for detailed analysis. Software tools can also be used to calculate
joint angles and other parameters relevant to EVGS. Each EVGS parameter is scored on a 3-point
ordinal scale: 0 indicates normal gait (within 1.5 standard deviations of the mean); 1, moderate
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deviations (1.5 to 4.5 standard deviations from the mean), and 2, significant or severe deviations
(more than 4.5 standard deviations from the mean) [50]. A low total score reflects fewer gait
deviations. To facilitate a clear understanding and to ensure consistency in scoring, the 17 EVGS

parameters were grouped according to foot events and gait cycle phases (Table 4.1).

Table 4.1 EVGS parameters [23]

Foot events and gait phases EVGS parameters

Sagittal Initial contact/Terminal swing Peak hip flexion in swing

Knee extension in terminal swing

Initial contact

Midstance Peak sagittal trunk position
Pelvic rotation in midstance
Heel lift

Terminal stance Peak hip extension in stance

Peak knee extension in stance

Max ankle dorsiflexion in stance

Midswing Peak knee flexion in swing

Maximum ankle dorsiflexion in swing

Foot clearance in swing

Coronal Midstance Maximum lateral shift of trunk

Maximum pelvic obliquity in stance

Knee progression angle

Foot rotation

Hindfoot valgus/varus

Most EVGS parameters require joint angles. The ankle, knee, hip angles were calculated using the

method reported by Ramesh et al.[23].
4.5 Evaluation
4.5.1 Methods
30 patient sets from the algorithm development dataset were reserved for algorithm evaluation.

Algorithm performance for sagittal and coronal planes were assessed by comparing the algorithm
results with manual classification of movement plane and movement direction. Accuracy,

sensitivity, specificity, precision and F1 score were calculated to validate the algorithm’s
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effectiveness for plane and movement direction detection. One examiner reviewed all videos to

extract the ground truth planes and directions.

EVGS scoring was evaluated by comparing algorithm outcomes to manual EVGS scores that
accompanied videos in the Sanatorio del Norte dataset (i.e., experts at Sanatorio del Norte hospital
used sagittal, coronal, and overhead views to score EVGS for each video). Accuracy was calculated

for each of the 17 EVGS movements using (Eq 4.5)

Number of patients correctly classified 4.5)

Accuracy = -
y Total number of patients

A correct classification occurred when the EVGS algorithm score matched the ground truth score.
Accuracy was calculated for right and left legs separately and then the accuracies were averaged
between legs for each of the 17 parameters. Accuracy was the metric used to compare EVGS
scores. For this study, high accuracy was 85%-100%, moderate accuracy was 70%-85%, and less

than 70% was considered low accuracy.
4.6 Results
4.6.1 Coronal/Sagittal View Detection

Coronal and sagittal detections were correct for all patient sets (100% accuracy, 100% sensitivity,

100% specificity, 100% precision, F1-score of 1).
4.6.2 Direction of Motion Detection

Direction of motion detection in the sagittal plane was correct for all right-to-left movements and
28 of 30 left-to-right movements (96.67% accuracy, 100% sensitivity, 93.75% specificity, 93.33%
precision, and Fl-score of 0.96). The 2 misclassifications were because of multiple candidates in

the video or excessive zooming.

Direction of motion detection in the coronal plane was correct for all videos (100% accuracy, 100%

sensitivity, 100% specificity, 100% precision, and F1-score of 1).
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4.6.3 EVGS Scoring

Figure 4.7 (sagittal) and Figure 4.8 (coronal) show EVGS outcomes for accuracies averaged
between right and left legs. Peak hip flexion in swing, peak knee flexion in swing, maximum ankle
dorsiflexion in swing, and maximum pelvic obliquity in stance had the best accuracies (90-97%).
Initial contact, maximum ankle dorsiflexion in stance, peak sagittal trunk position, knee

progression angle, and foot rotation also had high accuracies (82-89%).

Moderate accuracy (71-75%) was seen for knee extension in terminal swing, heel lift, peak knee
extension in stance, peak hip extension in stance, foot clearance in swing, and maximum lateral
shift of the trunk. Pelvic rotation in midstance and hindfoot valgus/varus had the lowest accuracy

(52-53%).
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Figure 4.7 Accuracy between algorithm and ground truth for sagittal view parameters
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Figure 4.8 Accuracy between algorithm and ground truth for coronal view parameters

4.7 Discussion

A viable algorithm was produced that automatically calculated the EVGS score from sagittal and
coronal videos of people with gait disorders. High accuracy was achieved for most EVGS

parameters, but further development could improve results for out-of-plane movements.
4.7.1  Sagittal Plane Parameters

The majority of EVGS parameters had high accuracy and therefore were equivalent to manual
EVGS scoring. Heel lift and foot clearance had moderate accuracy. Events like foot strike and foot-
off are necessary to determine the heel lift score. Hence, this score is sensitive to small changes in
these gait events. Ramesh et al. [23] reported that changes of only one frame could result in the
score changing from a 0 to 1. In future research, another method of scoring heel lift could be
considered, where the score is less dependent on stride events and more related to inter-limb

kinematics.

The foot clearance parameter had moderate accuracy. Human reviewers usually determine the foot
clearance score by finding the video frame where the foot looks to be closest to the ground, and
then determining the score [81]. The algorithm is slightly different, since the method does not try
to calculate a ground plane, which would be used to determine the distance from the foot markers

to the ground. For the algorithm, full clearance is defined as when the big toe and heel of the swing
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leg crosses the big toe and heel of the contralateral stance leg (e.g., when walking left to right, the
x-coordinates for both the left heel and big-toe are greater than the x-coordinates of both the right
heel and big-toe) [23]. This ensures that any video (e.g., hand-held, etc.) can be processed by the
automated system. These differences in approach may result in some discrepancies for cases with

small foot clearances.

Knee extension in terminal swing and peak knee flexion in stance had moderate accuracy. Out of
the 30 patients, 10 had high accuracy, 10 had low accuracy, and 10 had medium accuracy. Since
clinicians can find it difficult to detect small angular differences, such as between 14° and 17° (e.g.,
knee extension in swing angle of 5° to 15° corresponds to a score of one; angles between 16° and
30° score as two), inter-rater differences for parameters that are close to the transition between
scores can occur. Since the algorithm calculates quantitative joint angles, the algorithmic approach
may provide more consistent results for these cases. Further research with a larger dataset will help

to confirm algorithmic scoring consistency.

Pelvic rotation in midstance and peak hip extension in stance had the lowest accuracies. OpenPose
provides hip keypoints; however, it does not provide sufficient landmarks to determine pelvic
segment orientation. Instead, the angle of pelvic rotation was calculated with a line joining the right
and left hip joints relative to the y-axis (vertical) of the sagittal plane from the image coordinate
system [23]. Other surrogate measures could be investigated, such as inter-hip distance changes in
the coronal plane. As well, new pose detection methods that estimate depth axis could be

investigated to improve automated EVGS scoring for these transverse plane movements.

Similarly, for peak hip extension, the hip angle is defined as the angle between the trunk axis and
the thigh axis, since OpenPose does not provide keypoints to define a pelvis segment. The trunk
axis is a line connecting the neck and mid-hip keypoints, while the thigh axis uses the hip and knee
keypoints. Human scorers interpret hip extension as the thigh angle relative to the pelvis. Trunk
angle can differ from pelvis angle during gait, especially for pathological gait where the trunk can
be bent over and have a much greater range of motion. Therefore, clinician assessment can differ

from the algorithm scoring.
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4.7.2 Coronal Plane Parameters

Coronal view parameters had generally good accuracy of all five parameters. Maximum pelvic

obliquity in stance and knee progression angle had high accuracy.

Foot rotation and lateral trunk shift had moderate agreement between algorithm and ground truth.
Studies have consistently shown that EVGS reliability is higher for distal segments (foot, ankle,
knee) compared to proximal segments (trunk, pelvis, hip) when assessing gait abnormalities in
children with cerebral palsy [22], [83], [84]. Therefore, some of the differences for trunk shift could

be attributed to manual scoring.

Hindfoot valgus/varus had low accuracy due to challenges in keypoint detection. In the coronal
view, heel and toe keypoints tend to cluster or overlap or are occluded by the big toe keypoint
(Figure 4.9). Ankle and heel keypoints are close to each other, and the inter-keypoint distance
becomes smaller as the person walks away from the camera. Hence, these keypoints are more likely
to be occluded during gait, which will result in scoring discrepancies. It is worth noting this is not
a problem with the algorithm alone since humans also find it challenging to estimate foot keypoints

under such conditions [23]. These factors can also affect foot rotation scoring.

(a) (b)

Figure 4.9 Overlapping of foot keypoints (a) walking towards the camera and (b) walking away
from the camera

The study has several limitations that should be acknowledged. First, participants were between 6

to 40 years of age. Encompassing both pediatric and adult populations introduces diversity that,
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while valuable for broader evaluation, may have affected the algorithm’s consistency. Although
the EVGS was developed for children with CP, tuning the algorithm specifically for pediatric or
adult participants could produce better results. Physical differences between children and adults,
such as variations in body size, proportions, and movement dynamics, may not fully fit the ranges
set by the EVGS for a given pediatric population. This can reduce the algorithm accuracy and its
generalizability across different age groups. In future work, adapting algorithmic approaches for
pediatric or adult populations will require larger datasets. Moreover, the algorithm was not tested
against diverse patient ethnicities or scenarios involving multiple participants, which could result
in errors in identifying the primary subject or tracking their movements. The algorithm was not
tested against various backgrounds or the presence of more than one person in the video, either of

which could result in errors in identifying the primary person or tracking their movements.
4.8 Conclusion

This chapter presents an automated methodology for applying EVGS to patient data, testing the
effectiveness of the EVGS scoring algorithm compared to expert scoring. Automatic stride
detection and movement direction detection performed well in both the sagittal and coronal videos,
while EVGS performance varied between parameters. Of the 17 EVGS parameters, high accuracy
was calculated for nine, moderate for six, and low for two parameters. Refinements are still
required for accurate classification of pelvic rotation at midstance and hindfoot valgus/varus. This
automated approach is suitable to process the patient video data, and thus is promising for
automating clinical gait analysis, thereby increasing the availability of gait evaluation and enabling

patient monitoring outside clinical environments.
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S  Automated EVGS Testing

5.1 Overview

This chapter reports on algorithm testing with a larger unseen CP patient clinical dataset (i.e.,
different people than the development dataset) and demonstrates the algorithm’s potential to
provide accurate EVGS results for clinical decision-making. This includes accuracy between
algorithm and ground truth outcomes and the effect of being the same or being within one
score of ground truth. This chapter addresses Objective 2 of this research. The content of this
chapter will be submitted for publication. As the first author, contributions include testing the

automated scoring system, performing analysis, and co-authoring the manuscript.
5.2 Abstract

The Edinburgh Visual Gait Score (EVGS) is a validated clinical tool for assessing gait
abnormalities, particularly for people with cerebral palsy (CP). However, manual scoring is time-
intensive and subjective, necessitating automated solutions. This study validated an automated
EVGS scoring system with patient videos acquired in a CP clinic. Leveraging pose estimation, gait
event detection, and stride analysis, the system processes coronal and sagittal plane videos to
compute EVGS parameters. Tested on 89 clinical video sets of patients with cerebral palsy, the
algorithm demonstrated high accuracy in stride detection, movement direction classification, and
EVGS scoring. Use of clinical videos introduced challenges to automated scoring. Eleven of the
17 EVGS parameters achieved accuracy rates between 84-94%, while four had moderate accuracy,
and two parameters had low accuracy. EVGS automation reduces the time and effort required for
gait assessment, offering a viable alternative to manual scoring for efficient gait outcome

measurement.
5.3 Introduction

Advancements in automated gait analysis have a high potential for enhancing clinical decision-
making, particularly for cerebral palsy (CP) patients, who present with gait abnormalities. The prior
chapter introduced an algorithm for automating EVGS scoring for gait videos taken in a clinic,
with a view to enhancing the accuracy of EVGS parameters and providing an effective tool for use

in clinical decision-making for CP patients. In this chapter, a large and heterogeneous CP patient
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dataset was utilized to evaluate algorithm performance under real-world clinical conditions.

Implementing an automated system in a clinical setting involves unknowns and challenges. Clinical
settings may introduce variation in terms of video quality, participant compliance, and environment
(i.e., lighting, occlusions that occur in an unpredictable manner, camera factors, etc.). In addition,
heterogeneity in CP gait patterns, including differences in severity, use of walkers, and
compensatory motions, adds complications not encountered with an able-bodied participant
dataset. Perhaps most importantly, the algorithm ideally generalizes to a variety of clinical settings,
with variation in equipment, protocols, and expertise of the examiners that can contribute to

variation in video capture and scoring standards.

This study assessed whether the automated algorithm can effectively work with large and
heterogeneous video datasets (e.g., walkers, different levels of gait abnormalities) representative
of routine clinical settings. The algorithm was also evaluated as a potential clinical decision-making
tool by comparing performance with expert-rated benchmarked scores. Critical information
regarding efficacy, usability, and potential integration into routine clinic workflows was derived

from this study.
5.3.1 Technical Challenges of Using Patient Videos

To test the EVGS scoring algorithm in clinical conditions, a dataset of clinical videos was obtained
from Sanatorio del Norte hospital, Tucumén, Argentina. This dataset provided sagittal, coronal,
and transverse view gait video for 230 people with walking disorders. Only sagittal and coronal
videos were used by the automated EVGS system, to ensure that the system can be used in typical
clinical environments where transverse plane video is not available. Upon reviewing the Sanatorio
del Norte medical center dataset, various challenges for automated analysis were observed, such
as the camera moving with the patient, variable zooms, partial views of the patient (often missing
head and trunk), or the presence of multiple people assisting the patient (Figure 5.1). Each of these
factors presents a unique obstacle in implementing a fully automated EVGS assessment for gait

analysis in clinical practice.
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(b)
Figure 5.1 Challenges in patient data (a) head/trunk missing and (b) multiple people assisting
patient, coronal view (¢) multiple people assisting patient, sagittal view

In clinical settings, videos are usually recorded by a technician or clinician who moves the camera
to keep the patient within the frame. However, this introduces video instability and angle
variability, complicating the task for algorithms that assume a fixed-camera viewpoint.
Consequently, this may affect automatic body keypoint tracking, especially in stride length, foot
placement, and gait parameter calculation. However, algorithmic approaches may consider these

shifts and provide appropriate results, as discussed in section 3.3

Zooming can also be a problem since frequent zoom adjustments make it difficult for algorithms
to track keypoints between frames with high accuracy and consistency. Another common problem
in clinical videos is partial visibility of body segments, such as missing head and/or trunk regions
across various parts of the videos. This problem results from clinicians often framing the camera
to capture only legs and feet. However, for automation, the absence of the head or trunk can
interfere with proper calculation of gait-related parameters that depend on a complete view of the

body, and also adversely affect pose detection model keypoint identification.

Frames with multiple people assisting a patient are common in videos involving patients with
severe mobility limitations, such as cerebral palsy. This may include one or more people in the
frame who are physically supporting or stabilizing the patient, thereby obscuring the patient and
adversely affecting keypoint identification. Processing only the strides that are not influenced by

extraneous figures can improve EVGS computation accuracy.

Each of these technical challenges, although individually complex, are surmountable on their own
with appropriate software. The methods in this research enabled automated EVGS scoring even
with the head missing from the video frame, small zoom changes, and the camera moving with the
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patient.
5.4 Methods

A qualitative review of the video dataset was performed to evaluate and refine the dataset, selecting
only videos that met established quality criteria while excluding any that may otherwise introduce
artifacts into the system (i.e., videos that would be excluded in practice). The videos were screened
for multiple individuals in the frame, camera operator in the frame, and failure to record the full

body (i.e., head to toe).

Videos were trimmed into sagittal (person walks left to right, person walks to right to left) and
coronal (person walks towards the camera, person walks away from the camera) views, where the
trimmed videos did not contain any of the screened artifacts. By following this process, 89 patient
sets (2 sagittal and 2 coronal videos per patient) for a total of 178 sagittal videos and 178 coronal

view videos were found appropriate for further analysis, out of the initial 230 patient sets.

Algorithm performance in the sagittal and coronal planes was assessed by comparing automated
outputs to manual verification of the movement plane, stride detection, and movement direction.

A single examiner reviewed all videos to establish the ground truth for these parameters.

Accuracy was evaluated by comparing the algorithm results to the manual EVGS scores provided
in the Sanatorio del Norte dataset. These EVGS scores were assigned by experts at the Sanatorio
del Norte hospital using sagittal, coronal, and overhead views to evaluate each video. The
algorithm's scores were categorized into three groups: same scores, scores within a one-point
difference, and scores with a difference greater than one. Accuracy for each of the 17 EVGS
movements was calculated. The accuracy for each leg (right and left) was calculated separately,
and the average of these two accuracies was reported for each of the 17 parameters. In this study,
very high accuracy was defined as 90%-100%, high as 80%-90%, moderate as 70%-80%, and low
as below 70%.

5.5 Results

For both sagittal and coronal planes, the algorithm correctly distinguished between sagittal and

coronal views for all videos. Therefore, accuracy, sensitivity, specificity, and precision were 100%,
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culminating in an F1-score of 1.0.

For detecting direction of motion, the sagittal view had 99.08% accuracy, 100% sensitivity, and
98.20% specificity. Precision was 98.17% and the Fl-score was 0.99. In the coronal view,

accuracy, sensitivity, specificity, and precision were 100%, with an F1-score of 1.0.

The algorithm had an overall stride detection rate of 95.4% (all strides detected for 104 of 109
patients sets). Two patient sets did not detect right strides, two other patient sets did not detect right
and left strides, and one set did not detect left strides. The challenges experienced in these cases
were attributed to constant zooming that interfered with stride-to-stride analysis because keypoint
distances relative to the floor changed. These results further indicated that, while the algorithm
performed very well for most cases with very high accuracy and robustness, recording condition-

related factors can affect performance.

Figure 5.2 and Figure 5.3 show algorithm performance of the sagittal plane EVGS parameters,
indicating how well automated scoring agreed with expert assessments. The algorithm had highly
accurate sagittal parameters for peak hip flexion in swing, knee extension in swing, peak sagittal
trunk position, maximum ankle dorsiflexion in stance, and peak knee flexion in swing, with

accuracies between 90% and 94%.

Foot clearance in swing I /6.0
Maximum ankle dorsiflexion in swing T TS 30.8
Peak knee flexion in swing TS 30 4
Max ankle dorsiflexion in stance TN 356
Peak knee extension in stance TN 335
Peak hip extension in stance TN (0.2
Heel lift me—ssssssesssssssssssss—— (7.3
Pelvic rotation in midstance I 57.7
Peak sagittal trunk position I 062
Initial contact I 02 3
Knee extension in terminal swing T T S 0.4
Peak hip flexion in swing T T S 3O 4
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Accuracy (%)

Figure 5.2 EVGS scoring accuracy for sagittal plane parameters (average of left and right

legs), for results equal to ground truth
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Initial contact, peak knee extension in stance, maximum ankle dorsiflexion in swing, and foot
clearance in swing had slightly lower accuracy percentages, between 84% and 88%. Accuracy
ranged between 70% and 76% for heel lift and peak hip extension during the stance. Pelvic rotation
at midstance produced the lowest accuracy at 62%. Parameters with higher accuracy had fewer
one-score deviations, reflecting better algorithm performance. Contrarily, medium and low

accuracy parameters had more one-score changes.

Foot clearance in swing T S O3 3
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Peak knee flexion in swing I — | 086
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Peak knee extension in stance I 072
Peak hip extension in stance TETETETTETETEEEETEEEEEEEEEEEEEEEEEEEEEEE 366
Heel lift s 91.4
Pelvic rotation in midstance I /5.5
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Peak hip flexion in swing I — I 066
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Accuracy (%)

Figure 5.3 EVGS scoring accuracy for sagittal plane parameters (average of left and right

legs), for results within one score from ground truth

Figure 5.4 shows EVGS scoring accuracy for coronal plane parameters, for results that were equal
to ground truth (average of left and right legs). Figure 5.5 shows accuracy for results that were
within 1 score from ground truth. Maximum pelvic obliquity in stance had the highest accuracy
(94%), followed by knee progression angle. Maximum lateral shift of the trunk and foot rotation
had moderate accuracy while hindfoot valgus/varus parameter had the lowest accuracy with 58%.
Some parameters with higher accuracies had fewer one-score deviations, indicating better
algorithm performance. While parameters with medium and low accuracies had more one-score

changes.
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Hindfoot valgus/varus _ 57.7
Foot rotation _ 73.6
Knee progression angle _ 88.9
Maximum pelvic obliquity in stance _ 93.8
Maximum lateral shift of trunk _ 60.6

0.0 20.0 40.0 60.0 80.0 100.0
Accuracy (%)

Figure 5.4 EVGS scoring accuracy for coronal plane parameters (average of left and right legs),
for results equal to ground truth

Hindfoot valgus/varus _ 82.2
Foot rotation _ 87.5
Knee progression angle _ 95.7
Maximum pelvic obliquity in stance _ 95.7
Maximum lateral shift of trunk _ 71.6

0.0 20.0 40.0 60.0 80.0 100.0
Accuracy (%)

Figure 5.5 EVGS scoring accuracy for coronal plane parameters (average of left and right legs),
for results within one score from ground truth
5.6 Discussion
This research demonstrated that an automated algorithm for EVGS scoring can produce appropriate

results for clinical decision-making. The development process helped to define video data
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collection recommendations that should help improve scoring accuracy when using this tool. Even

with high accuracies for most parameters, areas for further improvements were identified.
5.6.1  Sagittal Plane Parameters

Most sagittal plane parameters had good or excellent accuracy, indicating that this is an appropriate
tool for clinical assessment. The best results were observed for peak hip flexion in swing, knee
extension in swing, peak sagittal trunk position, maximum ankle dorsiflexion in stance, and peak
knee flexion in swing, and peak knee extension in stance, maximum ankle dorsiflexion in swing,
and foot clearance in swing also showed high accuracy. These parameters used keypoints and joint

angles that were well defined across video frames, which contributed to the successful results.

Heel lift and peak hip extension in stance had moderate accuracy. The heel lift score
calculation depends on the foot strike and foot-off events, and this score was sensitive to small
shifts of these gait events. Ramesh et al. [23] mentioned that a change of one frame results in
a score change from 0 to 1. Alternative methods of scoring heel lift could be considered for
future studies in which scores would be independent of the stride events and more precisely

reflect the inter-limb kinematics.

For hip extension during stance, moderate results could relate to how the hip angle is defined from
OpenPose keypoints. Since a pelvis segment cannot be defined using OpenPose keypoints, the hip
angle represents the angle between the trunk axis (neck to mid-hip keypoints) and thigh (hip to
knee keypoints). Human scorers perceive hip extension as the thigh angle relative to the pelvis.
The trunk angle may differ from pelvis angle, especially in pathological gait where the trunk can
be bent over and have a greater range of motion. Thus, clinician assessments can differ from the
algorithm. Further advancement in Al-based pose detection models is needed to add more pelvis
keypoints, to enable a separate pelvis segment for biomechanical analysis. Alternatively, if a fixed
image plane can be established, then thigh angle to vertical could be considered as a surrogate

measure to score hip movement parameters.

Pelvic rotation during midstance exhibited the lowest accuracy (58%); however, the inter-observer
reliability for this parameter among experienced human raters was only 60% complete agreement.
This lower accuracy maybe related to the lack of a distinct pelvis segment [83]. For the algorithm,

the pelvic rotation angle was estimated using a line connecting the right and left hip joints in respect
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to the y-axis (vertical) of the sagittal plane in the image coordinate system [23]. Other surrogate
measures could be considered in future research. For example, the change of inter-hip distance in
the coronal plane. Moreover, an investigation into new pose detection methods that estimate the
depth axis might further improve the automated scoring of EVGS during transverse plane
movements. Given the limitations in both manual and automated methods, this lower accuracy may

be acceptable since the algorithm performed at a level similar to human evaluators.
5.6.2  Coronal Plane Parameters

The majority of coronal EVGS parameters had high accuracy. Parameters that were difficult to
estimate in the coronal plane included maximum lateral trunk shift, foot rotation and hindfoot
valgus/varus. Accuracy for maximum lateral trunk shift was relatively low (61%), and the observed
inter-observer reliability among experienced human raters was only 68% complete agreement for
this EVGS parameter [83]. This suggests that even trained professionals exhibit notable variability
when evaluating maximum lateral trunk shift. Research has repeatedly demonstrated that, when
evaluating gait impairments in children with CP, EVGS is more reliable for distal segments (foot,
ankle, knee) than for proximal segments (trunk, pelvis, hip) [22], [83], [84] . This implies that some

of the differences for trunk shift could be attributed to manual scoring.

Despite the relatively low accuracy (~58%) in automated scoring of hindfoot valgus/varus, the
inter-observer reliability for this parameter among experienced human scorers was also modest,
with only 72% complete agreement [83]. In the coronal view, heel and toe keypoints can usually
be clumped, overlapped, or occluded by the big-toe keypoint. Since ankle and heel keypoints are
close to each other in this plane, moving further away from the camera would reduce the distance
in pixels (i.e., since the person is smaller in the camera field of view), keypoints can be easily
occluded during gait and hence would contribute to discrepancies in EVGS scoring. This problem
is not unique to the algorithm, since the human estimators face similar difficulties in estimating

foot keypoints from such images [23]. These factors might also affect foot rotation scoring.

Excessive use of zoom during recording was also a limiting factor for assessing coronal parameters.
High magnification can introduce distortion in spatial relationships, affecting the algorithm’s
ability to accurately evaluate parameters like hindfoot valgus/varus and lateral trunk shift. When

zoom fluctuates (i.e., when the person rapidly zooms in and out), the algorithm struggles to
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maintain a stable frame of reference, which is essential for precise tracking. This inconsistency not
only hinders analysis of subtle lateral and rotational movements but also disrupts the person’s
relative position within the frame. A stable and consistent viewpoint between frames is crucial for
accurately evaluating these coronal parameters since variability in zoom can obscure the subtle
shifts in alignment and movement that are critical for a reliable assessment of hindfoot and trunk

positioning.

5.6.1 Key Insights into Video Recording Parameters and Participant Gait Patterns
for EVGS Analysis

The Sanatorio del Norte video dataset contains sagittal, coronal, and overhead views for the patients
participating in EVGS analysis. Only sagittal and coronal views were used in the algorithm
evaluation, since the general instructions of EVGS only include these planes. The overhead view
can provide useful clinical information (especially about the pelvic rotation parameter) but is not
part of the standard EVGS protocol and hence not included in our evaluation. Future versions of
the algorithm may be designed to incorporate overhead views, if available, to enable more
comprehensive gait analyses, particularly for parameters that are difficult to assess in sagittal and

coronal planes.

Some people in the dataset used gait assistive devices like walkers and crutches. These assistive
devices did not affect algorithm performance since OpenPose provided appropriate body keypoints
even in the presence of walkers or crutches. This speaks to the strength of pose detection models

for accommodating people with different mobility needs.

The heel lift EVGS parameter is descriptive. Specific timing and conditions are defined during the
stance phase, such that "heel lift normally occurs between opposite foot level and opposite foot
contact (Normal). Early heel lift indicates that heel lift precedes the opposite foot being level with
the stance foot. Delayed heel lift is present if heel lift occurs with or after opposite foot contact
[130]. Since these definitions are visual judgments and qualitative, they are highly dependent on
the expertise of the observer and the clarity of the video. In contrast, the automated algorithm
calculates heel lift in a quantitative and automated way, based on the analysis of relative positions
between heel and back toe in different phases of the gait cycle. The algorithm estimates the "heel-

toe angle," which is a measure to determine whether the foot is flat, lifting, or in some other
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position.

However, the algorithm's effectiveness hinges on accurate detection of foot keypoints, particularly
for the leg farthest from the camera. Since the leg farthest from the camera can be partially obscured
or less visible, keypoint identification can be adversely affected, thereby failing to provide

appropriate data to calculate and determine the gait phase.

5.6.2 Implementing Alternative Indices and Their Potential Effects on Cerebral

Palsy Gait Analysis

Advantages of the EVGS include its suitability for analysis in patients with CP aged 5-40 years by
evaluation of a wide range of parameters in all three anatomical planes to ensure
comprehensiveness of gait pathology assessment. The higher degree of intra- and inter-rater
reliability than other similar metrics, even by less experienced raters, lends strength to its use across
diverse clinical settings. EVGS can also be used to track outcomes of interventions like orthoses
and surgeries. Despite its advantages, there are limitations to EVGS, especially when assessing
pelvic and hip movements in the frontal and transverse plane. The complexity of these movements,
besides the subjective nature of visual interpretation, might lower the sensitivity for some gait

abnormalities associated with CP.

Other visual gait indices could be used to complement EVGS scoring, if these were also
implemented algorithmically. Adding alternative indices like G.A.L.'T., SF-GT, WGS, RGVA
along with EVGS could resolve shortfalls, potentially enhancing the outcomes of this research
study. G.A.LT. stands out due to its design, which accounts for known limitations of other indices
by providing a detailed evaluation of coordinated movement components. G.A.I.T demonstrated
high sensitivity in detecting performance evolution after therapeutic interventions. Incorporating
an algorithmic implementation of G.A.LT. could provide outcome measures for physiotherapy or
exoskeleton use in CP patients, in terms of subtle improvements in coordination and quality of
movement. WGS and RVGA are sensitive to alterations of gait following physical therapy and can
thus complement the EVGS by focusing on different features of gait pathology, such as hemiplegic

or stroke-related gait deficits.
Care should be taken to match the intended indices with the population under investigation, with
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their respective scoring systems adapted to CP-specific features of gait. Ultimately, a suite of
indices, underpinned by robust protocols and standardized methodologies, may enable a

comprehensive evaluation of gait pathology and the outcomes of interventions in CP.
5.7 Conclusion

An automated approach for scoring EVGS was successfully used with patient data acquired in
typical clinical conditions, with algorithmic performance almost comparable to expert scoring. The
algorithm was excellent for detecting the plane and direction of movement in both sagittal and
coronal views. Of the 17 EVGS parameters evaluated, six achieved an accuracy of 90-94%, five
achieved high accuracy at 84—89%, three achieved a moderate accuracy of 70—-76%, while the final
three had a low accuracy of 58-62% when benchmarked against the expert assessments. These
results show the promise of automation for streamlining clinical visual gait analysis so that more
routine monitoring of patients can be conducted without the need for extensive clinician time.
Future developments aim to address limitations related to depth perception, stability, and occlusion
to enhance algorithm’s performance. In order to make the system completely automated, future
work should also include video quality analysis to automatically detect and focus on the patient
when multiple individuals appear in the frame, and to intelligently crop the video where necessary

to ensure the input is optimized for analysis.
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6  Thesis Summary, Conclusions and Future work

6.1 Research Summary

Gait abnormalities affect the ability to carry out activities of daily living, thereby adversely
affecting mobility, independence, and quality of life. Early detection of gait abnormalities is
important since early intervention can decrease long-term effects. An accurate diagnosis, provided
at an early stage, aids in determining targeted strategies for better patient outcomes. Gait analysis
plays, in this aspect, a central role in the distinction between a normal and pathological gait pattern,

enabling the clinician to bring important information necessary for diagnosis and treatment.

The Edinburgh Visual Gait Score has been one of the most widely used clinical tools developed
for evaluating gait patterns. EVGS has a comprehensive visual assessment method that allows
clinicians to grade several kinematic parameters regarding the deviations of gait. However, manual
scoring can be time-consuming and might cause variability, so there is strong motivation toward
automation. Automatic gait analysis through EVGS would introduce enhanced efficiency,
consistency, and accessibility for both clinicians and patients. For clinicians, automation delivers
convenience in decision-making because real-time, accurate, detailed gait analysis could be
provided at the point of patient contact. Given this facilitation in decision-making, there is now the
possibility of timely adjustments in treatment plans because it enables periodic patient monitoring.

This automation also eliminates human error, including inter reviewer differences.

Automated gait analysis could reduce the logistic challenges in traditional clinical gait assessments.
Gait analysis is usually performed in a special laboratory and requires the patient to travel to a
specialized healthcare facility. The automated markerless approach offers a low-interference,
localized solution, hence enabling gait assessment in an environment familiar and convenient for
the patient. This increased accessibility opens a window for early diagnosis and management even

in the most remote or under-resourced areas.
The basis of automating gait analysis with EVGS rests on three modules:

e Pose Estimation to Detect Joints and Body Landmarks: Pose estimation models are
deep learning-based models that extract relevant body keypoints from videos without the

need for physical markers, hence simplifying data acquisition.
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e Stride and Event Detection: A stride detection module identifies gait strides and foot
events. These stride parameters define the gait cycle and are required for EVGS analysis.
e Directional and Parameter Computation: This module determines the person’s
direction movement direction, which is required to calculate sagittal and coronal gait

parameters.

This thesis presents new methods in stride detection and markerless visual gait analysis. The review
of related literature and methodologies formed a solid foundation for developing and evaluating
the thesis objectives. Detailed analyses demonstrated how stride recognition techniques, pose
estimation models, and automatic EVGS evaluation could provide acceptable gait outcome

measurcs.

Objective 1: Develop an algorithm to detect planes, strides, direction of movement and

automatically determine the EVGS score from patient video data set obtained.

An algorithm to automatically calculate the EVGS scores was implemented. This thesis
developed new approaches for detecting planes, direction of movement for sagittal and
coronal planes, error handling for stride detection and EVGS parameter calculation. To assess
the proposed algorithmic approach, stride identification, movement direction, and plane
detection results were compared to manually reviewed ground truth. The algorithm had
excellent results, with the few errors due to excessive camera zooming or multiple people

confusion in the video.
Objective 2: Validate the algorithm on a large dataset

Accuracy in 17 parameters of EVGS ranged from 90 to 94% in six, from 84 to 89% in five, from
70 to 76% in three, and from 58 to 62% in three parameters. The algorithm had good performance
for most of the EVGS parameters; however, there is still a need for improvement of parameters

with low scores.
6.2 Limitations

The study included people aged from 6 to 40 years, a sample with both pediatric and adult

participants. Though this population sample is useful for evaluating algorithm performance in a
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general clinical environment, differences in body size, proportions, and movement dynamics
between children and adults are not considered. The EVGS was originally created for pediatric
subjects and targeted particularly to children with CP. Physical differences among different age
groups might also not fall precisely within the parameters that EVGS have specified for pediatric
gait. This may affect the generality and the accuracy of the algorithm. In the future, the algorithm
could be tuned for different subgroups, such as pediatric or adult or with different ethnicities. This

would require a larger data set for each subgroup.

The development and evaluation datasets were from one clinic. Future evaluations with videos
from different clinical facilities are required to verify that the pose detection model and EVGS
scoring algorithm provides consistent results across varying video capture environments.
Note that the expectation is that the video capture best practices are followed, since poor video

recording is acknowledged as a problem for any gait assessment application.
6.3 Best Practices for Video Recording

Based on experiences when conducting this thesis, some best practices in video recording for
accurate automated analysis of the EVGS are suggested. First, the camera should not change zoom
during recording. Of equal importance is the assurance that the whole body remains in the frame
of the video during recording, to provide quality keypoints for algorithm input. Note that the person
should be a minimum of 60 by 80 pixels in the video for good OpenPose keypoint detection.
Therefore, the camera should be in a location where the person is more than a third of the frame

height.

Similarly, a non-moving camera, aligned correctly for the plane of interest, is ideal for analysis
since the only moving item is the person of interest. A tripod is highly recommended since this
eliminates camera motion. Only the person under analysis should be within the frame of the video
since multiple individuals within the frame distract from and complicate the automated analysis.
However, since multiple people are detected by OpenPose, additional postprocessing software
could be developed to provide consistently good keypoints for the person of interest (i.e., current
multiple person identification is insufficient to automatically identify a consistent keypoint set for

an entire video).

The environment where the recording occurs makes a big difference in the usefulness of the video.
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The walkway should be clear, with no obstacles to impede or occlude the view of the person’s

movements.

One other important factor is the duration of the walking trial. Recording at least three strides

should provide enough data to represent the person’s typical gait patterns.

Following these best practices will greatly enhance the quality of video recordings and the

quality of automated EVGS scoring.
6.4 Future Work

This thesis introduces an innovative approach to gait analysis that combines markerless technology
with clinical-based assessment. This system could be used to remotely assess gait in a familiar and
local environment, enabling better engagement between healthcare professionals and patients. The
proposed system should be pragmatic, valid, affordable, and offer automated EVGS gait
assessment. Future research could involve development of a smartphone app to enable appropriate
video capture and automatically generate EVGS scores for participants. Such apps would facilitate

gait analysis without expensive equipment and enable easy gait assessment from any location.

The current coronal detection algorithm used fixed threshold value for R3. Given the high level of
individual and environmental variation, these may not generalize well. A study in the future could
investigate dynamic thresholds determined from ratios or some adaptive equations. In such a
situation, the algorithm would automatically adjust thresholds, rendering the algorithm more robust
and further improving accuracy. ROC and PR curves can be used to evaluate how accuracy varies

with threshold

EVGS requires steady state strides for scoring. Therefore, the automated system needs to
appropriately segment the video into several consecutive strides (i.e., no turns or pauses). This
automated segmentation must deal with changes of direction, stepping out and back into the field

of view, and disrupted tracking of the same leg.

Future improvement can be made by using smartphone sensors output (i.e., acceleration, phone
orientation, etc.) to adjust body keypoints to a consistent reference frame (e.g., gravity). to enhance

the accuracy of stride detection and subsequent EVGS scoring. This is more relevant when foot-
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related parameters are considered.

Machine learning and alternative pose estimation models could help automate and increase the

accuracy of foot event scoring and stride frame identification.
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