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Abstract

Analyzing a person's gait is important in determining their physical and neurological health.
However, typical motion analysis laboratories are only in urban specialty care facilities and can be
expensive due to the specialized personnel and technology needed for these examinations. Many
patients, especially those who reside in underdeveloped or isolated locations, find it impractical to
go to such facilities. With the help of recent developments in high-performance computing and
artificial intelligence models, it is now feasible to evaluate human movement using digital video.
Over the past 20 years, various visual gait analysis tools and scales have been developed. A study
of the literature and discussions with physicians who are domain experts revealed that the
Edinburgh Visual Gait Score (EVGS) is one of the most effective scales currently available.

Clinical implementations of EVGS currently rely on human scoring of videos.

In this thesis, an algorithmic implementation of EVGS scoring based on hand-held smart phone
video was implemented. Walking gait was recorded using a handheld smartphone at 60Hz as
participants walked along a hallway. Body keypoints representing joints and limb segments were
then identified using the OpenPose - Body 25 pose estimation model. A new algorithm was
developed to identify foot events and strides from the keypoints and determine EVGS parameters
at relevant strides. The stride identification results were compared with ground truth foot events
that were manually labeled through direct observation, and the EVGS results were compared with

evaluations by human scorers.

Stride detection was accurate within 2 to 5 frames. The level of agreement between the scorers and
the algorithmic EVGS score was strong for 14 of 17 parameters. The algorithm EVGS results were
highly correlated to scorers’ scores (r>0.80) for eight of the 17 factors. Smartphone-based remote
motion analysis with automated implementation of the EVGS may be employed in a patient's
neighborhood, eliminating the need to travel. These results demonstrated the viability of automated

EVGS for remote human motion analysis.
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Chapter 1 Introduction

1 Introduction

1.1 Research context and scope

Gait is a complex activity requiring the coordination of several body systems and parts [1]. The
process of evaluating Kinetic, kinematic, and spatial-temporal characteristics in people with both
normal and impaired walking is called gait analysis. On a clinical level, gait analysis is often used
with people suffering from neurological disorders or orthopedic problems, providing objective

information for clinicians when developing recovery plans or gait prevention programs [2].

Gait analysis laboratories use cameras and markers placed on key anatomical areas and limbs to
accurately track a person's movement [3]. However, various drawbacks include time to obtain and
analyze data, cost, and the need for trained professionals. These gold standard systems are mostly
found in major urban areas. Due to restricted transit options and people's mobility, in addition to
high system costs, instrumented gait analysis is not widely available, in particular for people in

isolated or remote places [4].

Recent advancements in video-based pose estimation algorithms have made it possible to analyze
human movement using digital video [5]-[8]. Numerous visual gait assessment tools [9], [10] or
scales have been created over the last two decades [11]-[15] for neurological disorders such as
Parkinson's disease (PD), Multiple Sclerosis (MS), Cerebral Palsy (CP), and stroke, which are some

of the most prevalent pathologies influencing gait.

Pose estimating models have great potential to increase access to gait analysis for patients and
video-based data collection can be carried out in a convenient location with minimal equipment.
This would offer a preliminary gait interpretation and allow medical professionals to choose which
patients would benefit the most from a more-thorough investigation and which patients could be

postponed since their status had not changed.

1.2 Rationale

Human gait analysis is an important measure of a person's physical and neurological health. The
analysis can be conducted with full 3D instrumented gait lab studies or observational assessments.
However, patients hay have difficulty attending motion labs or seeing experienced observational

gait analysis clinicians. This is especially difficult for children with mobility issues, where parents
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Chapter 1 Introduction

need to take time off work and arrange care for other children. Winter conditions can also make
travel to medical appointments unsafe. Smartphones have become ubiquitous and can greatly
benefit gait monitoring, with the potential to replace or augment expensive medical technology
since they are portable, lightweight, and comparatively inexpensive while also providing a high-
quality video recording of human movement. Artificial Intelligence (Al) algorithms can use

smartphone video for pose estimation, locating a person’s joints in an image or video.

The Edinburgh Visual Gait Score (EVGS) has emerged as a reliable option for grading patient
walking videos, particularly for children with cerebral palsy . The clinician visually evaluates a
video and provides scores for various aspects of walking biomechanics, which can be used to assess
the child’s current movement status and also compare walking before and after an intervention.
EVGS requires human assistance and can take a more time than available to implement. Each trial
can take more than 20 minutes of grade [16]. To address these limitations, there is a need to
combine existing technologies and develop new algorithms to provide automated EVGS analysis
of smartphone video clips. This would enable gait analysis from any location, including rural
clinics. This thesis aims to design and develop a system that can automatically use locally recorded
smartphone videos and automatically perform EVGS analysis with minimal human interaction for

scoring.

1.3 Scope

This research is for people requiring visual gait analysis. Since the EVGS was developed and
validated for children with CP (i.e., ranges and values in EVGS are related to CP population), the
scope for this research is limited to this population. However, this approach used in this thesis
should be applicable to other groups with validated scales based on video analysis.

1.4 Objective
Design and evaluate an algorithm for detecting foot events and strides, and automatically determine
the Edinburgh Visual Gait Score (EVGS) from video obtained with a handheld smartphone camera.

1.5 Thesis contributions

The thesis is novel in this domain since the automated implementation of scale-based visual gait

analysis using smartphone data has never been developed and verified. This thesis has made
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Chapter 1 Introduction

substantial contributions to the field of remote visual gait analysis technology and knowledge,
including:

o Creation of a viable system that can detect foot events and strides and automatically score
EVGS using a smartphone. This contribution was achieved through the design,
development, and analysis of the system, and provides a basis for integrating automatic
EVGS analysis and scoring using smartphones in an individual's preferred environment.

e Demonstration that most EVGS parameters can be obtained using Openpose keypoints
alone, without requiring any markers or gait analysis systems . However, certain
parameters lack machine-friendly thresholds or cannot be directly obtained from
OpenPose keypoints. In such cases, surrogate measures were introduced as alternative
approaches for estimating these parameters.

e The proposed automatic system is time-efficient and can potentially reduce the workload
for clinicians. Unlike the manual EVGS scoring process, which takes an average of 24.7
minutes after video recording [16], the new approach can provide EVGS scores quickly

and automatically without the need for manual calculations or human intervention.

Overall, this thesis presents a novel and time-efficient method for calculating EVGS scores using
smartphone video data, which has potential clinical applications in remote visual gait analysis
technology. The contributions also advance the understanding of automatic gait analysis methods

using EVGS and provide a basis for future research in this area.

1.6 Thesis outline

Chapter 2 is a literature review that discusses gait biomechanics, current methods of gait analysis,
covering various scales in observational gait analysis, and deep learning models for human pose

estimation.
Chapter 3 introduces and explains the Edinburgh Visual Gait Scale (EVGS) analysis.

Chapter 4 presents the algorithmic implementation of the EVGS. The steps involved in analyzing

human gait using the EVGS, including the automated detection of strides in videos, are presented.

Chapter 5 presents the methods and results for evaluating the proposed algorithmic

implementation, including collecting data.

Chapter 6 summarizes and concludes the thesis.
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2 Literature Review

2.1 Gait biomechanics

Walking requires a complex interaction of forces exerted by muscles on bones, rotations across
several joints, and external forces acting on the body [17]. Gait analysis studies human movement,
and the gait cycle is used to define the repeating walking period [18]. The gait cycle has been
classified into stance and swing phases, periods, and events to allow the identification and

separation of distinct parts [19] (Figure 2.1).

A gait cycle starts with a foot strike and finishes with another foot strike on the same side [20].
Foot strike and foot off are events and loading response, mid-stance, terminal stance, pre-swing,
mid-swing, and terminal swing are periods in a typical gait cycle. Each gait cycle is divided into
stance and swing phases. Stance phase lasts from foot strike to toe-off, accounting for
approximately 62% of the gait cycle. Swing phase begins with a toe-off and finishes with a foot

strike, accounting for 38% of the cycle [21].

« Stance Phase >

Heel strike ‘ Loading Mid-stance Terminal stance Pre-swing Toe-off Mid-swing Terminal swing
response

Double Single support ¢ Double _{, Single support —b‘

support | support

Figure 2.1 Gait cycle [19]

2.1.1 Stance phase

Stance phase starts when the foot touches the ground and begins to support body weight. The body
proceeds over the stance leg and provides shock absorption for the entire body. Stance phase can
be divided into five periods [22]-[24].

o Heelstrike: Occurs when the foot contacts the ground and receives body weight and ends
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when the contralateral foot comes off the floor. This is a double support phase since both
feet are on the ground. The ankle is generally in neutral position. 30° of hip flexion and
5° knee flexion are achieved [25], [26].

Loading response: Weight starts to move onto the stance leg when the foot touches the
ground, and the knee bends to absorb the impact. The foot swiftly retracts to 10° plantar
flexion [25]. The hip gently extends as the knee flexes to 10-15° [27], [28]

Mid-stance (single-leg support): The body must be able to balance on one leg during
midstance while the other leg completes its swing phase. The ankle begins midstance
with a slight plantar flexion and, as the heel lifts to begin terminal stance, the ankle
gradually dorsiflexes [25]. The hip moves into extension with a steady decrease in
flexion, which keeps the trunk upright. At the beginning of midstance, the knee flexes to
its maximum, after which the action reverses to extension [27].

Terminal stance: During this stage, bodyweight shifts to the opposite leg and the heel lifts
off the ground. At the end of single-limb support, the ankle is at maximal dorsiflexion
(10°), then reverses to achieve 5° of plantar flexion [12]. The hip extends and achieves
10° hyperextension while the knee extends to its maximal range of 0 to -5° [9].
Pre-swing: In pre-swing the foot leaves the ground, and the limb prepares for swing.
Ankle begins to plantarflex quickly before the foot leaves the ground. With the transition
from hyperextension to neutral, the hip begins to flex and there is a rapid passive knee
flexion [25].

2.1.2 Swing phase

The gait cycle enters swing phase when the foot moves forward without supporting any weight.

Leg length may be adjusted throughout the swing phase, and the toes of the swing leg can clear the

ground. Swing has three periods [6], [7], [24].

Toe-off: Toe-off / Initial swing phase starts when the foot is lifted off the ground. This
phase includes rapid knee and ankle flexion to enable the swing limb to advance more
quickly. At the ankle, dorsiflexion begins [27]. The hip quickly flexes from the neutral
position obtained during pre-swing. The 40° position attained during pre-swing is
increased by 20° to achieve the 60° knee flexion necessary for toe clearance [27].

Mid swing: Mid-swing phase occurs when the swing leg approaches the midstance leg
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that is supporting body weight. Ankle dorsiflexion to neutral is achieved and then
maintained [27]. The leg is raised off the ground by more hip and knee flexion, and as
the knee extends the leg swings forward. Hip and knee flexion are 30° at the end of the
mid-swing [25].

e Terminal swing: In terminal swing, the knee extends, the foot is brought in front of the
body, and the velocity slows. The lower limb gets ready for foot strike and weight shift.
The ankle maintains neutral dorsiflexion and may drop into modest plantar flexion (3 to
5°) near the end of this phase [27]. Hips continue to flex at the same 30° angle as mid-

swing. The knee keeps extending to its neutral position [25].

2.2 Observational gait analysis

Gait analysis is a systematic study of human movement that involves identifying and measuring
the trajectories of various body components across time [29], [30]. Gait analysis is used by
clinicians to diagnose gait abnormalities, detect balance factors, assess the success of therapeutic
treatments or surgical procedures, and perform necessary therapeutic interventions. Instrumented
gait analysis (IGA), the gold standard for gait analysis [3], involves various hardware components
such as force plates, reflective markers attached to participants, inertial measurement units, and
pressure measurement systems to collect gquantitative information (e.g., kinematics, Kinetics,
muscle activation) and involves analyzing electromyography activity and/or three-dimensional
body pose data to diagnose gait abnormalities [4], [31]. Although IGA has been frequently used to
examine the gait of children and adults for a variety of clinical applications, this process takes
substantial resources; such as, time, money, space, and trained personnel. Motion analysis

laboratories are not available in most clinical settings.

To overcome these obstacles, observational gait analysis or visual gait analysis (VGA), an
alternative to IGA, provides a procedure for clinicians to observe and describe gait. Visual gait
techniques are widely used to evaluate gait issues in children and adults [11], [15], [29], [32]-[34].
In VGA, scorers visually review recorded video and evaluate the recorded gait using a variety of
scales that concentrate on specific joints, planes, and events in the gait cycle. Several computer-
based image analysis methods have been designed to support clinicians, allowing for joint angle
measurement and capturing other motions and postures. Due to its simplicity compared to IGA,

this approach is often preferred by clinicians, or the only option available [13]. However, several
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authors remarked that VGA is very subjective and may result in low sensitivity, specificity,
validity, and reliability when compared to approaches such as IGA. Despite all these potential

shortcomings, clinicians still use VGA and depend on it in clinical settings [35].

One of the oldest VGA scoring scales is the Physician Rating Scale (PRS), which was specifically
developed for children with CP. Development, reliability, and validity were not well documented
when PRS was first published in 1993 [36]. Since then, other VGA scales were proposed that were
either designed with a specific patient population in mind or were meant to improve the validity of
an existing scale [11], [14], [32], [37]-[44]. Five different gait assessment tools were developed
over the last two decades to examine children with CP, with one additional tool focusing on Down
Syndrome. For homogeneity, five gait tools specifically designed for CP are included in this
review: Physician Rating Scale (PRS), Salford Gait Tool (SF-GT), Observational Gait Analysis
(OGA), Observational Gait Scale (OGS), Edinburgh Visual Gait Score (EVGS).

2.2.1 Physician Rating Scale (PRS)

The Physician Rating Scale (PRS) was created by Koman et al. [36] to evaluate sagittal plane gait
of children with cerebral palsy. Numerous authors attempted to modify PRS, and several versions
are currently available, such as Modified PRS [41], Abbreviated PRS [42], Video Gait Analysis
Scoring [43], and Video Gait Assessment Scale [11]. The early PRS was straightforward to use
and understand, but lacked sensitivity and reliability in identifying particular changes following
therapy [14]. This review discusses the most recent PRS version, Visual Gait Assessment Scale
(VGAS), which employed category adjustments following standard three-dimensional gait analysis
kinematic data [11]. This scale has seven parameters, four that calculate hip and knee range of
motion and three that are foot-specific (heel rise time, initial foot contact, stance foot contact).

These parameters are graded on a scale of 1-3 and 1-5, with a total score from 1 to 26 (Figure 2.2).
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Parameter Category Definitions | Score
Hip in terminal stance Hyperflexed > 20° 1
Mod-mild flexion 0° - 20° 2
Normal (extended) <0 3
Hip in mid swing Hyperflexed >45° | 1
1 flexion < 25° 2
Normal (extended) 25°- 45° | 3
Knee peak extension in Flexion — severe >30° | 1
terminal stance * Flexion — mild 16° - 30° | 2
Normal 0°-15° | 3
Recurvatum <0° [L 4
Knee peak flexion in swing * | Hyperflexed > 70° y 1
1 flexion <50° | 2
Normal (extended) 50°- 70° | 3
Initial foot contact Forefoot | 1
Foot flat g 2
Heel | 3
Foot contact in stance Toe / toe (equinus) ; 1
Foot flat / early heel rise § 2
Foot flat / no early heel rise l 3
Occasional heel / foot flat , 4
Heel / toe (normal roll-over) | 5
Timing of heel rise No heel contact (equinus) 1
Pre swing / stance limb level 2
Just after swing / stance limb level 3
Just pre - double support (normal) 4
After double support (delayed) 5

* angles also recorded
Figure 2.2 Visual Gait Assessment Scale (VGAS) [11]

Research was conducted to assess inter and intra-observer reliability and validity. The study
showed that for experienced observers, modified PRS achieved an acceptable level of inter and
intra-observer reliability [37]. For inexperienced observers, PRS was more reliable at the foot and
ankle than the hip, which had poor validity. Additionally, PRS was not very accurate in measuring
hip motion in the sagittal plane, and specifications of neither transverse nor coronal plane

deviations were attempted [37].

2.2.2 Salford Gait Tool (SF-GT)

The Salford Gait Tool (SF-GT) was developed by Toro et al. [12] to evaluate the gait of children
with CP. The tool was first designed to evaluate sagittal plane hip, knee, and ankle movement at
six gait events: initial contact, end of double support, mid-stance, start of double support, toe-off,

and mid-swing. The scores are computed on a five-point scale (-2, -1,0,1,2) with 0 denoting normal
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and +/-2 denoting severe abnormality (Figure 2.3). Later, the authors used quantitative kinematic

IGA data to modify the upper and lower threshold and overall scores.

Non-amoclaed Amioulsesd
MEASUREMENT of WALKING ATTITUDE - SALFORD GAIT ASSESSMENT ProvtmcicFox  ProstsicFost
SUBJECT NAME Leg Amputation : |:| Right |:| Left {17, 0T A —— . s
Gender rererrmrennen POO5Thetic Foot: Non-articulated |:| Articulated I:l Dateandtme : ... . A;_-‘-’-r,:;.—_ auA:_;;-;
Phase | Phase 2 Phase 3 Phase 4 Phase 3 Phase 6
b Tl Total Grade
W
Gait Walked l Scores Lahels
L
Heel Contact Foot Flat hind Stance Heel Off Toe Off Sweing Off
_ TRUNK Overall:
Circle Obaervation * Nomal * Nomnal * Nozmal * Nomal * Nomal » Nomal * Noomal
= Backwards | * Backerards #Backwards | % Backwards *Backwards | #*Backwardy = Baclvoards
» Forvands » Forva=ds »Forvands » Forvands » Forvasds » Forna=ds » Forvands
HIP [Degrees| Grade Degrees| Grade(Degrees | Grade Degrees | Grade|Degrees| Grade Degrees | Grade
2= .21° ormore extension
1= 6% 1o 20° extension
0= .5*w.]15* flexion
1= 16*t045 flaxion
2= 16 or more flaxion
ENEE [Degrees| Gradg Degrees| Grade(Degrees | Grade Degrees |Grade|Degrees| Grade Degrees | Grade
-2= .16" or more extension
1= 6% 115" extension
0= -5 exto -10° flexion
1= 11" to 45° flexion
2= 16" or more flexion
ANKLE Derreesf Grads Deprees| Grade|Degress | Grade(Depress |Grade| Depress| Gradd Depgrees | Grads
-2= .21° or more DF DF DF DF DF DF DF
1= 17 to 20° DF
0= netral 07 w0 PF
1= -16% 1o 457 PF PF PF PF PF PF PF
2= 167 or mote FF

DF : Dorsiflextion
PF : Plantarflextion

Figure 2.3 Salford Gait Assessment [47]

The validity and reliability of this scale were evaluated [37], [38], with a mean agreement of 58%
between clinicians and kinematic data based on 5-point scale scoring. The level of agreement
between and within observers was high for knee joints but poor for hip joints [45]. Rater experience

and clinical experience affect SF-GT inter-rater reliability [46].

2.2.3 Observational Gait Analysis (OGA)

The observational gait analysis (OGA) scale was created by Kawamura et al. [29] for children with
CP to compare visual assessment of gait with quantitative gait analysis. OGA is a ten-parameter
ordinal scale that assesses the hip, knee, ankle, and pelvis in stance and swing phases and all three
planes (sagittal, coronal, transverse). OGA evaluates each parameter as normal, increased, or
decreased (Figure 2.4). The final result and research participant kinematic data were compared for

analysis.
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Sagital Plane

1. Hip at terminal stance:
R ( ) normal extension ( ) decreased extension ( ) increased extension
L ( ) normal extension () decreased extension () increased extension
2. Knee at initial contact:
R ( ) normal flexion () increased flexion () increased extension
L ( ) normal flexion ( ) increased flexion ( ) increased extension

3. Knee at terminal stance:

R ( ) normal extension ( ) increased flexion () hyper extension
L ( ) normal extension ( ) increased flexion () hyper extension
4. Knee at initial swing:

R ( ) normal flexion ( ) decreased flexion () increased flexion
L ( ) normal flexion () decreased flexion ( )increased flexion
5. Ankle at initial contact:

R ( ) normal dorsiflexion ( ) decreased dorsiflexion () increased dorsiflexion
L () normal dorsiflexion ( ) decreased dorsiflexion () increased dorsiflexion
Coronal plane

6. Pelvic obliquity:

() symmetrical

() left hemipelvis drop

() right hemipelvis drop

7. Hip at loading response:

R ( ) normal adduction ( ) increased adduction ( ) decreased adduction

L () normal adduction ( ) increased adduction ( )y decreased adduction
Transverse plane

8. Pelvic rotation:

( ) symmetrical

9.
R
L

Hip rotation at mid stance;

( ) neutral rotation
( ) neutral rotation

( ) internal rotation
() internal rotation

() right hemipelvis rotated forward ( ) left hemipelvis rotated foward

() external rotation
() external rotation

10. Foot rotation angle at mid stance (related to the lower limb):

R ( ) neutral rotation () internal rotation () external rotation
L () neutral rotation () internal rotation ( ) external rotation
* Define “Normal™ from QGA as all values between 1 Standard Deviation (SD) from the mean, “Increased”

as >15D from the mean and “Decreased™ as <1SD from the mean.

Figure 2.4 Observational gait Analysis [31]

Numerous studies were conducted to evaluate OGA validity [14], [22], [33] . Video recordings of
children were gathered and analyzed by physical therapists with clinical experience treating CP.
Additionally, the observers took a two-month training course on gait analysis and typical gait.
Analyses between observers and IGA were evaluated by analyzing manual scores for each video.
Finally, statistical analyses were performed to verify the validity of a visual gait analysis compared
to kinematic data. Six of the ten variables under analysis had moderate to almost perfect kappa
values (i.e., a type of correlation coefficient to assess the inter-rater reliability of qualitative items)
between observers. However, only one of these six variables, pelvic obliquity, had high agreement
between OGA and IGA [29]. Knee flexion at initial contact and pelvic obliquity had higher inter-
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observer agreement and better criterion validity; however, the other eight items were unreliable for

visual observation.

2.2.4 Observational Gait Scale (OGS)

The purpose of OGS was to characterize the gait of children with spastic CP [14]. OGS includes
24 parameters: 6 for the foot or ankle, 5 for the knee, 8 for the hip, and the rest for the pelvis. These
parameters were chosen with the typical kinematic properties of spastic CP gait in mind. OGS
includes observations of joints moving in all three planes [47]. The authors also considered the
rater's different levels of training and expertise when developing OGS. The authors further
validated OGS criteria and reliability by comparing it to the standard IGA.

2.2.5 Edinburgh Visual Gait Score (EVGS)

The Edinburgh Visual Gait Score (EVGS) was created by Read et al. [15] to evaluate the gait of
children with CP. EVGS consists of 17 parameters, each assessed as normal (0), moderate (1), or
severe (2). EVGS targets the trunk, pelvis, hip, knee, ankle, and heel in the coronal, sagittal, and
transverse planes. Two sets of videos are required to assess these parameters, one capturing gait in
the sagittal view and the other in the coronal view.The total score ranges from 0 to 34, where 0

denotes a normal condition and 34 denotes abnormal.

A few studies evaluated the correlation between EVGS and three-dimensional gait analysis [44],
[48]-[50]. The average intra-scorer agreement among inexperienced scorers was 5.15, while the
mean agreement for experienced scorers was 4.21 [51]. To validate EVGS, 10 numerical
parameters from EVGS were compared to three-dimensional gait analysis data. Using Bland and
Altman's Coefficient of Repeatability (CoR), inexperienced scorers had total agreement for 52%

of the ten numerical parameters and expert scorers had total agreement for 64% (Table 2.1).

Few other researchers attempted to confirm EVGS reliability and validity in gait analysis for
experienced observers. However in [52], when compared to three-dimensional gait analysis,
inexperienced observers had lower accuracy and experienced observers had higher accuracy.
Another study revealed that clinical experience enhanced outcomes [50]. Repeatability might be
improved through experience and training based on a comprehensive understanding of gait [53].
Furthermore, EVGS had high concurrent validity due to its substantial agreement with other

evaluation techniques and offers an estimate of the gait quality [49], [54].
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Table 2.1 Percentage of agreement for EVGS intra-scorer reliability [51]

Parameter Inexperienced scorers Experienced scorers
Maximum ankle dorsiflexion in stance (#3) 52 69
Foot rotation (#5) 56 53
Maximum ankle dorsiflexion in swing (#7) 56 83
Peak knee extension in stance (#9) 36 47
Knee extension in terminal swing (#10) 62 55
Peak knee flexion in swing (#11) 29 63
Peak hip extension in stance (#12) 62 75
Peak hip flexion in swing (#13) 58 68
Maximum pelvic obliquity in midstance (#14) 44 55
Pelvic rotation in midstance (#15) 65 69
Tool PRS SF-GT 0GA 0GS EVGS
Plane | Sagi | Trans | Cor | Sagi | Trans | Cor | Sagi | Trans | Cor | Sagi | Trans | Cor | Sagi | Trans | Cor
Phase | St|Sw/|St|Sw|St[Sw|St[Sw | St]Sw/|St[Sw|St]Sw|St[Sw|St]Sw|St]Sw|st|Sw|st]sw|st]sw|st]sw|st]s
W
Ankle [N [ g8 (n|m (B8 (H|N |H|(®H |H|N [H |8 (H|N (H|H
Knee [ N | [ | a8 (n|m (m|m (H|0D |H(®H |(H|ND [H|N (H|D (H|N
Hi [ JN [ s|n (n|m (mn|m (H|® |(H|(® |H|N [H|§ (H|D (H|H
Pelvis n|n (n(n (n|m (00|00 (6|0 0|0 (0|0 |[n]n
'|' nk nn | I BN BN |
Sagi - Sagittal
Trans - Transverse
Cor - Coronal
St - Stance
Sw - Swing

PRS - Physician Rating Scale
SF-GT - Salford Gait Tool

OGA - Observational Gait Analysis
OGS - Observational Gait Scale
EVGS - Edinburgh Visual Gait Score
B -ltemincluded in the tool

B - ttems not included in the tool

Figure 2.5 Comparison of gait scales [58]

According to a review that analyzed all five gait measures, the PRS is insufficient to capture the
entire gait pattern accurately since it has a broad range of variability and only medium reliability
and validity findings (Figure 2.5). They argued that OGS should not be used until further study
examining its reliability, validity, and clinical application is available. OGS, OGA, or PRS did not

contain any references to the original sources. The SF-GT is highly reliable and concurrently valid,
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but only assesses sagittal plane gait deviation and requires additional validation [55]. Due to its
high reliability and concurrent validity, EVGS is the most effective scale currently available and
should be considered when evaluating CP gait patterns [33]. EVGS also includes the trunk, pelvis,

hip, knee, and ankle in both the stance and swing phases and data on gait in all three planes.

2.3 Pose estimation

Many clinicians find marker-based motion analysis too expensive and time-consuming, prompting
the development of markerless motion analysis systems [56]. Various markerless techniques have
been created with differing degrees of accuracy and functionality. Although deep learning-based
methods are only one branch of the tree of markerless approaches, deep learning is currently

considered the most effective pose estimation method [8], [57], [58].

Top-down and bottom-up approaches are the two primary categories for pose estimation
techniques. Top-down techniques begin with person detection and then independently estimate
posture inside each bounding box [59]. Detection stage results strongly affect the top-down results.
Posture estimation could only produce the anticipated results if the detection method could find the

subject of interest [60].

Bottom-up methods first identify the location of body segments or joints before connecting them
to each individual [61]. Over the last ten years, several pose estimation algorithms have been
published, including Hyperpose [6], OpenPose [5], DeepLabCut [62], Posenet [63], DeepPose [64],
Blazepose [7], DeeperCut [65], Alpha-Pose [66]. Using these techniques, it is feasible to use openly

accessible pre-trained networks or train new networks tailored to specific research or clinical needs.

2.3.1 Comparison of pose estimation models

DeepPose was based on a regression-based multi-stage human pose estimation technique [64] and
was the first approach to use an original deep neural network on human pose estimation. DeepPose
demonstrated that a general CNN, created for image classification, could be used for joint
localization tasks. The network’s performance was compared to results from the then-current state-
of-the-art networks using the Frames Labelled In Cinema (FLIC) and Leeds Sports Pose (LSP)
datasets, and DeepPose was found to be on par with or outperformed these networks.

A practical approach to identifying 2D poses of many people in a picture was presented by Cao et
al. [5] and later made available as the open-source tool OpenPose. The technology first identifies

Automated Implementation of the Edinburgh Visual Gait Score (EVGS) 13



Chapter 2 Literature Review

heat maps of body part locations and part affinity fields that describe how limbs are oriented. The
linked limbs for each individual in the image are computed after analysis of the heatmaps and part

affinity fields. The proposed approach is highly effective and capable of real-time detecting
multiple people's 2D poses.

Table 2.2 Pose estimation model keypoints

DeepPose HyperPose BlazePose OpenPose

Skeleton Model

Reference [64] [6], [67] [7], [68] [5], [67]-[69]
Neck / Yes Yes No Yes
trunk start
Mid hip / trunk No No No Yes
ending
Hip Yes Yes Yes Yes
Knee Yes Yes Yes Yes
Ankle Yes Yes Yes Yes
Heel No No Yes Yes
Toes No No Yes Yes

However, Al models like OpenPose may need substantial processing, making implementation
difficult. Another model, HyperPose, uses a less computationally intensive variant of OpenPose

while optimizing several GPU operations. By combining NVIDIA's Compute Unified Device
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Architecture (CUDA) architecture and TensorRT deep learning optimization package, HyperPose
offers an optimum method of executing inferences [6]. Another smartphone-friendly model,
BlazePose [7], has a two-step detector-tracker inference pipeline. The tracker follows the person
in consecutive frames once the detector has finished running on the initial frame or until a person

is found.

In research comparing OpenPose and HyperPose performance [67], OpenPose BODY25
consistently classified body keypoints more accurately than HyperPose. Other studies that
contrasted OpenPose and BlazePose showed that the OpenPose performed better than BlazePose
when predicting human pose estimation coordinates [68]. However, there was a trade-off between
algorithm accurate keypoint detection and speed. OpenPose was recommended for pose estimation
that required more accurate keypoint identification [45] [46]. As shown in Table 2.2, when
compared to other widely used pose estimation methods, OpenPose provides all the necessary

inputs to compute EVGS.

2.3.2 OpenPose — real-time 2D pose estimation

OpenPose can provide real-time, open source, 2D human pose estimation technique. This is a
bottom-up method for estimating poses. Part Affinity Fields (PAFs) are used to identify a person's
body parts in pictures or videos. Figure 2.6 shows the overall pipeline.

OpenPose architecture

1. The system receives a color image, then analyzes the image using a CNN that was initialized

and tweaked using the top 10 VGG-19 layers (Trained Convolutional Neural Network).
2. A second multi-stage CNN is given a collection of feature maps created by the first CNN.

3. The initial set of stages predicts and improves PAFs, a collection of 2D vector fields

representing the strength of the link between body parts.
4. The final set of steps creates confidence maps of the body part locations

5. To get 2D keypoints for each individual in the picture, the confidence maps and PAFs are

processed using bipartite matching.
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YRIRR

(b) Part Confidence Maps

(c) Part Affinity Fields

(a) Input Image (d) Bipartite Matching

(e) Parsing Results

Figure 2.6 OpenPose overall pipeline [5]

Part affinity fields for part association

PAFs include position and orientation data for the area where the limb is supported. A series of
flow fields encode the link between bodily parts in an unstructured pairwise manner. There is one
PAF for every pair of bodily components. PAFs are represented as the set L = (L1, Lo, ..., L¢), where
L. € RW*M*2 ¢ € {1..C}. The input image's size is w * h, and C represents the number of pairs of
body parts. Every image location in the L. encodes a 2D vector; if the location is on the limb c that
connects the body parts jiand j2, the value of the PAF at that position is a unit vector pointing from
ji 1o j2; otherwise, the vector has a zero value. The ground truth PAF L, at point p for person k is

described by equation (2.1).

ij,k B le,k

Lex(P) = 1 Xj,x — X,k Il
0 otherwise

(2.1)

if pis on limb

Confidence maps for part detection

Each confidence map is a 2D representation that reflects the belief or probability that a specific
body part is located within a particular pixel of an image. One confidence map corresponds to each
body component. Confidence maps are the set S = S3, Sy, ..., Sj, where S; € R¥*",j € {1...]}, and
J specifies the number of body parts. Equation (2.2) provides individual confidence maps for each
person k, where x;, represents the location of body component j on person k. A collection of

distinct confidence maps given in equation (2.3) makes up the ground truth confidence map

2
Ip — x4

= (2.2)

Sik(p) = exp| —
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Sj(p) = max S;,(p) (2.3)
Multi-structures in OpenPose

OpenPose models (Figure 2.7) employ a multi-structured approach in which two different CNNs
are combined at each stage. For each desired keypoint, network one predicts a confidence map and

network two predicts an affinity field outlining the strength of the relationship between various

keypoints.
Stage t, (t < Tp) Stage t, (Tp <t <Tp 4+ Ti)
11|11 1x1|[1x1
(el fef el om0 ||
+
¢ Loss Loss
it L
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Figure 2.7 Multi-structured architecture used in OpenPose [73]

2.4 Automated Gait Analysis

In the field of automated gait analysis, various approaches have been developed to capture and
analyze human movement during walking. Reference [70], addressed markerless gait analysis in
three stages: image preprocessing, gait figure extraction, and motion analysis based on joint angles.
The image sequences used in this study were recorded at a normal walking speed, with subjects
filmed from different angles while walking on a treadmill. Although this research explored
automatic gait analysis, their approach did not utilize handheld videos or scoring scales. Abi Hayla
Myriam, et al. [71] developed software for automated gait analysis based on the Rancho
Observational Gait Analysis approach, identifying gait deviations and their causes. However, their
software was not tested and some issues needed to be resolved, including automatic reporting and

synchronization with Visual 3D analysis software. Adithya et al. [72] proposed a marker-less, cost-
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effective, and user-friendly approach utilizing a mobile phone camera and 2D pose estimation
system to capture important anatomical landmarks. They only calculated knee flexion/extension

angle.

2.5 Conclusion

IGA is often used to assess children, but this approach requires time, specialized equipment, space,
and skilled personnel. Visual gait analysis (VGA), an alternative to IGA, has become popular with
physicians and is used in clinical settings due to several benefits; specialized equipment is not
required, VGA can be performed in practically any setting, and this approach is more affordable
than 1IGA. EVGS is a preferred scale among the many visual gait scales because of its high
concurrent validity and reliability [55]. To date, EVGS scoring methods are not automated; instead,
they depend on a person to review videos, pause videos at precise gait events, and analyze gait; a
time-consuming process for clinical applications. With improvements in Al pose inference models,
Al algorithms could be used to generate automated EVGS scores for clinical application and long-

term care.

Automated Implementation of the Edinburgh Visual Gait Score (EVGS) 18



Chapter 3 Edinburgh Visual Gait Score

3 Edinburgh Visual Gait Score
This chapter introduces and explains the Edinburgh Visual Gait Scale (EVGS) analysis.

The Edinburgh Visual Gait Score (EVGS) has 17 parameters for each lower extremity, for a total
of 34 parameters. Five of the 17 parameters are within swing phase, with the rest in stance. The
seventeen EVGS parameters are: initial contact, heel lift, maximum ankle dorsiflexion in stance,
foot clearance in swing, maximum ankle dorsiflexion in swing, peak knee extension in stance, knee
position in terminal swing, peak knee flexion in swing, peak hip extension in stance, peak hip
flexion in swing, pelvic rotation at midstance, peak sagittal trunk position in stance, hindfoot
varus/valgus in stance, knee progression angle at midstance, foot rotation in stance, pelvic obliquity

at midstance, maximum trunk lateral shift.

In practice, a person's gait in sagittal and coronal views are video recorded while walking, using a
handheld camera or a camera on a tripod. Typical clinical practice is that the video is scored by a
human according to the EVGS guidelines. The person scoring the video can use video editing
software to pause the recorded video at specific gait events for analysis. Software can also be used

to determine joint angles and other EVGS parameters.

A 3-point ordinal scale is used to score each parameter. 0 = normal (within +/- 1.5 standard
deviations of the mean), 1 = moderate deviations (between 1.5 and 4.5 standard deviations of the
mean), 2 = significant/severe deviations (more than 4.5 SD of mean). Multiple strides can be scored
for each parameter, and the most common score across all strides is retained. After scoring all
parameters for each leg, the scores for each leg are summed (highest total score = 34). A lower

overall score indicates less gait deviation [15].

To enhance understanding and maintain consistency, the 17 EVGS parameters are grouped based
on foot events and gait cycle phases. For the sagittal view, parameters are categorized into initial
contact/terminal swing, midstance, terminal stance, and midswing. Meanwhile, for the coronal
view, parameters are grouped into midstance. Table 3.1 below lists the parameters and how they

are organized according to these events.
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Table 3.1 List of EVGS parameters

Foot events and gait phases EVGS parameters

Sagittal view Initial contact/Terminal swing Peak hip flexion in swing(#13)

Knee extension in terminal swing (#10)

Initial contact (#1)

Midstance Peak sagittal trunk position (#16)
Pelvic rotation in midstance (#15)

Heel lift (#2)
Terminal stance Peak hip extension in stance (#12)

Peak knee extension in stance (#9)

Max ankle dorsiflexion in stance (#3)

Midswing Peak knee flexion in swing (#11)

Maximum ankle dorsiflexion in swing (#7)

Foot clearance in swing (#6)

Coronal view Midstance Maximum lateral shift of trunk (#17)

Maximum pelvic obliquity in stance (#14)

Knee progression angle (#8)

Foot rotation (#5)

Hindfoot valgus/varus (#4)

In the following subsections, each of the parameters will be introduced and discussed in turn.

3.1 Sagittal view parameters
The EVGS parameters can be grouped by gait period: initial contact, mid stance, terminal stance,
mid swing.

3.1.1 Initial contact/ Terminal swing

Peak hip flexion in swing (#13)

The hip anatomy allows for a wide range of motion in three axes: transverse, longitudinal, and
sagittal. The transverse axis provides flexion and extension movements. Hip flexion is leg
movement toward the front and extension is leg movement toward the back. Normal hip flexion

ranges from 25° to 45° [15]. Figure 3.1 shows right leg hip flexion and hip extension.

Automated Implementation of the Edinburgh Visual Gait Score (EVGS) 20




Chapter 3 Edinburgh Visual Gait Score

(@) (b)
Figure 3.1 Right leg hip flexion (a) and extension (b)

Knee extension in terminal swing (#10)

Knee flexion involves reducing the angle between the thigh and the shin, as in curling the heel
toward the gluteal muscles. Knee extension refers to rotating the shank forward, such as when

kicking the leg straight. Figure 3.2 shows right knee flexion and extension.

Initial contact (#1)

Typically, "heel contact” with the floor occurs first in the gait cycle (Figure 3.3 (a)). “Toe contact”
occurs when the toe-part of the foot distal to the metatarsophalangeal joints makes initial contact
with the ground (Figure 3.3 (b)). "Flatfoot contact” occurs when the heel and toe make

simultaneous contact (Figure 3.3 (c)).
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b
@ (b)

Figure 3.2 Right leg knee flexion (a) and extension (b)

(@) (b) (©
Figure 3.3 (a) Heel contact, (b) toe contact, (c) flatfoot contact
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Table 3.2 lists the sagittal parameters that must be examined in the initial contact period.

Table 3.2 Sagittal view - initial contact parameters

EVGS Parameter Criteria Score

Marked increase ( > 60° flexion) 2
Peak hip Flexion in Increased (4‘;6° - 550° fl_exion ) 1
Swing(#13) Normal (25 :45 fOIeX|op) 0
Reduced (10° - 24° flexion) 1
Severely reduced ( < 10° flexion) 2
Severe (> 30° flexion) 2
. . Moderate (16° - 30° flexion) 1

Knee extension in terminal s -
swing (#10) Normal (5°-15 erX|_on) _ _ _ _ 0
Moderate overextension (4° flexion - 24° extension) 1
Severely hyperextension ( > 10° extension) 2
Heel contact 0
Initial contact (#1) Flatfoot contact 1
Toe contact 2

3.1.2 Midstance

Peak sagittal trunk position ( #16)

Although the trunk will not move through a wide range of motion in the sagittal plane, its posture
and movement can still affect lower extremity gait patterns. The trunk usually maintains an upright
position during the stance and swing phases. A normal range of motion is less than 5° backward or
forward. The moderate range is defined as 6° to 15° forward (Figure 3.4 (a)) or more than 5°

backward (Figure 3.4 (b)), while the severe range is more than 15° forward (Figure 3.4 (c)) [15].

Pelvic rotation in midstance (#15)

During midstance the pelvis moves forward on the swing side, whereas the pelvis rotates backward
on the stance side. The pelvis should be neutrally rotated in midstance, between 5° retraction of the
stance leg and 0° forward rotation. More forward and backward rotation is required for a moderate

to severe condition [15].
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(@) (b) (©
Figure 3.4 (a) Moderate, (b) reduced, (c) marked peak sagittal position of trunk

Heel lift (#2)

Heel lift typically occurs between midstance and terminal stance or between the opposing swing
foot being level with the stance foot and the swing foot making contact with the ground. "Early"
heel lift” occurs when stance foot heel lift occurs before the swing foot is level with the stance foot
or before midstance (Figure 3.5 (a)). "Delayed heel lift” is when heel off occurs after terminal
stance, that is before or after opposite foot contact (Figure 3.5 (b)). “No heel contact” refers to the
absence of contact between the heel of the foot and the ground during the stance phase. “No
forefoot contact”, an infrequent calcaneus foot condition, occurs when the forefoot does not touch
the ground during stance [15]. Table 3.3 lists the sagittal parameters that must be examined in the

gait event's midstance position.
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(@) (b)
Figure 3.5 (a) Early heel lift, (b) Delayed heel lift.

Table 3.3 Sagittal view — midstance parameters

EVGS Parameter Criteria

Score

Marked forward ( >15° forward)

N

Moderate forward (6° - 15° forward)

Peak sagittal trunk position (#16) Normal upright (vertical to 5° back or forward)

Moderate backward ( > 5° back)

Marked retraction ( > 15°)

Moderate retraction (6° - 15°)

Pelvic rotation in midstance (#15) Normal (5° retraction - 10° protraction)

Moderate protraction (11° - 20°)

Severe protraction ( > 20°)

No forefoot contact

Delayed

Heel lift (#2) Normal

Early

No heel contact

NFRIOIFRLININ|IFP|IOIFRINIF O

3.1.3 Terminal stance

Peak hip extension in stance (#12)

Normal hip extension in stance ranges from neutral to 20° [15].
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Peak knee extension in stance (#9)

In a terminal stance, the knee almost entirely extends. A knee remaining more flexed throughout
stance is abnormal gait [15]. As the femur advances over a tibia that has been halted,

hyperextension may develop.

Maximum ankle dorsiflexion in stance (#3)

The normal ankle dorsiflexion range occurs when the tibia moves forward across the hindfoot at
first contact to dorsiflexion at the end of the stance while keeping the heel in touch with the ground.
Therefore, regardless of where the foot is positioned on the floor, the tibia-hindfoot angle is
recorded for this parameter. Excessive plantarflexion or excessive knee flexion can contribute to
abnormal gait and prevent the heel from making contact [15]. Figure 3.6 shows ankle dorsiflexion
and plantarflexion. Table 3.4 lists the sagittal parameters that must be examined in the gait event's

terminal stance position.

@ (b)
Figure 3.6 (a) Dorsiflexion, (b) plantarflexion
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Table 3.4 Sagittal view — terminal stance parameters

EVGS Parameter Criteria Score

N

Severe (> 15° flexion)

Moderate (1° - 15° flexion)

Peak hip extension in stance (#12) Normal (0°-20° extension)

Moderate hyperextension ( 21°- 35° extension)
Severely hyperextension ( > 35° extension)

Severe (> 25° flexion)

Moderate (16° - 25° flexion)

Peak knee extension in stance (#9) Normal (0°-15° flexion)

Moderate hyperextension 1° - 10° extension)
Severely hyperextension ( > 10° extension)

Excessive dorsiflexion ( > 40°)

Increased dorsiflexion (26° - 40°)

Max ankle dorsiflexion in stance (#3) | Normal (5°-25° dorsiflexion)
Reduced dorsiflexion ( 10°plantarflexion - 4°)

NFRPOIFRLININIFPIOIFRLININFIO|IF

Marked plantarflexion ( > 10°)

3.1.4 Mid swing

Peak knee flexion in swing (#11)

Knee flexion in swing phase is required to lift the lower extremity off the ground to proceed into
initial contact, and the toe will touch the ground if there is insufficient knee flexion. Knee flexion
is usually between 50° and 70° [15].

Maximum ankle dorsiflexion in swing (#7)

During swing phase, the ankle should be neutral to slightly plantarflexed (5°) [15].

Foot clearance in swing (#6)

The foot should be completely off the ground during the swing phase, referred to as "full
clearance”. Extreme lifting of the foot above the ground is referred to as "high steps.” Reduced
clearance is when the foot is barely lifted off the ground during swing phase. "None" denotes no

foot off throughout swing phase, where part of the foot is always in contact with the ground [15].

Table 3.5 lists the sagittal parameters that must be examined in midswing.
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Table 3.5 Sagittal view — midswing parameters

EVGS Parameter

Criteria

Score

Peak knee flexion in swing (#11)

Severely increased ( > 85° flexion)

N

Moderately increased (71° - 85° flexion)

Normal (50°-70° extension)

Moderately reduced (35° - 49° flexion)

Severely reduced ( < 35° flexion)

Maximum ankle dorsiflexion in
swing (#7)

Excessive dorsiflexion ( > 30°)

Increased dorsiflexion (16° - 30°)

Normal (15° dorsiflexion - 5° plantarflexion)

Reduced plantarflexion (6° - 20° plantarflexion)

Marked plantarflexion (> 20° plantarflexion)

Foot clearance in swing (#6)

High steps

Full clearance

Reduced clearance

None

NFRIOIFRPINFPIOIFRLINNFIOIF

3.2 Coronal view parameters

3.2.1 Midstance

Maximum lateral shift of trunk (#17)

During stance phase, the trunk moves 25 mm side to side towards the weight-bearing leg, which is

considered "normal." More than 25 mm of lateral flexion can be considered moderate to marked

lateral trunk shift (Figure 3.7). When the trunk stays bending over the opposite side, that is

swinging leg, trunk shift is “reduced™ (Figure 3.7 (c)) [73].

Maximum pelvic obliquity in midstance (#14)

During stance, the pelvis usually drops slightly to the other side before leveling at terminal stance.
To determine whether the pelvis is "Up" (Figure 3.8 (a)) or "Down," (Figure 3.8 (b)) the anterior

superior iliac spine (ASIS) should be evaluated in midstance in relation to the ASIS on the other

side [15].
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(@) (b) ©
Figure 3.7 (a) Moderate and (b) severe lateral trunk shift on right leg. (c) Reduced trunk shift on left leg

(@) (b)
Figure 3.8 (a) Up and (b) down pelvic obliquity on right leg
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Knee progression angle (#8)

The knee progression angle (KPA) is the direction the patella points with respect to the walking
path. During the gait cycle, the knee often points forward, which is considered "normal." A score
of 1 is for an internal or external rotated knee with the complete kneecap visible, and a score of 2
is for a rotated knee with only the part of the knee visible [15]. Figure 3.9 shows the externally
rotated knee with the knee cap fully and partially visible and the internally rotated knee with the

knee cap fully and partially visible.

=

@) (b) (© (d)

Figure 3.9 Right leg externally rotated (a) entire kneecap visible, (b) part kneecap visible. Right leg
internally rotated (c) entire kneecap visible, (d) part kneecap visible

Foot rotation (#5)

The foot progression angle is "normal™ when the foot is somewhat externally rotated in relation to
KPA [15]. Figure 3.10 shows internal and external foot rotation.
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| R — =

(@) (b)
Figure 3.10 Right foot (a) externally rotated (b) internally rotated

Hindfoot valgus/varus (#4)

Valgus is when the mid-calcaneal axis, the line that imaginarily connects the center of hindfoot
with the middle toe, deviates from the body's midline, also known as eversion or pronation. Varus,
also known as inversion or supination, occurs when the mid-calcaneal axis moves toward the body's
midline (Figure 3.11). The hind foot is in "normal™ condition when it is neutral or mildly valgus.

Table 3.6 lists the coronal parameters that must be examined in midstance.
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(@)

(b)

Figure 3.11 (a) Hindfoot varus, (b) hindfoot valgus

Table 3.6 Coronal view — midstance parameters

EVGS Parameter

Criteria

Score

Maximum lateral shift of trunk (#17)

Severe lateral trunk shift

N

Moderate increased lateral shift

Normal (approx. 25 mm over stance leg)

Reduced lateral shift of trunk

Maximum pelvic obliquity in stance
(#14)

Marked down ( > 10°)

Moderate down(1° - 10°)

Normal (0 - 5° up)

Moderate up (6° - 15°)

Marked up ( > 15°)

Knee progression angle (#8)

External, part knee cap visible

External, all knee cap visible

Neutral, knee cap midline

Internal, all knee cap visible

Internal, part knee cap visible

Foot rotation (#5)

Marked external >KPA (by >40°)

Mod external >KPA (by 21°-40°)

SI more external than KPA (by 0°-20°)

Mod internal >KPA (by 1°-25°)

Marked internal >KPA (by >25°)

Hindfoot valgus/varus (#4)

Severe valgus ( > 15°)

Moderate valgus (6° - 15°)

Neutral/slight valgus (0° - 5° valgus )

Mild varus (1° - 10°)

Severe varus (> 10°)

NIFRPIOFRPININFPIOIFRLININIFIOIFRININIFPIOIFRIN|IF|O|F
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4 Algorithm Development
This chapter discusses the development of an algorithm for calculating EVGS.

To achieve the automated EVGS analysis objective, the proposed system must be able to identify
the appropriate video frames for analysis and then apply a series of rules to generate scores for each
parameter. This involves two main tasks: creating a method for identifying the required gait events

in a walking video and creating an algorithm for scoring the EVGS parameters.

This chapter outlines the techniques and procedures used to implement stride detection and
compute the automatic EVGS score. Figure 4.1 provides the flowchart outlining the proposed
methodology for automatically scoring EVGS. The proposed methodology is to sequentially
implement pose estimation, view detection, direction of motion detection, gait event identification,
stride allocation, and finally algorithmic scoring of the EVGS. The details of each step are provided
in different sections. Section 4.1 presents the pose estimation step. Section 4.2 combines view
detection, direction of motion detection, gait event identification, and stride allocation into gait

event and stride detection. Section 4.3 presents the algorithmic implementation of EVGS.

Detection of

Pose Estimation sagittal/coronal Motion direction

views detection
Algorithmic Allocating foot .
implementation of events to specific i d(é;r?tl}f?éﬁ?én
EVGS strides

Figure 4.1 Overall methodology for calculating EVGS

A preliminary set of videos is needed to develop the algorithm. To obtain these videos, an able-
bodied individual walking in both sagittal and coronal views was recorded using a 60hz handheld
smartphone camera. The researcher manually labeled the ground truth of foot events in these videos

and evaluated each EVGS parameter, assigning scores accordingly. The algorithm for stride
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detection and EVGS evaluation was developed using this manually labeled ground truth of foot

events and the corresponding manual EVGS scores

4.1 Pose estimation

For each video frame, the OpenPose-BODY?25 model provided joint coordinates as keypoints
(Figure 4.2). Trajectories along the x and y coordinates can be noisy and sometimes contain
outliers, which indicates that the tool could not detect the proper position of that particular
keypoint. 2D keypoint data includes confidence scores that indicate the likelihood that the

keypoints were placed correctly.

Video keypoint data were filtered using a zero-phase second-order low-pass Butterworth filter with
a cut-off frequency of 12 Hz. The Butterworth filter provides the ideal trade-off between phase
responsiveness and attenuation. Because Butterworth filters have the sharpest roll-off attainable
for a given order without producing peaking in the Bode plot, they are known as maximally flat
filters. The Butterworth filter is a good option for organizing the multiple poles of higher-order
filters used in control systems [74]. To avoid Butterworth filter phase shift, the signal was

processed both forwards and backwards (i.e., dual pass).

Figure 4.2 OpenPose algorithm output example

The 2D keypoint processing strategy was adapted from earlier work done for a marker-less Al
motion-analysis method for hallways [75]. Video keypoint data were improved by removing
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keypoints with scores below a 10% threshold. After that, cubic spline interpolation was used to fill

gaps of five frames (0.083 s) or fewer.

4.2 Gait event and stride detection

Gait event identification was the next and most crucial stage of this project. Foot strike and foot
off are specific events in the gait cycle, while midstance and midswing are periods of the gait cycle
that occur over a number of frames. To determine the EVGS accurately, the specific frame number
where the peak of the period occurs must be identified. The midpoint of midstance and midswing
were labelled as mid-midstance and mid-midswing. Initial contact, mid-midstance, toe off, and
mid-midswing must be identified for the EVGS score. The process involved determining if the
video is in the sagittal or coronal plane; determining whether the motion is going left to right, right
to left, anterior to posterior, or posterior to anterior; detecting the four distinct gait events; and

assigning values to a particular stride.

4.2.1 Detection of sagittal/coronal views

An algorithm was developed to track the distance between the top chest and mid-hip keypoints
(trunk length). The algorithm considers a video to be sagittal when the absolute difference between
the distances in the first and last frames is less than a threshold (99 pixels). To identify the
threshold, 37 videos of able-bodied people walking in both coronal and sagittal views were
analyzed. A difference in trunk length of less than 99 pixels produced the best results, where the
video resolution was 1920 x 1080. Therefore, 99 pixels was set as the cutoff point for classifying

sagittal plane walking.

In the front view, when the person is far away from the camera, the keypoints appear in a small
area and as the person moves closer to the camera the keypoint coordinates reach their maximum
values, causing the trunk length to reach its maximum when the person is close to the camera
(Figure 4.3 (a)). Trunk length reduces from maximum when the person walks away from the
camera (Figure 4.3 (b)). Trunk length fluctuates very little when walking in the sagittal plane, and
trunk length stays within the threshold (Figure 4.4).
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Figure 4.3 Trunk length in coronal view. Participants moved (a) toward camera, (b) away from the
camera.

4.2.1 Motion direction detection

Following the coronal or sagittal identification of the video, the next step would be to determine

frontal or rear in coronal view and left to right or right to left in sagittal view.
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Figure 4.4 Trunk length in sagittal view. Black dashed lines shows that the change in trunk length
remained within the 99-pixel threshold

Coronal view

After categorizing the video as coronal, the algorithm determines the person’s walking direction in
the coronal plane (frontal or rear). Two techniques were applied, the point where the shoulder and

hip keypoints intersect and the trunk length.

In the first method, the algorithm attempted to recognize turns in videos that included a person
walking in both frontal and rear views. Turns were detected by identifying the optimal crossing
point between the shoulder and hip keypoints. The turning point was determined by tracking the
shoulder and hip along the x-axis. The ground truth was labelled and compared to the identified
turning point. This approach detected turns a few frames in advance (Figure 4.5), which was not
appropriate for accurately identifying motion direction. Hence, a second method was employed in
which the algorithm replicated the approach for locating the sagittal/coronal views. The algorithm
monitors the trunk length and compares the difference between the first and final frames. If the
difference is negative, the participant is facing forward and if the difference is positive, the person

is going away from the camera.
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Figure 4.5 Turning point selection based on hip and shoulder keypoints. The solid line represents the
detected frame, whereas the dashed line represents the ground truth.

Sagittal view

In the sagittal view, the algorithm tracks the nose location on the x-axis and calculates the
difference between nose positions in the first and final frames. X-coordinates are maximal at the
right border and minimal at the left border. Using this concept, if the difference is negative, the

person is walking from left to right (Figure 4.6). If the difference is positive, the person walks from

right to left . This method produced consistent results.
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4.2.2 Gait event identification

Sagittal view

Initial contact was determined by foot strike and terminal stance by foot off. The Zeni et al. [76]

method was employed to identifying foot strike and foot off. According to this approach, heel-

strike is when the sacral marker forward distance from the heel marker is at its maximum and toe-

off is when the toe marker is furthest posterior from the sacral marker. Since sacrum keypoints are

not provided in OpenPose, the midhip keypoint was used to replace the sacral marker

location. Figure 4.7 provides an example of identified foot strikes and foot off using the heel

position and mid-hip positions.

Right MidToe Position Relative to Mid Hip, X-axis

Right Heel Position Relative to Mid Hip, X-axis

Figure 4.7 Identification of heel strike and toe off for right leg (top) mid-toe position, (bottom) heel

200

150

100

50

=50

-100

150

100

50

Toe Off

\ | \ Vo
20 40 60 80 100 120 140
Frame Number
Heel Strike
i I Delta in X-axis
|
: /‘ / ' ——- Detected FE
| M §
| [\ !
: ! :
I [ 1
/ I } [l
[ | : -
—~/ / : /
I
| l
| / i \
| \ 1
I I
| \J /i \
20 40 60 80 100 120 140

Frame Number

position. Solid black line represents actual foot event frame and dashed red line is estimated foot event.
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The distance between the knees is measured to determine mid-midstance and mid-midswing. The
legs are closer together in mid-midstance posture; hence, the distance between the two knees would
be less at that time. Assuming that the right knee is (x4, y;) and the left knee is (x,, y,), the distance

between knees was calculated using equation 4.1 and mid-midstance was at the minimum distance.

d= (= x)2 + (v, — y1)? (4.1)
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Figure 4.8 Mid-midstance detection using knee distance. Dashed red line shows algorithmically
calculated mid-midstance. Solid black line shows actual frame number of the mid-midstance.
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Figure 4.9 Mid-midstance detection using toe distance. Dashed red line shows algorithmically calculated
mid-midstance. Solid black line shows actual frame number of the mid-midstance.
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As shown in the Figure 4.8, the algorithm estimated mid-midstance a few frames before the actual
mid-midstance, and there were several false positives. Therefore, a different approach that
measured the distance between the left and right big toe keypoints was used. As shown in Figure
4.9, the toe distance approach calculates mid-midstance more accurately than the knee distance

approach.

Coronal view

For a coronal view, the beginning and end of the stride, and mid-midstance must be located. The
same procedure was used as in the sagittal view, measuring the distance between the toes. The
midhip forward distance from the heel keypoints at its maximum was used to detect the first heel
strike (i.e., start of the current gait cycle) and the following heel strike by the same leg, which gives
the end of the current gait cycle and the start of the next gait cycle. Heel strike detection for the
right and left legs are shown in Figure 4.11. The algorithm-based heel strike differed greatly from
the ground truth foot strike due to limitations in OpenPose's identification of foot keypoints,
particularly the heel, ankle, and small toe keypoints. In the coronal view, these keypoints tend to
cluster, overlap, or get obstructed by the big toe keypoint. Additionally, OpenPose faces challenges
in accurately identifying the keypoints of the heel and small toe when the person appears smaller

in the video frame as they move farther away from the camera (Figure 4.10)

”~

Figure 4.10 Four foot keypoints overlapping.
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whereas the solid black line shows actual frame number of the heel strike.

The distance between the toes method was then used to determine mid-midstance, as well as the
beginning and end of strides. This approach was used since OpenPose consistently identified the
big toes, even when the person was further away from the camera. When the distance is smallest,
the toes are close to each other, resulting in mid-midstance. When the distance is the largest, the

toes are far apart, resulting in heel strike. In comparison to the previous approach, this approach

predicted heel strike more accurately (Figure 4.12).
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Figure 4.12 Distance between the toes during a walking trial (a) heel strike and (b) mid-midstance. The
red dashed line is algorithm's estimated mid-midstance and heel strike. Solid black lines are ground truth
for mid-midstance and heel strike.

4.2.3 Allocating foot events to specific strides

Figure 4.13 provides a flowchart for identifying strides. Following these steps, foot events are
assigned to particular strides by determining if the stride begins on the left or the right, acquiring
at least a stride to determine if the number of right/left foot strikes equals or exceeds 2, and

assigning events to particular strides by searching for foot-strikes, foot-offs, or mid-midstance that
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could happen between the start and finish of the stride. If there are fewer 2 foot-strikes, the warning

"insufficient number of strikes” will appear at the end of the loop.
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Figure 4.13 Flowchart of gait event identification
4.3 Algorithmic implementation of EVGS

The algorithmic implementation of the EVGS parameters is presented in the same order as the

EVGS parameters were presented in Chapter 3.

4.3.1 Peak hip flexion in swing (#13)

To determine hip angle, the angle between the axis perpendicular to the trunk axis and the thigh
axis was computed in the sagittal plane, since OpenPose does not provide keypoints for a pelvis
segment. The trunk axis was the axis between the neck and mid-hip keypoints. The line connecting
the hip and knee keypoints was the thigh axis. Note that this is different from how people can
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visualize hip angle, which is usually the thigh angle related to pelvis orientation.

Equation 4.2 was used to calculate the slope:

m = Y2—Y1 (4.2)
Xy —Xq

For the trunk axis, (x;, y;) are the neck coordinates and (x,, y,) are the mid-hip coordinates. Using
these coordinates and equation 4.2, the trunk axis angular coefficient was determined. The axis

perpendicular to the trunk axis thus had the following slope:
_1 (4.3)

A similar procedure was followed for the thigh axis, where m, was calculated from (x3, y3), which

corresponds to the hip's coordinates, and (x,, y,) represents the knee keypoints.

Vo — Y3 (4.4)
Xq4 — X3

mz =
Therefore, the angle (in degrees) is given by

m; —my
+ (m, * my)

360 (4.5)

*

2T

Onip = 90 — arctan ”1

When the knee is in front of the body, the angle value is positive (flexion).
4.3.2 Knee extension in terminal swing (#10)

Knee extension in terminal swing is determined using the knee angle. The knee angle is between
the thigh and shank sagittal axes. When the knee is flexed, the angle is positive. Equation 4.4
determines the slope of the thigh segment and equation 4.6 is for the tibia segment slope.

The axes used to compute joint angles are shown in Figure 4.14.
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Figure 4.14 Axes for EVGS computation

For the thigh, hip coordinates were (x3, y3), and knee coordinates were (x,, y,) and equation 4.4

is used to compute the angular coefficient of thigh axis m,.

The ankle coordinates were (xs, ys). The slope, m5, was calculated using equation 4.6.

m, = Y5 = Va (4.6)
X5 — Xy
Knee angle was then calculated using
Oknee = arctan ||1 + (m3 *my) s

4.3.3 Initial contact (#1)

To determine whether the heel, toe, or flatfoot makes initial contact with the ground, a line (foot
axis) between the heel and mid-toe (midpoint of the large and small toes) keypoints were used. The
angle between the foot axis and the image coordinate system x-axis in sagittal plane was measured.
The development dataset was used to calculate angle thresholds for scoring. The thresholds were
determined by evaluating sagittal videos showing any of the three conditions (heel contact, toe
contact, flatfoot contact). After analysis, the flatfoot contact range was set to between 0° and 20°
since 95% of the development dataset showed heel contact at more than 20° and toe contact less
than 0°.
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4.3.4 Peak sagittal trunk position (#16)

Similar to the foot position approach, a line from the neck to the mid-hip keypoint was used for
trunk angle. The angle between this trunk line and the x-axis of the image coordinate system in the
sagittal plane was calculated. Then, in accordance with the EVGS handbook [15], normal (vertical
to 5° forward or backward), abnormal (greater than 5° backwards or between 6° and 15° forward),

and highly abnormal (more than 15° forward) conditions were classified.

4.3.5 Pelvic rotation in midstance (#15)

OpenPose only provides hip keypoints, but the pelvis requires at least 3 keypoints to define segment
orientation. As a surrogate measure, pelvic rotation angle is determined from a line connecting the

right and left hip joints and the image coordinate system's sagittal plane y-axis.

436 Heel lift (#2)

Heel lift has five EVGS criteria: normal, early, delay, no heel, and no forefoot contact. Using the
same methodology for detecting foot position at initial contact, no forefoot touch and no heel
contact are detected at midstance. "No forefoot contact" refers to when the forefoot (the front part
of the foot, including the toes) does not contact the ground during mid-stance. "No heel contact"

refers to when the heel does not contact the ground during mid-stance.

Three foot-events (stance foot heel lift, other foot level with the stance foot, opposite foot contact
with the ground) are recorded if the foot is in a flat posture during midstance. A normal EVGS
score occurs if heel lift occurs on the stance leg between the other foot being at the same level as
the stance foot and the other foot making contact with the ground. Heel lift is early if the stance leg
heel lift occurs before the opposing foot levels with the stance foot. Heel lift is delayed if lifting

occurs after the opposing foot reaches the ground.

4.3.7 Peak hip extension in stance (#12)

Peak hip extension is determined by calculating hip angle in stance using equation 4.7.

4.3.8 Peak knee extension in stance (#9)

Similar to the knee extension in terminal swing, this parameter is calculated using the knee angle

given in the equation 4.7.
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4.3.9 Maximum ankle dorsiflexion in stance (#3)

The angle between the foot axis and the shank sagittal axis is dorsiflexion/plantarflexion.
Dorsiflexion angles are positive. Equations 4.8 and 4.9 are used to determine the tibia and foot
segments. The knee coordinates are (x4, y4), and ankle coordinates are (xs, ys). Using equation

4.6, the angular coefficient is m.

The heel coordinates are (x4, y¢) and the mean positions of the first and fifth toes are (x-, y,).

Equation 4.8 determines the slope m,.

Y7 = Ve (4.8)
x7 - x6

my =

The ankle angle is calculated using equation 4.9.

my —ms;
+ (my * m3)

360 (4.9)

*

2T

Oankie = arctan ”1

4.3.10 Peak knee flexion in swing (#11)

Similar to the knee position and knee extension parameter, this parameter is derived using the knee

angle given in equation 4.7.

4.3.11 Maximum ankle dorsiflexion in swing (#7)

This is similar to the maximum ankle dorsiflexion parameter in stance (#3). Ankle angles were
calculated using equation 4.9. The main difference is that the previous maximum ankle dorsiflexion
parameter used a terminal stance frame, while “maximum ankle dorsiflexion in swing” uses a

midswing frame

4.3.12 Foot clearance in swing (#6)

Foot clearance has four criteria: full clearance, reduced clearance, no clearance, and high steps.
Toe, heel, and ankle keypoints are considered for this parameter. Full clearance occurs when the
toe and heel involved in foot clearance cross the toe and heel of the opposing leg, respectively.
Reduced clearance occurs when the heel crosses the opposing leg's heel, but the toe remains below
or on the same level as the opposite leg's toe. No clearance is when both toe and heel are below the
opposite toe and heel, respectively. A high step occurs if the toe passes the opposite leg's midpoint

between the ankle and knee.
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4.3.13 Maximum lateral trunk shift (#17)

The EVGS instructions for maximum lateral trunk shift are not machine-friendly because the
scale's description only refers to "marked,"” "reduced,"” or "moderate” trunk shift, with no threshold
values provided to distinguish between the various conditions. The proposed approach for
determining lateral trunk shift involves computing the angle between the trunk axis and the image
coordinate's y-axis in the coronal plane. Angle thresholds at which the trunk shift is normal,
moderate, and marked were determined using the development dataset. Videos from the coronal
view that displayed any of the three conditions (normal, mild trunk shift, marked trunk shift) were
analyzed. After analysis, maximum lateral trunk shift was considered normal if the angle was
between 0° and 5°, reduced if the angle was less than zero, moderate if the trunk angle was between

6° and 15°, and severely inclined if the trunk angle was greater than 15°.
4.3.14 Maximum pelvic obliquity in midstance (#14)

Similar to pelvic rotation, pelvic obliquity angle is determined between a line connecting the right

and left hip joints and the image coordinate system's y-axis in the coronal plane.
4.3.15 Knee progression angle (#8)

Knee progression angle is highly subjective and depends on visual cues. This parameter determines
if the kneecap is visible. EVGS instructions are insufficient to determine the knee progression angle
using only OpenPose keypoints. The proposed method of determining knee progression angle
involves obtaining the ankle angle using equation 4.9 and establishing threshold values using the
development dataset. Following video analysis, normal was chosen as an ankle angle between -25°
to 25°, internal rotation as an ankle angle more than 25°, and external rotation as an ankle angle

less than - 25°.

4.3.16 Foot rotation (#5)

The ankle angle given in equation 4.9 is used to determine foot rotation.

4.3.17 Hindfoot valgus/varus (#4)

Hindfoot valgus/varus is calculated using a line connecting the ankle and heel keypoints and the

image coordinate's y-axis in the coronal plane.
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5 Algorithm Evaluation: Methodology, Results and Discussion

This chapter presents the methodology to evaluate the new EVGS algorithmic scoring approach.
Since the clinical implementation of EVGS is human-scored, algorithmic scoring was evaluated
by comparison to scoring by a panel of scorers. This chapter is divided into three sections. The first
section details the methodology for evaluating the algorithm, including the video collection
process, the role of human scorers and their training, and how the comparison of scorer scoring
with algorithmic scoring was implemented. The second section presents the results of the

evaluation, while the third section presents and discusses the findings from these results.
5.1 Methods

5.1.1 Video data set

To develop the algorithm, a preliminary set of videos was collected. These videos featured an able-
bodied individual walking in both sagittal and coronal views, and were captured using a handheld

smartphone camera operating at a 60 Hz.

To assess automated EVGS analysis system performance, a separate set of videos was collected.
This set included videos depicting both normal and abnormal gait conditions for each EVGS
parameter (i.e., the person walked to match conditions for each EVGS parameter). This also
allowed for a thorough evaluation of the system performance since the videos can be used to test

various gait patterns.

Participant recruitment

Three participants volunteered from the Mobile Motion Lab, a collaboration between the
Children’s Hospital of Eastern Ontario (CHEO) clinicians and University of Ottawa professors and
students. The participants had a solid understanding of gait events. Participants were instructed to
wear running shoes; tightly fitting, brightly colored clothes; and shorts with kneecap visible.
Participants were female, 20 to 25 years, and with no issues affecting walking. Inclusion criteria

were being an able-bodied individual and having the ability to follow instructions.

Data collection strategy

Before video recording, the gait conditions mentioned in the EVGS scale were explained to
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participants so that they could recreate these conditions. Nine gait sets were collected for the

sagittal view (healthy, hip, knee, trunk, ankle, pelvis, foot position, heel lift, foot clearance) (Table

5.1) and five gait sets for the coronal view (healthy, knee, trunk, foot, pelvis) (Table 5.2). Thirty-

seven walking trials were collected, one for each condition and two were normal gait. This

approach allowed for a comprehensive examination of different gait conditions and can help in the

evaluation of algorithms for automatically calculating EVGS.

Table 5.1 Gait sets in sagittal view

Gait set Condition Description
Healthy Normal Walk normally
Hip Flexion At initial contact, walk with your hips flexed.
Extension At terminal stance, walk with your hips extended.
Knee Flexion At initial contact and mid-swing, walk with your knee
flexed.
Extension At initial contact and terminal stance, walk with your knee
extended.
Ankle Dorsiflexion During terminal stance and mid-swing, walk with your
ankle dorsiflexed.
Plantarflexion During terminal stance and mid-swing, walk with your
ankle plantarflexed.
Trunk Reduced Walk with your trunk more than 5° backward.
Moderate Lean forward 6° to 15° while walking.
Marked Lean more than 15° forward while walking.
Pelvis Protraction Walk with the pelvic region extended more than 10°.
Retraction Retract the pelvic region more than 5° when walking.

Foot position

Toe contact
Heel contact
Flatfoot contact

Make initial contact with the floor with your toes.
Make initial contact with the floor with your heel.
Make initial contact with the ground with foot flat.

Heel lift

No forefoot contact
No heel contact
Early

Walk on your heel.

Walk on your toes.

Raise your heel off the ground before your opposing foot
aligns with your stance foot.

Delayed Raise your heel from the ground after the opposing foot has
contacted the ground.
Foot clearance High steps Lift your knees high in the air as you walk.

Reduced clearance

No clearance

Do not completely lift your foot off the ground as you walk.
Either the heel or toe is still in contact with the ground.

Do not take your feet off the ground. When walking, drag
your legs.
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Gait set Condition Description
Healthy Normal Walk normally
Knee External: Full Walk with your knees externally rotated and your whole
kneecap kneecap visible
External: Part Walk with your knees externally rotated and your part of
kneecap the kneecap visible
Internal: Full Walk with your knees internally rotated and your whole
kneecap kneecap visible
Internal: Part Walk with your knees internally rotated and your part of the
kneecap kneecap visible
Foot External: Moderate Walk with your feet 21° to 40° externally rotated.
External: Marked Walk with your feet turned externally by more than 40°.
Internal: Marked Walk with your feet 1° to 25° internally rotated.
Internal: Moderate Walk with your feet internally rotated by greater than 25°,
Pelvis Up When you walk, lift one hip over the other by more than 5°.
When walking, lower one hip more than a degree while
Down raising the other.
Trunk Reduced During midstance, walk with your trunk tilted toward the
opposing leg.
Moderate Tilt your trunk more than 25 millimeters toward the stance
leg at midstance.
Marked At midstance, lean your trunk significantly towards the
stance leg

Setup and video collection

Data were collected using an iPhone 13 pro with 2532x1170 pixel resolution. The videos were
captured in 1080p resolution at 60 frames per second (fps).The smartphone was handheld to
replicate use situations without a tripod or other support. Three individuals were involved in each
recording process: a volunteer being recorded, a phone video recording operator, and an assistant
to monitor the recording. The operator was instructed to maintain a steady hand and hold the camera
at approximately neck level during the entire trial, to ensure that the participant’s entire body was
captured in the video. The camera was oriented parallel to the plane being captured (i.e., sagittal or
coronal). For the coronal view, the operator positioned themselves in front of the participant as
they walked towards the camera. The participant then turned around and walked away from the
camera. In the sagittal view, the operator stood to the side of the participant to capture their entire
side body. The participant walked from left to right, covering a minimum of three strides, and then
reversed direction, walking from right to left. The distance between the participant and video
operator varied was based on the participant's body height, such that the body was within the video
field while being as large as possible (Figure 5.1).
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A satisfactory video had the participant visible, balanced indoor lighting, and no images, objects,
or people in the background that may be mistaken for the participant. The recording took place in
a university corridor with tile flooring as the surface and without other people walking in the

capture area. The walls and floor were bare.

A brief description, diagram, or video of each gait pattern was provided before the video trial to
ensure that the participants understood and interpreted the walking pattern correctly. Additionally,
a manual was provided for the participants to read before the video session, to help reduce any bias

that may be introduced by any demonstration of the gait pattern.

During each trial, participants were instructed to walk a minimum of three strides at a comfortable
self-selected speed in the hallway. After completing the initial strides, participants took a brief two-
second break, then turned 180° in their chosen direction, followed by another brief two-second
break. Subsequently, participants resumed walking straight for least three additional strides. To
achieve the required stride count, a distance of 10 meters was sufficient. Each participant completed

37 walking trials, resulting in 111 videos being collected.

Video processing

To ensure the quality and consistency of the video data, pre-processing steps were carried out on
the collected dataset. Each video was trimmed at the start and end to eliminate frames where the
person was not on camera. Sagittal view videos were divided into left to right and right to left
directions, while coronal view videos were divided into front view and rear view. Video quality
was checked to ensure that it met the required standards. Videos that were not taken correctly were

removed and recaptured.

After pre-processing, 216 videos were available for analysis.
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Figure 5.1 Setup for video recording in both sagittal (a) and coronal (b)views
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5.1.2 Scorers and training

In clinical settings, the Edinburgh Visual Gait Score (EVGS) is a score assigned by a human
through video observation of a person's walking. To assess algorithm performanc scores by humans

were compared with the scores generated by the algorithm.

Five University of Ottawa students who were Mobile Motion Lab team members volunteered to
score videos, each with a sufficient understanding of gait events but little expertise in EVGS.
Before evaluating the videos, all scorers were briefed on normal gait kinematics, gait phases, and
methodologies for recording and reviewing gait recordings. Additionally, the purpose and

background of the EVGS were discussed, and gait analysis using the EVGS was demonstrated.

For training, the scorers manually scored an example video using the EVGS and then compared
their results to gain a better understanding. The scorers then used EVGS to evaluate the video
independently, without consulting one another. Slow motion and freeze-frame playback were used
with video player software. Scorers did not have time restrictions and could work at their own pace

while reviewing.

5.1.3 Algorithm evaluation methodology

To validate the approach to automatically calculate EVGS scores, independent evaluations were

completed for stride detection and EVGS scoring.

To evaluate the stride detection algorithm, ground truth foot events were manually identify . One
of the scorers thoroughly reviewed each video and manually identified the foot events. The ground
truth was then manually labeled for coronal/sagittal view, motion direction, foot strike and foot off,
mid-midstance, and the total number of strides in each video. For EVGS algorithm evaluation, each
video was scored by at least two scorers. The scorers used the EVGS to evaluate the videos
independently, without consulting one another. Each scorer was unaware of the other scorer’s

results.

Each scorer completed an EVGS form containing all the EVGS parameters for each leg. The
scorers evaluated the entire gait cycle, including multiple strides, for each leg in each video.
However, only the most frequent score (aggregate score) for each parameter for each leg in each
video was considered as the final score. The use of an aggregated score also helped reduce potential

biases introduced by evaluating only a single stride, The videos are rated between 0 and 2, with 0

Automated Implementation of the Edinburgh Visual Gait Score (EVGS) 56



Chapter 5  Algorithm Evaluation: Methodology, Results and Discussion

denoting normal performance and two denoting highly abnormal as given in EVGS scale. Scorers
were instructed to assess joint angles using their eyes alone, without using any software or other

tools, to replicate the instructions described in EVGS.

Once the ground truth for coronal/sagittal view, motion direction, foot strike and foot off, mid-
midstance, the total number of strides and the EVGS score was marked by the scorers for each
video, the algorithmic results and EVGS scores were compared with the scorer results. When using
a human-scored scale like the EVGS, it is important to assess the degree of agreement or
disagreement between different scorers. One way to do this is to perform a correlation analysis
between the scores assigned by different scorers, which can help to determine the degree of
consistency. Pearson correlation is a statistical measure that is used to evaluate the strength and
direction of the linear relationship between two variables. In this case, the correlation was used as

a metric to compare algorithmic and scorer results.

5.2 Results

The outcomes of each step in gait event and stride detection (view detection, direction of motion
detection, gait event identification, and stride allocation) are reported in Section 5.2.1. The
evaluation of gait event and stride detection involved comparing the algorithmic findings with the
scorer marked ground truth. In Section 5.2.2, the results of each EVGS parameter are presented.
For EVGS, the correlations between the scorers and the correlations between the algorithmic scores

and each scorer (scorer 1 and scorer 2) are reported.
5.2.1 Results of foot event and stride detection

Coronal/Sagittal view detection

To assess sagittal or coronal view identification, algorithmic findings and ground truth were
compared. Table 5.3 displays sagittal or coronal view (number of videos) classification confusion
matrices. The accuracy was 96.3%, sensitivity was 93.1%, specificity was 98.4%, precision was
97.6%, and F1-score was 0.95.
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Table 5.3 Confusion matrix for coronal/sagittal view identification

Algorithm Coronal Sagittal
Ground Truth
Coronal 82 2
Sagittal 6 126

Algorithm accuracy was acceptable. However the algorithm mistakenly identified the video as
frontal coronal in some instances when multiple people were in the video or a person unexpectedly
turned towards the camera while walking in the sagittal view (i.e., person's orientation changed

towards the camera).

Motion direction detection

Table 5.4 and Table 5.5 show confusion matrices for detecting the direction of motion (number of
videos). For the coronal view, accuracy was 92.8%, sensitivity was 90.9%, specificity was 95.0%,
precision was 95.2%, and F1-score was 0.93. For the sagittal view, accuracy was 92.4%, sensitivity

was 93.7%, specificity was 91.1%, precision was 90.9%, and F1-score was 0.92.

Table 5.4 Confusion matrix for detecting direction of motion (coronal view)

Algorithm Frontal Rear
Ground Truth
Frontal 40 2
Rear 4 38

Table 5.5 Confusion matrix for detecting direction of motion (sagittal view)

Algorithm Left nght
Ground Truth
Left 60 6
Right 4 62
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The algorithm correctly determined direction in the majority of videos. The algorithm failed to
properly detect when a person's reflection was visible on the wall, when numerous people were in
the video, when the camera moved as the person moved (both small and large movements of the

camera), or when the participant was not in the frame the entire time.

Foot strike, foot off, and mid-midstance detection

The algorithmically determined foot strike, foot off, and mid-midstance were compared to
manually labelled ground truth. Each video was classified into three categories based on the
discrepancy between the identified frame number and the actual frame number. The categories
were: two frames or less discrepancy, two to five frames discrepancy, and more than five frames
discrepancy. Each stride was marked and the most frequently occurring category was recorded as
the final result. Figure 5.2 shows an example in which the algorithm identified foot events within

two frames of the ground truth.
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Figure 5.2 Example where the algorithm detects a (a) toe-off (b) heel strike and (c) mid-midstance (shown
by a dashed red line) within two frames of a manually labeled event (solid black line).

Additional foot events may occasionally be detected by the algorithm, while other times the
algorithm may not detect an event. These circumstances occurred only on rare times when the
OpenPose keypoints abruptly swapped between legs. Figure 5.2 (a) shows an example in which
the algorithm finds additional mid-midstance, while Figure 5.2 (b) shows an example in which the

algorithm failed to recognise midstance.
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Figure 5.3 An example of a scenario in which the algorithm detects additional mid-midstance (a) but fails to detect a

mid-midstance (b) (shown by ellipse region).

Table 5.6, Table 5.7 and Table 5.8 compare foot strike, foot off, and mid-midstance.

Table 5.6 Foot strike accuracy. The number of videos in each category in sagittal or coronal views.

Differ by more than Differ by two to five | Differ by Two frames
five frames frames or less
Coronal 22 27 35
Sagittal 20 91 21
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Table 5.7 Foot off accuracy. The number of videos in each category in sagittal or coronal views.

Differ by more than Differ by two to five Differ by Two frames
five frames frames or less
Coronal 20 33 31
Sagittal 19 87 26

Table 5.8 Mid-midstance accuracy. The number of videos in each category in sagittal or coronal views.

Differ by more than Differ by two to five Differ by Two frames
five frames frames or less
Coronal 18 24 42
Sagittal 4 1 127

Number of strides

The difference between the number of strides detected by the algorithm and the number of strides
detected by the scorer are displayed in Table 5.9. Each video was classified into three categories
based on the difference between the identified number of strides and the actual number of strides.

The categories were: two strides or less, two to five strides, more than five strides.

Table 5.9 Difference between the number of strides detected by the algorithm and the number of strides

detected by the scorer

Differ by more than Differ by two to five Differ by two strides
five strides strides or less
Coronal 3 4 77
Sagittal 3 3 126

5.2.2 Results of automated Edinburgh Visual Gait Score

Coronal videos

EVGS scores were computed for five coronal view parameters. Pearson correlation analyses
assessed the relationship between scorer 1 and scorer 2, scorer 1 with the algorithm, and scorer 2

with the algorithm, for both legs for each gait set. EVGS score correlations between scorers (R1,
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R2) and the algorithm for right and left legs for different gait sets are shown in separate tables:
Table 5.10 for healthy gait set, Table 5.11 for the knee gait set, Table 5.12 for the foot gait set,
Table 5.13 for the pelvis gait set, and Table 5.14 for the trunk gait set. Table 5.15 reports the overall
average correlation between scorers and algorithm of entire dataset, as well as the average

correlation of scorers for each parameter.

Table 5.10 EVGS correlations between scorers (R1, R2) and the algorithm for healthy gait set

Parameter R1 and R2 R1 and algorithm R2 and algorithm

Right Left Right Left Right Left

Lateral trunk shift (#17) 1.00 1.00 0.84 0.61 0.84 0.61
Pelvic obliquity (#14) 0.92 1.00 0.92 1.00 0.84 1.00
Knee progression angle (#8) 1.00 1.00 0.92 1.00 0.92 1.00
Foot progression angle (#5) 1.00 1.00 1.00 0.83 1.00 0.83
Hindfoot valgus/varus (#4) 1.00 1.00 -0.61 -0.61 -0.61 -0.61

Table 5.11 EVGS correlations between scorers (R1, R2) and algorithm for knee gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm

Right Left Right Left Right Left

Lateral trunk shift (#17) 0.52 0.77 0.77 0.62 0.67 0.81
Pelvic obliquity (#14) 0.52 1.00 -0.26 -0.26 -0.13 -0.26
Knee progression angle (#8) 0.45 0.67 0.70 0.92 0.87 0.87
Foot progression angle (#5) 0.92 1.00 0.77 0.83 0.83 0.64
Hindfoot valgus/varus (#4) 0.89 0.67 0.20 0.20 -0.04 0.30

Table 5.12 : EVGS correlations between scorers (R1, R2) and the algorithm for foot gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm

Right Left Right Left Right Left

Lateral trunk shift (#17) 0.90 1.00 1.00 1.00 0.87 1.00
Pelvic obliquity (#14) 0.82 1.00 -0.58 0.58 0.71 0.58
Knee progression angle (#8) 0.58 0.58 0.58 0.58 0.33 1.00
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Foot progression angle (#5) 1.00 1.00 1.00 0.90 1.00 0.90
Hindfoot valgus/varus (#4) 0.58 0.58 0.33 0.33 -0.58 -0.58

Table 5.13 EVGS correlations between scorers (R1, R2) and algorithm for pelvis gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm

Right Left Right Left Right Left

Lateral trunk shift (#17) 0.70 0.29 0.77 0.45 0.54 0.22
Pelvic obliquity (#14) 0.92 0.67 0.60 -0.41 0.45 -0.31
Knee progression angle (#8) 0.88 0.71 0.45 0.10 0.22 0.49
Foot progression angle (#5) 0.49 0.61 0.27 0.71 0.91 0.06
Hindfoot valgus/varus (#4) 0.92 0.84 -0.38 0.38 0.54 0.38

Table 5.14 EVGS correlations between scorers (R1, R2) and algorithm for trunk gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm

Right Left Right Left Right Left
Lateral trunk shift (#17) 0.72 0.84 0.75 0.64 0.60 0.50
Pelvic obliquity (#14) 0.87 0.78 0.10 0.64 -0.12 0.82
Knee progression angle (#8) 0.91 0.78 0.33 0.41 0.28 0.41
Foot progression angle (#5) 0.60 0.92 0.77 0.83 0.43 0.91
Hindfoot valgus/varus (#4) 0.68 0.68 0.22 -0.03 0.32 0.22

Table 5.15 The overall average correlation between scorers and algorithm of entire dataset, as well as the

average correlation of scorers for each parameter.

R1 and R2 | R1, R2 and Algorithm

Parameters Right | Left | Average
Lateral trunk shift (#17) 0.77 0.77 | 0.65 0.71
Pelvic obliquity (#14) 0.85 0.25 | 0.34| 0.30
Knee progression angle (#8) 0.76 0.56 | 0.68 0.62
Foot rotation (#5) 0.85 0.80 | 0.74 0.77
Hindfoot valgus/varus (#4) 0.78 -0.06 | 0.00 | -0.03
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Sagittal videos

The sagittal view had nine gait sets. Correlations between scorers (R1, R2) and the algorithm for

right and left legs for different gait sets are shown in Table 5.16 for healthy gait set, Table 5.17 for
the hip set, Table 5.18 for the knee set, Table 5.19 for the ankle set, Table 5.20 for the trunk set,
Table 5.21 for the pelvis set, Table 5.22 for the foot position set, Table 5.23 for the heel lift set,and

Table 5.24 for the foot clearance set. Table 5.25 reports the overall average correlation between

scorers and algorithm of entire dataset, and the average correlation of scorers for each parameter

Table 5.16 EVGS correlations between scorers (R1, R2) and algorithm for healthy gait

Parameters R1 and R2 R1 and algorithm | R2 and algorithm
Right Left Right Left Right Left
Peak hip flexion (#13) 1.00 1.00 1.00 1.00 1.00 1.00
Knee extension in terminal swing 1.00 1.00 1.00 1.00 1.00 1.00
(#10)
Initial contact (#1) 1.00 1.00 1.00 1.00 1.00 1.00
Peak sagittal trunk position (#16) 1.00 1.00 1.00 1.00 1.00 1.00
Pelvic rotation in midstance (#15) 1.00 1.00 0.69 0.71 0.92 0.98
Heel Lift (#2) 1.00 1.00 0.41 0.41 0.41 0.41
Peak hip extension (#12) 1.00 1.00 1.00 0.91 1.00 0.91
Peak knee extension in stance (#9) 1.00 1.00 0.92 0.87 0.92 0.87
Max ankle dorsiflexion in stance (#3) | 1.00 1.00 1.00 0.75 1.00 0.75
Peak knee flexion in swing (#11) 1.00 1.00 1.00 1.00 1.00 1.00
Ankle dorsiflexion in swing (#7) 1.00 1.00 0.92 1.00 0.92 1.00
Foot clearance (#6) 1.00 1.00 -0.17 -0.24 0.17 -0.24

Table 5.17 EVGS correlations between scorers (R1, R2) and algorithm for hip set

Parameters R1 and R2 R1 and algorithm | R2 and algorithm

Right Left Right Left Right Left

Peak hip flexion (#13) 1.00 1.00 0.85 0.88 0.85 0.88

Knee extension in terminal swing 0.47 0.35 0.47 0.73 1.00 0.26

(#10)

Initial contact (#1) 1.00 1.00 1.00 1.00 1.00 1.00

Peak sagittal trunk position (#16) 0.75 0.75 0.73 1.00 0.55 0.75

Pelvic rotation in midstance (#15) 1.00 0.91 0.73 0.93 0.73 0.88
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Heel Lift (#2) 0.75 0.75 0.47 0.35 0.35 0.47
Peak hip extension (#12) 1.00 0.89 1.00 0.91 1.00 0.77
Peak knee extension in stance (#9) 1.00 1.00 0.92 0.87 0.92 0.87
Max ankle dorsiflexion in stance 0.68 0.68 0.55 0.75 0.37 0.11
(#3)

Peak knee flexion in swing (#11) 0.55 0.55 0.55 0.73 1.00 0.40
Ankle dorsiflexion in swing (#7) 0.30 1.00 0.65 1.00 -0.26 1.00
Foot clearance (#6) 0.32 0.32 -0.11 0.24 -0.47 0.17

Table 5.18 EVGS correlations between scorers (R1, R2) and algorithm for knee gait set

Parameters R1 and R2 R1 and algorithm | R2 and algorithm
Right Left Right Left Right Left

Peak hip flexion (#13) 1.00 1.00 0.65 0.00 0.65 0.00
Knee extension in terminal swing 0.63 0.86 0.63 0.61 1.00 0.84
(#10)
Initial contact (#1) 1.00 1.00 1.00 1.00 1.00 1.00
Peak sagittal trunk position (#16) 1.00 1.00 0.71 1.00 0.71 1.00
Pelvic rotation in midstance (#15) 0.71 0.71 -0.24 0.22 -0.34 0.46
Heel Lift (#2) 1.00 1.00 -0.32 -0.32 -0.32 -0.32
Peak hip extension (#12) 1.00 1.00 -0.20 1.00 -0.20 1.00
Peak knee extension in stance (#9) 1.00 1.00 1.00 0.88 1.00 0.88
Max ankle dorsiflexion in stance 0.82 0.82 0.27 1.00 0.50 0.82
(#3)
Peak knee flexion in swing (#11) 0.63 0.63 0.45 0.61 0.71 0.77
Ankle dorsiflexion in swing (#7) 0.89 0.89 1.00 0.20 0.89 0.45
Foot clearance (#6) -0.29 1.00 0.00 0.20 0.56 0.20

Table 5.19 EVGS correlations between scorers (R1, R2) and algorithm for ankle gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm
Right Left Right Left Right Left
Peak hip flexion (#13) 1.00 1.00 1.00 1.00 1.00 1.00
Knee extension in terminal swing 1.00 1.00 1.00 0.77 1.00 0.77
(#10)
Initial contact (#1) 1.00 1.00 1.00 1.00 1.00 1.00
Peak sagittal trunk position (#16) 1.00 0.71 0.71 1.00 0.71 0.71
Pelvic rotation in midstance (#15) 0.63 0.63 -0.43 0.71 -0.55 0.45
Heel Lift (#2) 0.88 0.88 -0.80 -0.80 -0.88 -0.88
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Peak hip extension (#12) 1.00 0.71 0.63 0.50 0.63 0.71
Peak knee extension in stance (#9) 0.84 0.58 0.77 0.61 0.43 0.71
Max ankle dorsiflexion in stance 0.88 0.88 0.93 0.88 0.79 0.80
(#3)

Peak knee flexion in swing (#11) 0.17 0.77 0.86 0.77 0.41 0.50
Ankle dorsiflexion in swing (#7) 1.00 1.00 1.00 1.00 1.00 1.00
Foot clearance (#6) 0.63 0.63 0.29 -0.25 0.00 -0.63

Table 5.20 EVGS correlations between scorers (R1, R2) and algorithm for trunk gait set

Parameters R1 and R2 R1 and algorithm | R2 and algorithm

Right Left Right Left Right Left
Peak hip flexion (#13) 0.82 0.67 -0.45 0.15 -0.46 0.23
Knee extension in terminal swing (#10) 0.89 0.70 1.00 0.75 0.89 0.67
Initial contact (#1) 0.81 0.81 1.00 0.86 0.81 0.78
Peak sagittal trunk position (#16) 1.00 1.00 0.82 0.82 0.82 0.82
Pelvic rotation in midstance (#15) 0.88 0.88 -0.45 0.01 -0.32 -0.02
Heel Lift (#2) 0.80 0.88 0.80 0.88 1.00 1.00
Peak hip extension (#12) 0.67 0.38 0.67 0.67 1.00 0.67
Peak knee extension in stance (#9) 0.68 0.50 0.75 0.90 0.75 0.43
Max ankle dorsiflexion in stance (#3) 0.80 0.80 0.91 1.00 0.49 0.80
Peak knee flexion in swing (#11) 0.49 0.38 0.90 0.82 0.30 0.31
Ankle dorsiflexion in swing (#7) 1.00 1.00 1.00 0.67 1.00 0.67
Foot clearance (#6) 0.55 0.94 -0.22 -0.16 -0.23 -0.17

Table 5.21 EVGS correlations between scorers (R1, R2) and algorithm for pelvis gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm
Right Left Right Left Right Left
Peak hip flexion (#13) 0.61 0.17 0.58 -0.33 1.00 0.87
Knee extension in terminal swing 0.77 0.74 0.36 0.83 0.32 0.78
(#10)
Initial contact (#1) 0.81 0.88 0.97 0.89 0.85 0.77
Peak sagittal trunk position (#16) 0.76 0.65 0.72 0.86 0.81 0.66
Pelvic rotation in midstance (#15) 0.56 0.43 0.22 0.27 -0.02 0.12
Heel Lift (#2) 0.69 0.68 -0.59 -0.32 -0.22 -0.22
Peak hip extension (#12) 0.54 0.57 0.71 1.00 0.45 0.53
Peak knee extension in stance (#9) 0.52 0.54 0.77 0.35 0.64 0.55
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Max ankle dorsiflexion in stance 0.47 0.54 0.64 0.40 0.53 0.38
(#3)

Peak knee flexion in swing (#11) 0.68 0.67 0.70 0.61 0.40 0.27
Ankle dorsiflexion in swing (#7) 0.69 0.75 0.79 0.51 0.58 0.73
Foot clearance (#6) 0.73 0.74 -0.33 0.10 -0.38 0.05
Peak hip flexion (#13)

Table 5.22 EVGS correlations between scorers (R1, R2) and algorithm for foot position gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm
Right Left Right Left Right Left

Peak hip flexion (#13) 1.00 1.00 1.00 0.50 1.00 0.50
Knee extension in terminal swing 0.75 0.75 0.75 1.00 0.72 0.75
(#10)
Initial contact (#1) 1.00 1.00 1.00 0.92 1.00 0.92
Peak sagittal trunk position (#16) 0.94 0.94 0.80 0.74 0.75 0.81
Pelvic rotation in midstance (#15) 0.77 0.70 0.67 0.52 0.29 0.60
Heel Lift (#2) 0.93 0.93 -0.92 -0.58 -0.94 -0.60
Peak hip extension (#12) 0.80 0.80 1.00 1.00 0.80 0.80
Peak knee extension in stance (#9) 1.00 1.00 0.76 0.89 0.76 0.89
Max ankle dorsiflexion in stance 0.45 0.45 0.90 0.00 0.43 0.44
(#3)
Peak knee flexion in swing (#11) 1.00 1.00 0.87 0.94 0.87 0.94
Ankle dorsiflexion in swing (#7) 1.00 1.00 1.00 0.90 1.00 0.90
Foot clearance (#6) 0.76 0.76 -0.22 0.50 -0.22 0.66

Table 5.23 EVGS correlations between scorers (R1, R2) and algorithm for heel lift gait set

Parameters R1 and R2 R1 and algorithm | R2 and algorithm

Right Left Right Left Right Left

Peak hip flexion (#13) 0.52 0.76 0.18 0.53 -0.08 0.41
Knee extension in terminal swing (#10) 0.69 0.69 0.23 0.84 0.36 0.76
Initial contact (#1) 0.82 1.00 1.00 0.82 0.82 0.82
Peak sagittal trunk position (#16) 0.67 0.30 0.67 1.00 1.00 0.30
Pelvic rotation in midstance (#15) 0.82 0.82 -0.26 0.22 -0.16 0.27
Heel Lift (#2) 0.90 0.90 -0.69 0.00 0.72 0.05
Peak hip extension (#12) 0.53 0.53 0.36 1.00 0.43 0.53
Peak knee extension in stance (#9) 0.76 0.76 0.90 0.35 0.88 0.23
Max ankle dorsiflexion in stance (#3) 0.55 0.67 0.07 0.68 0.59 0.43
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Peak knee flexion in swing (#11) 0.38 0.38 0.36 0.60 -0.26 -0.04
Ankle dorsiflexion in swing (#7) 0.83 0.76 0.54 0.76 0.32 1.00
Foot clearance (#6) 0.67 0.67 -0.27 0.11 -0.41 0.17

Table 5.24 EVGS correlations between scorers (R1, R2) and algorithm for foot clearance gait set

Parameters R1 and R2 R1 and algorithm R2 and algorithm
Right Left Right Left Right Left

Peak hip flexion (#13) 0.76 0.31 0.89 0.59 0.88 0.85
Knee extension in terminal swing 0.87 0.78 0.10 0.64 -0.12 0.82
(#10)
Initial contact (#1) 0.63 0.64 0.90 0.92 0.73 0.58
Peak sagittal trunk position (#16) 0.69 0.71 0.69 0.84 0.69 0.85
Pelvic rotation in midstance (#15) 0.08 -0.22 0.24 0.08 -0.20 -0.51
Heel Lift (#2) 0.23 0.21 -0.17 -0.39 -0.43 -0.10
Peak hip extension (#12) 0.29 0.37 0.77 1.00 0.13 0.24
Peak knee extension in stance (#9) -0.19 -0.15 0.64 -0.19 0.27 0.53
Max ankle dorsiflexion in stance 0.41 0.51 0.96 0.52 0.55 0.26
(#3)
Peak knee flexion in swing (#11) 0.65 0.63 0.88 0.27 0.60 -0.09
Ankle dorsiflexion in swing (#7) 0.25 0.49 0.82 -0.15 0.43 0.30
Foot clearance (#6) 0.77 0.81 -0.51 -0.30 -0.52 -0.68

Table 5.25 The overall average correlation between scorers and algorithm, as well as the average correlation

of scorers for each parameter.

Parameters R1 and R2 R1, R2 and Algorithm
Right Left Average
Peak hip flexion (#13) 0.81 0.64 0.56 0.60
Knee extension in terminal swing (#10) 0.78 0.65 0.77 0.71
Initial contact (#1) 0.91 0.95 0.90 0.93
Peak sagittal trunk position (#16) 0.83 0.77 0.84 0.81
Pelvic rotation in midstance (#15) 0.68 0.09 0.38 0.23
Heel Lift (#2) 0.80 -0.12 -0.05 -0.09
Peak hip extension (#12) 0.73 0.62 0.79 0.70
Peak knee extension in stance (#9) 0.71 0.78 0.64 0.71
Max ankle dorsiflexion in stance (#3) 0.69 0.64 0.60 0.62
Peak knee flexion in swing (#11) 0.64 0.64 0.58 0.61
Ankle dorsiflexion in swing (#7) 0.83 0.76 0.72 0.74
Foot clearance (#6) 0.67 -0.17 -0.01 -0.09
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5.3 Discussion

The discussion is divided into two sub-sections for coronal view parameters and sagittal view

parameters. The analysis and conclusions for each parameter are provided at the end of the section.

In each of the two sub-sections, the discussion is structured in the following manner. First, the
correlation between scorers is discussed, followed by a discussion on the correlation between
scorers and the algorithm. Then, the performance of each parameter for different gait sets is
discussed, along with a comparison between the correlation of the scorers and the correlation

between the scorers and the algorithm for each parameter.

5.3.1 Coronal view parameters

Based on coronal view analysis across different gait sets, higher correlations among scorers
(r>0.85) occurred for foot rotation and maximum pelvic obliquity in midstance. Hindfoot valgus
and varus had a correlation coefficient of over 0.75, indicating a moderately high level of
agreement between scorers. On the other hand, the correlation coefficients were lower for lateral
trunk shift and knee progression angle, at less than 0.75. Literature on EVGS interrater reliability
found that the level of agreement between scorers varied for each parameter [50]. The highest level
of agreement was observed for knee progression angle, with 81% agreement rate among scorers.
Foot rotation had a lower agreement rate of 69%, and lateral trunk shift had the lowest agreement
rate of 67%. Although there were variations in correlation coefficients in this thesis and level of
agreement in the literature, the overall range of agreement among scorers for each gait parameter

was consistent between this study and the literature review

Correlations between the algorithm and scorer were highest for foot rotation (r = 0.77). However,
when considering the intra-scorer reliability mentioned in paper [51], the percentage of agreement
between experienced scorers was lower (53%) for foot rotation compared to other parameters. The
coorelation for lateral trunk shift was next highest (r = 0.71), while hindfoot valgus and varus
parameters showed the lowest correlation (r = -0.03). Hindfoot valgus/varus correlations were
close to zero, indicating no relationship between algorithm and scorer results. Keypoints on the
ankle and heel that are near each other in a narrow area and are far from the camera are more likely
to be occluded during walking, which helps to explain these differences. Figure 5.3 depicts the
change in foot keypoints as the person moves away from the camera. Because the two legs are

close together, the foot keypoints for the left leg are not accurately detected. This issue is related
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to the smaller size of hindfoot in the video frame, and becoming smaller as the person moves farther
from the camera. It is important to note that this challenge is not exclusive to the algorithm because

humans may also have difficulties when assessing foot keypoints in similar circumstances.

(@) (b)
Figure 5.4 An example where OpenPose fails to recognize heel, ankle, big toe, and small toe accurately.

For pelvic obliquity, the paremeter involves movement of the entire pelvis segment. Hip keypoints
were used as a surrogate measure of pelvic movement, since they are a part of the pelvic region.
Since these points may not represent the entire pelvic segment, lower correlations between the
algorithm and scorer were anticipated. The difference is also attributed to a scorer looking at the
entire pelvis when making their assessment, which differs from the algorithm only using hip

keypoints.

When analysing parameter correlations for various gait sets, with the exception of the hindfoot
valgus and varus parameters, all parameters demonstrated strong correlations between scorers and
the algorithm for the healthy gait set. Knee progression angle had a stronger correlation within the
knee gait set (participant varied their knee biomechanics while walking), while foot progression
angle and lateral trunk shift had the strongest correlation within the foot gait set (participant varied

their foot biomechanics while walking).

Figure 5.6 presents the scorer correlation alongside the algorithm/scorer correlation. For all coronal
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parameter, correlations between the algorithm and the scorer were lower that between review
outcomes. As mentioned in the previous paragraph, this difference can be attributed surrogate
measures from OpenPose BODY-25 keypoints. Also, if the camera is not parallel to the coronal
plane and oriented vertically, parallax effects may not accurately depict the body segments and
orientation can affect measures where the phone axis is assumed to aligned to the ground. This
misalignment can result in keypoint detection errors, particularly for body parts that are closer to

the camera.
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Figure 5.5 Scorer correlation and correlation between the algorithm and the scorers

5.3.2 Sagittal view parameters

Based on the analysis of the data for the sagittal view, it was found that the the level of agreement
between scorers was highest for initial contact (r = 0.91), followed by ankle dorsiflexion in swing
and trunk position (both 0.83), heel lift (r = 0.80), foot clearance (r = 0.67), and lower for knee
flexion (r = 0.64). The literature on interrater reliability of sagittal view gait parameters found that
initial contact had an agreement rate of 90%, while foot clearance and heel lift had agreement rates
of 82-83% [50] . Knee extension in terminal swing had an agreement rate of 62%, and knee peak
flexion in swing had an agreement rate of 69%. In summary, both the thesis results and literature
show that initial contact is the most consistent parameter when assessing the interrater reliability
of sagittal view gait parameters. Other parameters such as trunk position, ankle dorsiflexion in
swing, foot clearance, and heel lift also had high levels of agreement between scorers. However,
knee flexion, knee extension in terminal swing, and knee peak flexion in swing had lower levels of

agreement.
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The correlation between the algorithm and scorer was highest for foot position (r > 0.85), followed
by trunk position (~0.80), and lowest for heel lift and foot clearance (r = -0.09). Foot paramters
correlations were close to zero, indicating no relationship between algorithm and scorer results.
Foot parameters are a component of smaller joints, are the keypoints farthest from the cameras and
are more occluded during walking. Pelvic parameters had lower correlations (r = 0.23), which
aligns with the percentage of agreement between scorers mentioned in [51] where maximum pelvic
obliquity in midstane had a lower agreement rate of 55% compared to other parameters. This lower
correlation can be attributed to the use of hip keypoints as a surrogate measure for pelvic

movement, as the hips are part of the pelvic region.

Knee flexion and ankle dorsiflexion in swing had stronger correlations between algorithm and
scorers when using the foot position gait set. Trunk position had a better correlation for the knee
gait set. In contrast, peak hip flexion and ankle dorsiflexion in swing had the strongest correlations

when using the ankle gait set.

Figure 5.6 presents the scorer correlation alongside the algorithm/scorer correlation. Except for the
heel lift and foot clearance parameters, there is a relationship between the level of agreement
among the scorers and the correlation between scorer and algorithmic score of the EVGS.
Correlation of the initial contact parameter as assessed by the algorithm and the scorers was higher
than the correlation between the scorers themselves. This suggests that the algorithm performs well
in accurately assessing the initial contact parameter. There is a substantial difference in the
correlation of the peak hip flexion parameter between scorers as well as between the scorers and
the algorithm. This variability can be attributed to the fact that the parameter has a definite
threshold, where small differences in angle measurements can lead to different scores. For example,
a score of O corresponds to peak hip flexion angles between 25 ° and 45° while a score of 1
corresponds to angles between 45 ° and 60 °. Scorers may not accurately detect small angle changes,
such as differences between 44 © and 46 ° leading to discrepancies in their assessments. In contrast,
the algorithm is able to detect even small changes in angle measurements and assign scores
accordingly. Therefore, the algorithm provides a more objective and consistent assessment of the

peak hip flexion parameter compared to the subjective assessments of human scorers.

Automated Implementation of the Edinburgh Visual Gait Score (EVGS) 73



Chapter 5  Algorithm Evaluation: Methodology, Results and Discussion

0 ‘l ‘l || “ |I ‘ ‘l || || || Il |

Peak hip flexion Knee extension |Initial contact Peak sagittal Pelvic rotation Heel L\ 2) Peak hip Peak knee Max ankle Peak knee Ankle Foot c\e
(#13) in terminal (#1) trunk position  in midstance extension (#12) extensionin  dorsiflexion in flexion in swing dorsiflexion in (#6)
swing (#10) (#16) (#15) stance (#9) stance (#3) (#11) swing (#7)

o
o

o
S

=}
LS}

-0.2

m Correlation between scorers m Correlation between the algorithm and the scorers

Figure 5.6 Scorer correlation vs the correlation between the algorithm and the scorers

The foot striking and foot off detection are crucial for heel lift. Even a small frame change affects
the heel lift parameter. Consider, for instance, a scenario in which the foot strike of the opposite
leg occurs at frame 53 and foot off occurs at frame 52. In this case, the patient would be scored as
having a normal heel lift (Score 0). The stride detection algorithm identified the foot strike at frame
53 and the foot off at 54. Even if the detected footevent is not accurate, foot event frames still falls
within the permitted range of 2, which is used for the stride detection section. The condition would
therefore be considered delayed, and a score of one would be assigned. This demonstrates how
even a little variation of 1 frame would substantially affect the heel lift parameter.In Figure 5.7(a),
the scorers gave the person a score of 2, and the condition was listed as "No clearance.” The patient
in Figure 5.7(b) obtained a score of 1, and the scorers labeled the condition "Reduced clearance."
However, the algorithm recognized Figure 5.7(a) as "Reduced clearance™ and Figure 5.7(b) as "No
clearance” since the keypoints are clustered in a small area, and there was no data for the floor axis.
Therefore, it is anticipated that there would be more inaccuracy in the foot clearance and heel lift
parameters.

Automated Implementation of the Edinburgh Visual Gait Score (EVGS) 74



Chapter 5  Algorithm Evaluation: Methodology, Results and Discussion

@ (b)
Figure 5.7 (a) No clearance (b) Reduced clearance

5.3.3 Conclusion

The results for each of the various gait parameters included in the EVGS are summarized in the
Table 5.26 using the overall average correlation between scorers and algorithm (Table 5.15 and
Table 5.25). Correlations were interpreted as very high (0.9 < r < 1.00) , high (0.70 < r < 0.90),
moderate (0.50 < r < 0.70), low (0.30 < r < 0.50), and negligible (0.00 < r < 0.30) [77].

The algorithm performance for identifying gait parameters varied across the different parameters
assessed. For foot progression angle (#5), both the correlation between scorers and the correlation
between scorers and algorithm were high, indicating that the algorithm performed well in
identifying this parameter. The correlation between scorers was also high for this parameter. For
knee progression angle (#8), there was moderate agreement between scorers with a correlation of
0.76, while the correlation between scorers and algorithm was 0.62, suggesting that the algorithm
performed reasonably well. Finally, for lateral trunk shift (#17), the correlation between scorers
was 0.77, indicating moderate agreement, and the correlation between scorers and algorithm was

0.71, suggesting that the algorithm performed reasonably well for this parameter. Pelvic obliquity
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(#14) and hindfoot valgus/varus (#4) were two coronal parameters for which the algorithm's
performance was relatively poor compared to the human scorers in coronal view. The correlation
coefficients between the two scorers were 0.85 for pelvic obliquity and 0.78 for hindfoot
valgus/varus. In contrast, the correlation coefficients between the algorithm and each scorer were
0.30 for pelvic obliquity and -0.03 for hindfoot valgus/varus. These results suggest that the
algorithm struggled to accurately identify these parameters in a way that aligned with human
judgment, particularly for hindfoot valgus/varus. However, it is worth noting that the correlation
between the two scorers for hindfoot valgus/varus was relatively low compared to other coronal

parameters, which may have contributed to the algorithm's lower performance

The correlation between the algorithm and both scorers for the initial contact parameter was high
(0.93). The correlation between the scorers was also high (0.91), suggesting that the algorithm was
able to accurately identify the initial contact point in a way that closely aligned with human
judgment. This indicates that the algorithm works well for this parameter. For knee extension in
terminal swing (#10), peak sagittal trunk position (#16), peak hip extension (#12), peak knee
extension in stance (#9), max ankle dorsiflexion in stance (#3), and peak knee flexion in swing
(#11), the correlation coefficients between both human scorers and the algorithm were similar and
in the same range. This indicates that the algorithm is performing comparably to human scorers for
these parameters and is able to identify important gait events in a way that closely aligns with
human judgment. The correlation between both scorers for the heel lift parameter (#2) was high
(0.80), indicating that they generally agreed on when this gait event occurred. However, the
correlation between the algorithm and both scorers was low (-0.09), suggesting that the algorithm

had difficulty accurately identifying the heel lift event in a way that aligned with human judgment.

Similarly, for the foot clearance parameter (#6), the correlation between both scorers was moderate
(0.67), indicating some variation in their judgments. However, the correlation between the

algorithm and both scorers was again low (-0.09).
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Table 5.26 Correlation interpretation between scorers (R1 and R2) and algorithm

Parameter Quality
Foot rotation (#5) High
Maximum lateral trunk shift (#17) High
Coronal -
Parameters _ Knee progression gngle_ (#8) Mod_er_ate
Maximum pelvic obliquity in midstance (#14) Negligible
Hindfoot valgus/varus (#4) Negligible
Initial contact (#1) Very high
Peak sagittal trunk position (#16) High
Maximum ankle dorsiflexion in swing (#7) High
Knee extension in terminal swing (#10) High
Peak knee extension in stance (#9) High
Sagittal Peak hip extension in stance (#12) High
Parameters Maximum ankle dorsiflexion in stance (#3) Moderate
Peak knee flexion in swing (#11) Moderate
Peak hip flexion in swing (#13) Moderate
Pelvic rotation in midstance (#15) Negligible
Heel lift (#2) Negligible
Foot clearance in swing (#6) Negligible
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6 Summary, Conclusions and Future work

6.1 Research summary

Abnormal gait patterns affect the capacity to carry out daily tasks. Early detection of gait
irregularities is essential since it enables strategies to prevent or reduce the effects of these
abnormalities on a person’s mobility, independence, and overall life quality. The key to enhancing
results is early and accurate intervention. Gait analysis is useful in determining normal and
pathological gait patterns. The Edinburgh Visual Gait Score (EVGS) is a comprehensive visual
assessment tool that is extensively used to help clinicians identify gait patterns. Automating gait
analysis using the Edinburgh Visual Gait Scale would offer advantages for both physicians and
patients. For physicians, the availability of EVGS data streamlines the decision-making process
and enables continuous monitoring of patients. Meanwhile, patients benefit from receiving gait
analysis in a local and low-interference setting, saving time and effort on travel and providing more

convenient access to healthcare services.

There are three steps involved in automating gait analysis using EVGS:
e A posture estimation model is used to identify joints and body keypoints in a video.
e A stride detection module recognizes the gait strides and foot events.

e Sagittal and coronal parameters are computed using the algorithmic EVGS.

This thesis includes a detailed introduction to stride recognition and visual gait analysis, as well as
some major research in this field to aid in developing the foundation necessary for implementing
and assessing the study objective. Based on our initial findings, the proposed approach for
markerless gait analysis using pose estimation models and automatically evaluating the Edinburgh
visual gait scale parameters seems promising. The thesis objective was outlined and result for that

is detailed below:

Objective: Design and evaluate an algorithm for detecting foot events and strides, and
automatically determine the Edinburgh Visual Gait Scale (EVGS) score from video obtained with

a handheld smartphone camera.

An algorithm has been developed for detecting foot events and strides, and automatically
determining the Edinburgh Visual Gait Scale (EVGS) score from video obtained with a handheld

smartphone camera. To evaluate the feasibility of using the proposed approach for generating
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EVGS scores, human scorers were requested to indicate ground truths for foot events and strides
and manually score each video using the Edinburgh visual gait scale without any additional analytic
tools. Separate validation procedures were used for the stride identification and scoring portions of

the Edinburgh visual gait scale.

For the stride detection component, the algorithmically identified foot events are compared with
the reviewed ground truth. The comparison revealed that the stride detection component worked

better for sagittal videos than coronal videos.

For EVGS component, Of the 17 parameters evaluated using the EVGS, the algorithm produced a
correlation coefficient between the two human scorers (R1 and R2) and the algorithm of more than
75 percent for eight parameters. The algorithm provided between 60 and 75 percent correalation
results for four parameters, less than 30 percent correalation results for two parameters, and
negative correlation results for three parameters (Hindfoot valgus/varus (#4) , Heel lift (#2) , Foot

clearance in swing (#6)).

These findings suggest that the use of videos recorded with a handheld smartphone camera,
processed by pose estimation models, and assessed by artificial intelligence algorithms is a feasible
approach for generating EVGS scores, although further research is needed to improve the
algorithm’s performance for the parameters with lower correlation coefficients. The results also
highlight the importance of human oversight to ensure accurate scoring, particularly for the
parameters where the algorithm's performance was limited. However, it should also be noted that

the algorithm's output could be better than inexperienced raters.
6.2 Assumptions and limitations

6.2.1 Assumptions

First, it was assumed that the camera held parallel to the plane of movement had minimal movement
or shaking while recording the video. Next, it is important that the area where the videos were
recorded had appropriate lighting for the algorithm to identify the people. Participants were
expected to walk in the targeted area without using mobility aids. Finally, it was assumed that only
one participant at a time walked and was recorded on camera and that the results were based on

one person at a time.
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6.2.1 Limitations

The trials were recorded with a high-end smartphone (iPhone 13 Pro) in a location with good
lighting, and there was no person reflection on the wall or floor that the algorithm would mistake

for a second person.

To capture all possible EVGS conditions, a healthy person mimicked pathological gait conditions.

More research, particularly on patients with pathological gait is needed.

In this study, adult participants were recruited, despite the EVGS scale being designed for children.
As a result, there may be size and body ratio differences between adults and the intended
population. These differences should be considered when interpreting the study’s findings and their

applicability to the target age group.

We aim to utilize this system in clinical and patient settings. When deploying this automated EVGS
analysis in a patient's home, challenges may arise related to lighting conditions, phone orientation,
and the potential misidentification of objects as a person or a person assisting the patient during
walking. This thesis did not evaluate various lighting conditions, backgrounds, or several
participants at once. Additionally, people using support aids to move, wearing loose clothes,

unsteady hand-held video, could negatively affect the results.

6.3 Future work

The thesis created a novel “markerless and clinical scale-based” gait analysis with handheld
smartphone data that can deliver results that would be beneficial for both physicians and patients
by remotely assessing the patient’s gait with the capacity to be employed in their local environment.
This thesis provides an accurate, accessible, and viable technique for automatically assessing
human gait using EVGS. The integration of smartphone technology and scale-based gait analysis

offers a cost-effective and convenient approach to gait analysis

A potential source of error for the proposed EVGS analysis model is video orientation variability
with a hand-held smartphone. Future research could capture smartphone acceleration and
orientation data at the same time as recording video, and then use this data to align all video frames
to gravity. This would provide a consistent basis for video processing, reducing errors due to
varying floor plane angle that affect foot measurements or vertical angle that affects torso and

pelvis measurements.
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The current sagittal/coronal detection algorithm relies on fixed thresholds, which may not be
applicable in all cases. Future work could use ratios or other equations to calculate thresholds that

adapt well to different people and environments.

An app for smartphone-based gait analysis can also be created. With the development of a
smartphone app for gait analysis, it will be possible to automatically obtain the Edinburgh Visual

Gait Score (EVGS) score for a participant simply by capturing a video through the app

Future research should also involve more patient walking data. In each recording session for this
experiment, we gathered data on walking for approximately 10 to 15 seconds. For a more accurate
capture of the patient's gait pattern, it would be ideal if they provided at least 30 seconds of walking
data because the more strides taken, the more foot events that may be recognized, increasing the
likelihood that the appropriate score will be determined with the least amount of influence from
outliers. People with abnormal gait may require mobility assistance. Future studies should make
an attempt to collect as much data as possible from each patient while keeping safety and medical
concerns in mind. Additionally, mobility aids as well as varying lighting and ambient conditions
need to be considered. To increase the accuracy of the exact identification of frames of the foot
events and strides, several ML algorithms may be implemented. In addition to the EVGS, this study

may also use other visual gait assessment scales.
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