Automated Objective Video Quality Assessment for the
Automated Edinburgh Visual Gait Score (EVGS)

Rajkumar Arumugam Jeeva

Thesis submitted to the University of Ottawa in partial
fulfillment of requirements for the degree of

Master of Applied Science

Biomedical Engineering

P

I

uOttawa
Ottawa Carleton Institute for Biomedical Engineering

University of Ottawa
Ottawa, Ontario

© Rajkumar Arumugam Jeeva, Ottawa, Canada, 2025



Abstract

This thesis presents a framework for automated video quality assessment in gait analysis,
addressing critical challenges in clinical gait evaluation. The research focuses on developing robust
algorithms for detecting multiple persons, plane orientation, zoom artifacts, computing overall
video quality score, and generating feedback suitable for automated Edinburgh Visual Gait Score
(EVGS) scoring.

The methodology involves extracting skeletal keypoints from video frames using the
MoveNet Lightning pose estimation model. The algorithms use these keypoints to detect multiple
persons, track the person of interest, detect the plane of motion, identify overlapping people, detect
camera zooming, and evaluate video resolution. These components are integrated into a unified
quality classification system using a Random Forest classifier.

Results demonstrated exceptional performance across various metrics. The plane detection
algorithm achieved excellent classification in both training and validation datasets, ensuring only
appropriately videos are used for analysis. Multiple person detection and overlap assessment
algorithms show strong performance, with accuracies of 96% and 95% respectively in the
validation dataset. The zoom detection algorithm achieved 92% accuracy in identifying sudden
zoom events in the video. The overall video quality assessment framework demonstrates a 95%
accuracy in categorizing videos as either suitable for immediate analysis or requiring manual
editing. This high level of accuracy showcases the effectiveness of the proposed methodology in
automating the quality assessment process. The system also provides specific suggestions for
improvement when videos fail to meet quality standards, enhancing the overall efficiency of the
gait analysis workflow.

In conclusion, this research makes significant contributions to automated gait analysis by
addressing the crucial aspect of video quality assessment. The developed framework demonstrates
high performance score across various quality metrics, potentially removing the need for manual

quality check for automated EVGS scoring in clinical practice

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) ii
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Chapter 1 Introduction

1 Introduction

1.1 Research context and scope

Gait analysis has emerged as a crucial tool in clinical settings for diagnosing and treating various
gait-related pathologies [1]. The systematic study of human locomotion provides invaluable
insights into biomechanical stability and motor function, supporting surgical planning and
rehabilitation therapies [2]. While traditional gait analysis methods have relied on manual
observation and scoring, recent advancements have led to automated systems for recognizing gait
events and estimating gait parameters [3]. However, the effectiveness of these automated systems
heavily depends on the quality of input videos.

Video quality assessment (VQA) has become increasingly important in the context of
medical imaging and gait analysis [4]. Unlike entertainment or general-purpose videos, medical
videos require specialized quality metrics that consider diagnostic relevance and clinical utility. In
the realm of gait analysis, video quality can significantly affect the accuracy of automated
assessments, making it crucial to develop robust VQA methods tailored to this domain [4], [5].
Content-based video quality assessment has evolved to incorporate both technical and semantic
elements, recognizing that quality extends beyond mere technical parameters [6]. The presence of
artifacts like zoom effects, more than one person, or invalid camera angle can severely affect
automated gait analysis algorithm performance.

Recent research has focused on developing task-specific quality assessment methods for
medical videos [6]. These approaches aim to evaluate video quality based on its fitness for specific
clinical tasks, such as gait parameter estimation or joint angle measurement. By incorporating
domain knowledge and clinical requirements, these methods provide more relevant quality scores
than traditional, general-purpose VQA techniques [4], [5], [7].

This thesis encompasses the development and validation of a comprehensive video quality
assessment framework specifically designed for gait analysis videos. This framework addresses
key challenges in automated gait analysis, including the detection of multiple persons, plane
orientation classification, zoom artifact identification, and resolution assessment. By providing an
objective measure of video quality, and generating feedback to users, this research seeks to
eliminate the need the manual quality checking, making automated EVGS scoring truly automatic.

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 1



Chapter 1 Introduction

1.2 Rationale

Automated systems for recognizing gait events and estimating EVGS scores represents a
substantial advancement in the field [3]. These systems leverage pose estimation models, such as
OpenPose [8], to extract body keypoints and assess gait patterns. However, the effectiveness of
these automated systems heavily depends on the quality of input videos [9]. Unlike manual scoring,
where human observers can adapt to variations in video quality, automated systems are limited in
their ability to cope with poor input conditions [10]. Factors such as bad camera angles, zooming
artifacts, low resolution, and the presence of multiple individuals can adversely effect keypoint
detection accuracy. Consequently, high-quality input videos are essential for reliable automated
EVGS scoring. The need for consistent, high-quality video inputs has led to the current practice of
manual quality checks, which are time-consuming, subjective, and prone to inconsistencies.
Automating the video quality assessment process is crucial to improve efficiency, reduce human

bias, and ensure consistent and accurate inputs for automated EVGS systems.

1.3 Scope

This thesis focuses on developing and validating an automated video quality assessment framework
for gait analysis videos. The research encompasses the design, implementation, and validation of
algorithms for detecting multiple persons, plane orientation, zoom artifacts, and overall video
quality suitable for automated EVGS scoring.

1.4 Objective
The primary objective is to create a robust, automated system for assessing the quality of gait

analysis videos.

1.5 Thesis contributions
This thesis makes several important contributions to the field of automated gait analysis and video
quality assessment:

o Developed a comprehensive automated video quality assessment framework specifically
tailored for gait analysis videos. This framework integrates multiple quality metrics,
including plane detection, multiple person detection, zoom artifact identification, and
resolution assessment.

o Created a novel plane detection algorithm that accurately classifies video orientations into

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 2



Chapter 1 Introduction

sagittal, coronal, and transverse planes. Defining the plane is important since the automated
EVGS algorithm applies different measurement techniques specific to coronal and sagittal
planes.

e Created a robust multiple person detection and overlap assessment algorithm, addressing
the challenge of identifying and isolating the person of interest in gait videos.

e Designed an innovative zoom detection algorithm that identifies and quantifies zoom
artifacts, a critical factor in maintaining consistent participant size and position for accurate
gait analysis.

e Integrated the individual quality components into a unified quality scoring system, that
classifies videos as either suitable for immediate analysis or requiring manual editing or
redoing.

e Developed an automated feedback mechanism that provides actionable suggestions for
improving video quality, enhancing the overall efficiency of the gait analysis workflow.

These contributions collectively address the critical need for automated quality assessment in gait

analysis, potentially revolutionizing the automated EVGS scoring in clinical practice.

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 3



Chapter 2 Literature review

2 Literature review

2.1 Gait analysis

Gait analysis is the systematic study of human locomotion, often used in a clinical setting to
diagnose and treat gait-related pathologies [1]. Observing the process of walking allows a clinician
to identify complications and assess treatment outcomes in various therapies or interventions. This
analysis is important for treating gait disorders, cerebral palsy, balance impairments, stroke,
Parkinson's disease, and orthopedic disorders [3], [11]. Comprehension of human gait provides
necessary knowledge for biomechanical stability and motor function for surgical planning and
rehabilitation therapies [12].

2.1.1 Edinburgh Visual Gait Score

The Edinburgh Visual Gait Score is a systematic, standardized instrument to assess gait
abnormalities with video documentation [13], [14]. The EVGS offers numerical data on the
severity of gait impairments by scoring critical gait parameters. Such scoring systems are adopted
widely in research settings and clinical practice, offering health professionals a mode of enhancing

communication while observing changes in gait over time [15].

EVGS requires clinicians to review video recordings of a patient's gait, typically in the
sagittal or coronal planes, and score these based on predetermined criteria. While this approach
provides standardized evaluation, scoring may be variable, mainly because of the observer’s

experience and the level of proficiency [16].

Traditional EVGS scoring methodologies depended on manual analysis of gait videos, a
process that is time-consuming and subject to errors. In fact, manual EVGS evaluation from video
can take approximately 24.7 minutes, thereby posing a time burden to healthcare professionals [3].
Moreover, human observation is subjective, bringing inconsistency and is influenced by the
scorer’s experience and proficiency. These challenges have led to research into automated methods
to improve the accuracy and efficiency of EVGS scoring [3] by recognizing gait events and
applying algorithms to estimate EVGS scores. Markerless pose estimation methods, such as
OpenPose Body 25, extract body keypoints that denote joints and limb segments [8]. This model

has served as a base for algorithms that effectively identified strides and foot events, thus providing
Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 4



Chapter 2 Literature review

a sound framework for the automated scoring of EVGS [3].

2.2 Dependency of input video quality

Automated EVGS scoring using pose estimation models for body keypoint detection [3], [8] works
well in controlled environments and requires clear, stable, and well-framed videos. Unlike manual
scoring, where human observers can adapt to these variations in video quality, automated systems
are currently limited by an inability to cope with poorer input conditions. Bad camera angles,
zooming artifacts (e.g., inward zoom or outward zoom), or low resolution may adversely effect
keypoint detection accuracy; hence, high-quality input videos are required for reliable EVGS

scoring [17]

Invalid video not only compromises the precision of gait assessments but also reduces trust
in system outputs. Automated EVGS systems require videos to be acquired in sagittal and coronal
planes. Videos acquired at other angles, including transverse or oblique views, prohibit the system's
ability to correctly calculate EVGS scores. Errors in keypoint recognition result from such
missteps. Missed or incorrectly identified keypoints subsequently limit the algorithm's capability

to calculate valid gait scores.

Automated EVGS algorithms are based on the correct detection of keypoints, which include
shoulders, hips, knees, and ankles [3]. Videos with low resolution, zooming artifacts, overlapping
individuals, or excess background clutter may influence algorithm performance and cause
misidentification of the person or an incorrect bounding box determination. Misaligned, missing,
or distorted keypoints all similarly affect parameters precision (i.e., joint angles, stride length, etc.).
Errors in the calculated parameters can lead to incorrect EVGS scores [3].

Manual quality checks can be performed to ensure that videos meet quality requirements.
However, this is time-consuming, subjective, and prone to inconsistencies. Automating the manual
quality check process will help to improve efficiency, reduce human bias, and guarantee consistent
and accurate video inputs for an automated EVGS system, which leads to a truly automated system.
Automated video quality assessment mechanisms can be implemented to overcome these
challenges and hence open ways for reliable and efficient use of automated EVGS in clinical

settings [9].

2.3 Visual based video quality assessment

Video quality assessment methods are essential for evaluating the suitability of videos for various
Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 5
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applications, ranging from entertainment streaming to clinical and forensic analysis. Depending on
the availability of an undistorted reference (ideally the original image or video), visual quality-
based techniques are typically divided into three categories: Full Reference (FR), No Reference
(NR), or Reduced Reference (RR). NR measures evaluate the quality solely using the distorted
image. FR metrics forecast the quality by directly comparing the reference and its distorted
counterparts. RR metrics compare features representative of the distorted and reference images [4].

Performance is usually evaluated through a statistical comparison with subjective results [18].

2.3.1  Full-Reference methods
Full-Reference methods compare the distorted video with an original, undistorted reference video.
These methods typically provide the most accurate quality predictions but are limited in practical
applications where the reference is unavailable [4], [19]. Common metrics include:

e Mean Squared Error (MSE): Average squared difference between corresponding pixels in
the reference and distorted videos. While computationally simple, MSE does not correlate
well with human perception [20].

e Peak Signal-to-Noise Ratio (PSNR): Derived from MSE, PSNR evaluates the ratio of signal
power to noise, providing a logarithmic measure of quality. However, PSNR also fails to
account for perceptual factors [20].

e Structural Similarity Index (SSIM): Perceptually oriented metric that evaluates luminance,
contrast, and structural similarity between frames. SSIM is widely used due to its better

alignment with human visual perception [21], [22].

FR metrics have several limitations. They require access to an undistorted reference image,
which is often unavailable in real-world scenarios [19]. FR metrics may not always correlate well
with human perception, especially for complex distortions [23]. Additionally, FR metrics can be
computationally expensive for large datasets or real-time applications. Some FR metrics like PSNR

are sensitive to pixel-wise changes but may be poor at capturing structural information [24], [25].

2.3.2  Reduced-Reference methods
Reduced-Reference image and video quality assessment methods for medical applications use
partial information from a reference image or video to evaluate the quality of a distorted image or

video [4]. The goal is to find a balance between full-reference approaches, which require complete

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 6
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access to an undistorted reference. RR methods generally extract some features or attributes from
the reference image/video and compare the extracted features from the reference image/video with
the distorted contents.

One of the most important tasks in RR metric design is to choose the most meaningful and
informative features that should be extracted from the reference image or video [26]. The amount
of side information required may vary greatly for different RR approaches. There is usually a trade-
off between the amount of reference information used and the accuracy in quality prediction. Some
common methods for RR quality assessment include statistical models of natural images, extraction

of structural information, or perceptually relevant image attributes [26], [27].

RR metrics face challenges in selecting the most relevant features to extract from the
reference image. The amount of side information needed can vary between different RR methods.
RR metrics may not perform as well as FR metrics for certain types of distortions. Effectiveness

can be limited by the quality and relevance of extracted features [28], [29], [30].

2.3.3  No-Reference methods
No-reference quality assessment methods aim to assess the quality of medical images and videos
when no access to a reference or undistorted version is possible. NR approaches are especially
valuable for real-world applications since reference images are usually not available [4]. NR
methods typically rely on statistical models of natural images, machine learning techniques, or
analysis of particular artifacts and distortions [31], [32]. Many NR metrics are designed for specific
imaging modalities or to identify particular types of artifacts [33]. Recent advances in deep learning
have led to a surge in the use of convolutional neural networks (CNNs) and other deep learning
architectures for NR quality assessment. These methods automatically learn relevant features for

quality prediction directly from the image or video data [33], [34], [35].

NR metrics struggle with the lack of a reference image, making it difficult to assess certain
types of distortions accurately [36]. NR metrics often rely on statistical models or machine learning
approaches that may not generalize well to new types of distortions or imaging modalities [37],
[38]. NR metrics can be sensitive to the training data used and may perform poorly on images with
characteristics different from the training set [33], [36], [37]. Additionally, many NR metrics are

designed for specific distortion types or imaging modalities, limiting their broad applicability [33].

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 7
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2.4 Content based quality assessment for videos

Content-based video quality assessment has been applied to various domains, each with unique
requirements and challenges. VQA studies [39], [40] often focus on the technical viewpoint,
assessing video distortions (i.e., blurring, artifacts) and their effects on quality to compare and
direct technological systems like cameras [33], restoration algorithms [41], and compression
standards [42]. Clear-textured video should be noticeably higher quality than grainy video (Figure
2.1). However, a number of recent studies found that human quality evaluation of movies was also
influenced by preferences for non-technical semantic elements such as composition and content
[43]. Human experience with these elements is typically thought of as the aesthetic perspective of
quality evaluation [44], which favors the video in Figure 2.1 (b). The content recommendation
systems on websites like YouTube or TikTok consider videos with meaningful or highly relevant
content as high quality even if the visual clarity of the video is blurry or low resolution[45]. In
entertainment videos, viewers are more tolerant of poor technical quality (e.g., low frame rate) if

they are highly interested in the content [46].

o
(@) (b)

Figure 2.1 (a) Clear video with meaningless content, (b) Blurry video with meaningful content
[45]

Recent approaches in content-aware VQA have moved beyond traditional low-level features
to incorporate semantic content analysis and aesthetic considerations [45]. This shift recognizes
that video quality is not solely determined by technical aspects but also by content-related factors.
Content-based VQA has been applied to various domains, each with unique requirements and
challenges. This section explores several key applications, and the research conducted to address
their specific needs.

Medical images/videos are typically large and can be compressed to efficiently manage
storage and database. When compressing medical images/videos, it is important to ensure that all

the features, like anatomical structures and textures, are retained. Diagnostic image quality is not

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 8
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solely determined by the image’s visual clarity but also by the essential features required for

diagnosis. Three quality evaluation metrics categories are objective, subjective, and hybrid [5].

24.1

Objective quality measurement

Objective quality measurement provides numerical representations for image quality and a

quantitative approach to assessment [47]. Objective metrics defined in Table 2.1 are the most

popular metrics used in medical image quality evaluation [5].

One widely used objective metric is the Mean Square Error (MSE), which is the mean of the

squared difference between the original image and the processed image. Although easy to calculate,

MSE does not correlation well with human perception of image quality [48].

Table 2.1 Quality methods for medical image quality evaluation [5]

Reference | '™Mading Quality impairments Validation Quality metrics
modality

[50] | MRI Rician and Gaussian MOS: 4 medical SNR, PSNR,

noise, Gaussian blur observers (SDSCE) | SSIM, WSNR
(5 levels); DCT, JPEG
and JPEG2000
compression (5 ratios)
[51] | CT JPEG and JPEG2000 MOS: 6 radiologists | MSE, local MSE,
compression (5 ratios) (Double-stimulus SNR, SSIM,
DCR) VSNR, VIF

[52] | Ultrasound H.264 Compression, MOS: 2 medical PSNR, SSIM,
videos quantization parameters | experts VSNR, VIF,

and WSNR
packet-loss rates

[53] | Ultrasound HEVC compression (8 MOS: 4 medical PSNR, SSIM, UQlI,
videos quantization levels) experts and 16 naive | VQM, NQM, VIF,

observers (DSCQS) | VSNR

[54] | Laparoscopic | H.264 compression (4 bit | MOS:9 laparoscopic | VQM, HDR-VDP-
surgery rates) Surgeons and 16 2, PSNR
videos naive observers

(SSCQE)

[55] | Endoscopic | H.264 compression (11 | MOS: 14 medical SSIM,UQI,
surgery ratios) observers (DSCQS) | WSNR,VSNR,
videos HDR-VDP,IFC,

MSE, MS-SSIM,
PSNR-HVS

Automated Objective Video Quality Assessment for the Automated Edinburgh Visual Gait Score (EVGS) 9




Chapter 2 Literature review

Another common metric derived from MSE is Peak Signal to Noise Ratio (PSNR), which
expresses the ratio of maximum possible signal power over noise power [49]. PSNR remains in
common use because it is simple to calculate but, as with MSE, it has limitations in capturing
perceptual quality.

Other metrics, such as the Visual Information Fidelity (VIF) and Visual Signal to Noise Ratio
(VSNR) [57], [58] try to incorporate human visual system modeling and may provide more
perceptually meaningful quality assessments. A study[5], [59] noted that objective metrics are
widely used for quality evaluation of medical images despite their limitations. These metrics
provide quick and easy-to-compute quality assessments, making them valuable tools in various
medical imaging applications.

A strong criticism of objective quality metrics, as used in the assessment of medical images,
is poor correlation with diagnostic quality. These metrics often do not sufficiently meet the
requirements for medical image interpretation where diagnostic information should be preserved
[5]. This limitation gives rise to metrics that emphasize diagnostic quality over either statistical or

perceptual criteria.

2.4.2  Subjective quality assessment
Subjective quality assessment incorporates expert opinions on both perceptual quality and
diagnostic information preservation [60], [61]. Three main approaches are [5]:

Mean Opinion Score (MOS): MOS is one of the most straightforward and widely used
methods in subjective assessment. Medical experts measure the image perceptual quality and
visually analyses the diagnostic information preserved in the image [62]. Sets of images are
presented in random order to medical professionals who score each on a 1-5 scale where 1 is poor

quality and 5 is best quality. Scores are averaged for statistical comparison [53].

Multiple Reader Multiple case: A number of cases are assessed individually by medical
experts of various skill levels. Although comprehensive, this method is subject to assessment
inconsistencies and potential biases; therefore, tests must be planned carefully. Various experts

with varying skill may view the same image differently [63].

Double stimulus Continuous Quality Scale (DSCQS): DSCQS uses a just noticeable
difference method where the experts compare two side-by-side pictures, usually an original and a
processed version. The experts provide rankings for both pictures, which are used in calculating
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mean scores and other statistics. This method is of value when assessing compressed pictures since
DSCQS indicates whether "perceptually lossless™ compression has been achieved [64].

The most common criticism of subjective assessment is that the results cannot be reliably
reproduced. Different experts may grade the same image with vastly different ratings, having a
large effect on the average rating. Even experts making individual ratings for the same image in
multiple viewings may have different results [61], [65]. Despite these limitations, subjective
assessment remains valuable due to its reliability in evaluating diagnostic quality, which objective

metrics often fail to capture effectively.

2.4.3  Hybrid quality assessment
Hybrid quality assessment melds the strengths of objective and subjective assessment techniques
[66], to overcome limitations in using either of these methods alone [67], [68]. The process
generally includes correlating objective measures with subjective expert evaluations in an effort to

determine which measures best correspond to human perception and diagnostic needs [69], [70].

Receiver Operating Characteristics (ROC) Analysis: ROC analysis incorporates the decision
threshold of diagnosticians, which determines the relationship between sensitivity and specificity
[71]. Sample thresholds are calculated based on expert ratings, usually on a 1-5 scale, which are
then used to evaluate feature detection accuracy. ROC analysis is especially effective in lesion
detection tasks where higher image quality is associated with an increased probability of lesion
detection [72].

Correlation-Based Assessment: This method involves statistically correlating objective
quality assessment with the subjective quality assessment. An objective metric that exhibits high
correlation with the subjective metric is considered to give high diagnostic quality assessment .
Non traditional objective metrics shows better correlation with the subjective metrics than the
traditional objective metrics such as peak signal noise ration (PSNR), mean square error (MSE),
etc. [73], [74], [75], [76].

Human Visual System (HVS) Integration: This approach integrates human visual system
characteristics such as contrast sensitivity, luminance perception, masking effects, and frequency
decomposition [77], [78]. HVS models tend to correlate well with human visual performance and
diagnostic needs [79].

Limitations of hybrid quality assessment include high computational overhead in processing
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big medical image datasets and lack of standard procedures for combining metrics [4]. The
approach needs a high investment of time, both in objective measurements and also subjective
expert evaluations; hence, this method cannot be used in real-time applications [80]. Further, hybrid
quality assessment requires the availability of experts, and varying levels of correlations between
different objective metrics with the subjective assessments produce inconsistency in the results
[81]. The context-dependent nature of medical images further complicates the establishment of a
universal approach, because effectiveness varies across different types of medical images and

diagnostic requirements [80].
2.4.4  Task based quality assessment

Task-based quality assessment methods aim to evaluate the quality of medical images and videos
by measuring their effectiveness for specific clinical tasks. These methods are designed to
approximate the performance of human observers, such as medical experts, rather than predicting
mean opinion scores [81]. The underlying paradigm is to quantify the quality of medical content
by its effectiveness with respect to its intended purpose [4], [80].

Detection tasks involve a choice between two hypotheses: signal present or signal absent.
This is of special importance in low-dose reconstruction methods based on iterative algorithms in
tomography [4]. A study [82] applied a Channelized Hotelling Observer (CHO) [83], [84] and an
internal noise model to compare detectability indices in low-dose CT images. Five observers using
CT phantom images showed that Iterative Model Reconstruction allows for at least 67% dose
reduction compared to Filtered Back-projection [82].

In another study [85], quality of low-dose CT scans was assessed using the imQuest software
to compare different manufacturers and reconstruction algorithms. A Non-Prewhitening Matched
Filter (NPWMF) model observer with an eye filter was used to calculate detectability indices for
two detection tasks, one of a large mass in the liver and the other of a small calcification.

More recent work in deep learning has encouraged the development of supervised learning-
based approaches to model observer implementation; including, CNN-based denoising strategies
on simulated planar scintigraphy images [86], Bayesian Ideal Observer [87], Hotelling Observer
[83], [87], CHO, Regularized Hotelling Observer, and NPWMF. High sensitivity and specificity
were achieved after training a CNN model in classifying mammography screening image patches
as either normal tissue or containing a lesion [88].
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Several limitations exist in the detection and classification tasks of the task-based quality
assessment. Large datasets with known ground truth are required, especially for medical images,
and these datasets can be very time-consuming to develop [89]. The performance of model
observers like CHO may not generalize well across different imaging conditions or anatomical
variations [90]. Most studies deal with very simple detection tasks and artificial signals that do not
mimic complexity in real clinical scenarios. The use of simulated or phantom images allows
controlled experimentation but may not correctly represent the statistical properties of real patient
data. Deep learning approaches look very promising but usually require large amounts of training

data and are less interpretable than traditional model observers [89].

2.4.5  Localization tasks
Localization tasks measure the ability to pinpoint anatomical structures or pathologies from
medical images. Approaches include a Localization CNN (L-CNN) to localize the regions of
interest for the fetal abdomen, with image quality based on the visibility of some structures [91];
supervised learning to approximate an Ideal Observer in joint detection and localization tasks [92],
and a U-Net-based model observer for defect localization on simulated images with different levels
of correlated noisy backgrounds [93], where models trained with binary cross-entropy loss

functions had results closer to human performance.

Localization tasks in medical image quality assessment are challenged by the definition and
precise measurement of localization accuracy. Much of the literature uses simplified localization
tasks that do not represent the complexity of clinical practice [94]. Localization tasks are sensitive
to anatomical variations between patients, so the generalizability of results obtained on phantom
or simulated data may be limited. The development of clinically relevant localization tasks is an

active area of research with room for improvement [95], [96].

2.4.6  Segmentation tasks
Segmentation tasks use segmentation algorithms as a proxy for image quality. Methods included a
segmentation-based quality assessment framework for retinal images that used unsupervised vessel
segmentation and then extracted features from the binary segmentation image for classifying the
quality of an image using Support Vector Machine(SVM) and ensemble decision tree classifiers
[97], pixel-wise binary segmentation based on AdaBoost with local texture descriptors to compared

the Dice overlap coefficient with manual segmentations to a variety of quality metrics [98], and a
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CNN to segment the macular region in eye fundus images for image quality assessment, where
good image quality was when the macular area was above a threshold [99].

A limitation of segmentation-based quality assessment approaches is the lack of a direct
relationship between segmentation accuracy and diagnostic image quality, where errors in
segmentation may not be reflected in reduced diagnostic performance. The segmentation algorithm
and evaluation metrics chosen can affect the result, which consequently makes the comparison of
different methods difficult [100]. Many studies use relatively simple segmentation tasks or focus
on particular anatomical structures that might not generalize well to more complicated clinical
scenarios. Segmentation-based quality metric performance can also strongly depend on the
imaging modality and anatomical region, which could limit their broad applicability [101]. While
machine learning-based approaches for segmentation-based quality assessment show great
promise, they require large annotated datasets to train, which can be challenging to obtain for

medical images [102].

2.5 Pose estimation

Pose estimation has emerged as a computer vision task with far-reaching implications across
various domains [103]. This technology aims to detect and localize anatomical keypoints or body
parts of humans or objects within images or videos. The field has advanced in recent years,
particularly with the advent of deep learning techniques that have revolutionized the accuracy and
efficiency of pose estimation algorithms [104].

Pose estimation has two main categories: top-down and bottom-up. In top-down, posture
inside each bounding box is independently estimated after person detection [105]. To achieve the
expected outcomes, the subject of interest had to be located by the detection approach [106].
Bottom-up approaches connect each person to the body by first determining where joints or body
segments are located [107].

Numerous pose estimation techniques such as Hyperpose [108], OpenPose [109],
DeepLabCut [110], Posenet [111], DeepPose [112], Movenet Singlepose Lightning[113], Movenet
Singlepose Thunder[114], Movenet Multipose Lightning[115] have been published in the past ten
years. These methods make it possible to train new networks that are suited to particular research
or clinical requirements or to use publicly available pre-trained networks. From the pose estimation

keypoints, quality metrics can be calculated by post processing techniques for the desired
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application. To compute the video quality score for gait videos, plane detection, zoom detection,
multiple person detection, resolution of the person of interest are computed from the keypoints of
pose estimation model. For real time applications, faster models provide almost instant quality

score and feedback so that the video can be retaken by user.
2.5.1 Comparison of pose estimation models

This section compares three popular pose estimation models OpenPose, PoseNet, and MoveNet
[116] (Table 2.2). MoveNet has three versions, Single Pose Lightning, Single Pose Thunder, and
Multipose Lightning. PoseNet and MoveNet both identify 17 key-points, with 5 located on the face
and 12 on the body. In contrast, OpenPose offers a more comprehensive tracking system, detecting
a total of 137 keypoints: 25 on the body (including the feet), 21 on each hand, and 70 on the face.
This extensive key-point detection allows OpenPose to capture body movements with greater
precision and detail compared to the other two models. Another difference lies in the pose
estimation method. OpenPose and MoveNet employ the bottom-up approach, whereas PoseNet
employs the top-down approach.

Table 2.2 Specifications of OpenPose, PoseNet, MoveNet[116]

OpenPose PoseNet MoveNet
Detection Parts Body, Foot, Hand, Face | Body, Parts of Face | Body, Parts of Face
Keypoints 137 17 17
Method Bottom-up Top-down Bottom-up

To compare the performance of OpenPose, PoseNet, MoveNet Lightning and MoveNet Thunder,
Images from COCO [117] and MPII datasets [118] were grouped into two groups. Group 1
contained person and Group 2 was without any person. Each group had 1000 images.

Table 2.3 summarises the accuracies on images of two groups. PoseNet had the highest
accuracy and Movenet Lightning had the lowest accuracy. The average accuracy across single-
person and no-person images was 97.6% for PoseNet, 86.2% for OpenPose, 80.6% for MoveNet
Thunder, and 75.1% for MoveNet Lightning. This suggests that PoseNet might be the preferred
choice for applications prioritizing accuracy over speed.
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Table 2.3 Accuracy of OpenPose, PoseNet, MoveNet Lightning, and MoveNet Thunder [116].

Model OpenPose PoseNet mgr\]/ tenl?lneé ¥ﬁgﬁg§t
With person 78.5% 96.7% 78.7% 79.5%
Without person 93.85% 98.4% 71.5% 81.6%
Average 86.25 97.6% 75.1% 80.6%

In terms of processing speed, MoveNet Lightning had the fastest performance, followed by
PoseNet, MoveNet Thunder, and OpenPose. The average time to estimate poses in 1,000 images
was 53.458 seconds for MoveNet Lightning, 75.232 seconds for PoseNet, 139.974 seconds for
MoveNet Thunder, and 643.536 seconds for OpenPose.

The comparison revealed that MoveNet Lightning was the fastest model. OpenPose was 12
times slower than MoveNet and 8.5 times slower than PoseNet, but only OpenPose could estimate
the poses of multiple persons. In 2023, Google released a Movenet Multipose Lightning version
that can detect up to 6 persons. Google claimed Movenet Multipose Lightning is 1.6 times slower
than the Movenet Lightning version [113], [115] and the accuracy is same as Movenet Lightning.
With this, Movenet Multipose Lightning should detect 1000 images in 83.16 seconds, which is 7.5
times faster than the OpenPose.

2.5.2  MoveNet Multipose Lightning architecture

A Google-based inference model called MoveNet [119] was created by the digital health startup
IncludeHealth. The convolutional neural network model runs on RGB images and predicts human
joint locations of people in the image frame. The main differentiator between this MoveNet
MultiPose and its precedent, MoveNet SinglePose model, is detecting multiple people in the image
frame at the same time while still achieving real-time speed [113], [114], [115]. Movenet Multipose
Lightning uses MobileNetV2 image feature extractor with Feature Pyramid Network [120] decoder
followed by CenterNet [121] prediction heads with custom post-processing logics. Lightning uses
depth multiplier 1.5 [115].

MoveNet is a sophisticated bottom-up pose estimation model that employs heatmaps to
accurately localize human keypoints. Its architecture is composed of two primary components: a
feature extractor and a set of prediction heads. The model's design draws inspiration from

CenterNet [121], but incorporates modifications to enhance both speed and accuracy.
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MobileNetV2 [122] is at the core of MoveNet's feature extraction process, augmented with a
feature pyramid network (FPN) [120]. This combination enables the model to generate high-
resolution feature maps with rich semantic information, utilizing an output stride of 4. The feature
extractor is complemented by four distinct prediction heads, each serving a crucial role in the pose
estimation process.
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Figure 2.2 MoveNet Architecture [119]
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Figure 2.3 MoveNet post-processing steps [119]
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The first prediction head generates a person center heatmap, which identifies the geometric
centers of individuals within the frame. The second head produces a keypoint regression field,
predicting a complete set of keypoints for each person and facilitating the grouping of keypoints
into distinct instances. The third head creates a person keypoint heatmap, localizing all keypoints
independently of person instances. Finally, the fourth head generates a 2D person-keypoint offset
field, refining the precise sub-pixel location of each keypoint relative to the output feature map
pixels.

This architectural design allows MoveNet to efficiently process input images and produce
accurate pose estimations, making it a powerful tool for various applications in computer vision

and human-computer interaction [119].

2.6 Conclusion
The literature review reveals many advancements in gait analysis, automated EVGS, and video
quality assessment techniques. The EVGS has emerged as a valuable tool for assessing gait
abnormalities, with recent efforts focusing on automating the scoring process to improve efficiency
and reduce subjectivity. However, the success of automated EVGS systems heavily relies on the
quality of input videos, highlighting the need for robust video quality assessment methods.

Content-based video quality assessment has evolved to incorporate both technical and
semantic elements, recognizing that human perception of quality extends beyond mere technical
parameters. In the context of medical image/video applications, task-based quality assessment
methods have shown promise in evaluating the effectiveness of images and videos for specific
clinical tasks [4].

Pose estimation techniques have progressed, with models like OpenPose, PoseNet, and
MoveNet offering various trade-offs between accuracy and speed. Among these, MoveNet
Multipose Lightning stands out as a promising solution for real-time multiple person detection,

offering a balance between speed and accuracy [116].

Given the requirements for automated EVGS and the need for efficient, accurate pose
estimation, MoveNet Multipose Lightning appears to be an excellent choice for extracting
keypoints and developing quality metrics for video analysis. Its ability to detect multiple persons
quickly while maintaining reasonable accuracy aligns well with the goals of automated gait

analysis [115]. By leveraging MoveNet Multipose Lightning for pose estimation and developing
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custom objective video quality assessment metrics, it becomes possible to create a system that can
efficiently analyze patient videos and classify them as suitable or unsuitable for input into
automated EVGS algorithms. This approach combines the strengths of advanced pose estimation
techniques with tailored quality assessment methods, potentially leading to more reliable and

efficient gait analysis in clinical settings.
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3  Methodology

3.1 Overview

This section describes a structured methodology for automatic video quality assessment of gait
video that includes pose estimation techniques, evaluation metrics, and automatic quality scoring
mechanisms. In this approach, improper plane, low-resolution, multiple and overlapping people,
abnormal zooming are identified.

The algorithm was developed and validated using a dataset of videos from the Sanatorio del
Norte medical center in Tucuman, Argentina. This dataset included gait videos in sagittal, coronal,
and transverse planes of 230 individuals with walking disorders. Videos were recorded at 60 Hz
and captured in a closed environment with good lighting. The dataset was divided into development
and testing sets, with 161 videos in the development set and 69 videos in the testing set. The first
161 videos in the overall dataset were allocated to development

The overall video quality analysis process involves:

1. Loading video in the system and using MoveNet Multipose Lightning to detect all the
persons and extract their skeletal keypoints.

2. Check for multiple person detection in the video.

a. If more than one person is detected, user input is required to identify the desired
person to ensure that the appropriate individual is processed in succeeding steps.

3. The extracted keypoints are used to calculate metrics for video quality assessment.

4. Check for overlapping individuals, flagging such videos for manual review or re-recording.

5. Plane detection classifies the video into sagittal, coronal, transverse views to ensure proper
orientation.

6. Zoom detection evaluates sudden changes in the person’s bounding box height, which may
signify unintentional zooming.

7. Resolution evaluation ensures that bounding box dimensions are sufficient for pose
estimation algorithm to clearly detect keypoints.

8. Quality scoring assigns an overall quality score to the video. From the evaluation metrics,
a Random Forest classifier classifies whether the video is good or requires manual
modification.

a. Videos that fail the quality check can trigger a feedback mechanism with

recommendations for re-recording.
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3.2 Multiple people

Output from MoveNet Multipose Lightning provides bounding boxes for each person in the video.
Therefore, we know the number of people in the video by counting the number of bounding boxes.
A bounding box is a rectangular area that covers the person, defined with x1, y1, x2, y2 coordinates.
The pose estimation model also assigns a confidence score to each detected person in the frame,
which indicates the detection quality. Detections with a confidence threshold less than the defined
minimum value (default value is 0.5) are considered lower-reliability detections. The lower

reliability detections are eliminated from further analyses.
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Figure 3.1 Steps to calculate multiple persons and overlap score

If the algorithm finds more than one person, it prompts the user to select the person of interest
in that frame. This selection is made possible through a graphical user interface (GUI) where the
user can see the frame with overlaid bounding boxes and keypoints for each detected person (Figure
3.2). If the frame does not show the target person, the user has the option to skip to the next frame

with more than one detected person.
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(a) (b)
Figure 3.2 Graphical user interface to (a) select patient, (b) track the selected patient

Once selected, the chosen person's keypoints are checked in future frames to ensure that the
same person is selected from the current frame to end of video. A similarity measure based on the
Euclidean distance between the centroid of the target person’s bounding box in the previous frame

and the centroid of all bounding boxes in the current frame is used to determine the closest match.

d = min (\/(xt —x)%+ (v — yi)? ),Vi €{1,2,..,n} (3.1)

In equation 3.1, (x,yt) is the centroid of target patient in previous frame , (Xiyi) is the centroid of
the i bounding box of current frame, n represents number of people detected by pose estimation
model and d represents the Euclidean distance of centroid between target patient’s bounding box
in previous and current frames. The bounding box in the current frame whose centroid has the
smallest Euclidean distance from the centroid of the target patient's bounding box in the previous
frame is considered to be the target patient's bounding box in the current frame. As a visual aid, the
selected person has a green bounding box to differentiate from other detected people in the frame
(Figure 3.2).

The multiple person quality metric is the percentage of the number of frames with only the
target patient’s bounding box, relative to the total number of frames.

Overlap are frames with the target person is occluded by another person in the video. The

conditions to check overlap are:
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e Xy of the target person bounding box is less than x, of any other bounding box in the

frame

e X of the target person bounding box is greater than x1 of any other bounding box in the

frame

e y; of the target person bounding box is less than y, of any other bounding box in the

frame

ey, of the target person bounding box is greater than y1 of any other bounding box in the

frame

Note: xi is the left edge, y1 is the top edge, X2 is the right edge, and y is the bottom edge of the

bounding box.

If one of the above conditions is true, then the frame has overlapping bounding boxes and
this frame is flagged as an overlapping frame. Overlap detection is repeated for all the frames in
the video. The quality metric for multiple people overlap is the ratio (percentage) of number of

overlap frames to the total number of frames.

3.3 Plane detection

Plane identification is a very important aspect of gait video quality assessment, since outcome
measures are typically related to either sagittal or coronal planes. Automated EVGS calculates 12
EVGS parameters from the coronal plane and 5 EVGS parameters from the sagittal plane [3]. The
plane detection algorithm classifies each video as either a sagittal, coronal, or transverse plane
based on the geometric orientation of the human body (Figure 3.3).

The first step in plane detection is to extract left shoulder, right shoulder, left hip, and right
hip keypoints in every frame of the video. To assess the video perspective and determine the plane

of observation, three geometric ratios are derived based on the selected keypoints.
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Figure 3.3 Steps to classify the video plane

Horizontal Shoulder Distance (HSD): The horizontal shoulder distance is a measure of the width
of the upper body in the frame, measured across the horizontal distance between the left and right
shoulders. This gives insight into the orientation or alignment of the body in the horizontal plane
and is computed as

HSD = |xleft5houlder - xrightshoulderl (3'1)

Right Vertical Shoulder-to-Hip Distance (RVSD): Right Vertical Shoulder-to-Hip Distance
refers to the vertical positioning of the right side of the body. This involves the vertical area
between the right shoulder and the right hip and represents the posture of the right side in relation

to the frame. This is computed as

RVSD = |yrightshoulder - yrighthipl (32)

Left Vertical Shoulder-to-Hip Distance (LVSD): The Left Vertical Shoulder to Hip Distance
represents the vertical positioning of the left side of the body. This distance is between the left
shoulder and left hip vertically, reflecting the posture of the left side within the frame. This is

computed as

LVSD = |yleftshoulder - ylefthipl (3:3)

Additional metric are also computed. The Initial Ratio (r1) is the ratio between HSD and RVSD,

written as

HSD (3.4)

1=-—=
" T RVsD
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The Second Ratio (r2) ishe ratio between LVSD and HSD, given as

_LVSD (3.5)

"2 = 8D

The Final Ratio (R) is the ratio of r2 and r1 found from
r2
rl
The geometrical ratios are essential to understand the body orientation and to differentiate between

sagittal and coronal views.
Outlier Filtering

Videos where the person is walking in one direction can be classified using R (i.e., right-to-left or
left to right in sagittal videos and towards camera or away from camera in coronal videos).
However, if the is person walking in the sagittal plane, R changes when they turn around. This
might lead to misclassification. In addition, the ratios computed over all frames may have extreme
values contributed by either noise or poorly detected keypoints. Therefore, to make the method
robust, outlier filtering was implemented by applying the interquartile range.

e The first step is calculation of 25th (P25) and 75th (P75) percentiles of the ratio list

e Then, ratios outside the P25 to P75 range are excluded

The ratio list without outliers is termed the Filtered ratio list and the mean of the Filtered ratio list
is used to classify the general body orientation of the video.

Plane Identification

Values in the Filtered ratio list that are less than 0.7 are termed as “low ratios”. The threshold of
0.7 was determined empirically through a grid search optimization process, ensuring it effectively
distinguishes sagittal, coronal, and transverse views across diverse video datasets. The percentage
of low ratios in the filtered ratio list was calculated by summing the number of frames with R below

0.7 and dividing this by the total number of frames in the list.

The plane of the video can be classified as sagittal, coronal or transverse, as follows:
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Sagittal plane: The mean of filtered ratio list is below 0.5, or mean of filtered ratio list is
between 0.5 to 1 and the percentage of low ratios is more than 40. This condition suggests the

body was oriented sideways relative to the camera position.

Coronal Plane: The mean of filtered ratio list is between 0.5 and 1 and the percentage of low
ratios is less than 40 or the mean of filtered ratio list is between 1 to 2 or the mean of filtered
ratio list is between 2 to 3 and the percentage of low ratios is not equal to 0. This condition

suggests orientation of the body is in front or backside facing the camera.

Transverse Plane: The mean of filtered ratio list is 2 or more, or the mean of filtered ratio
list is between 2 to 3 and the percentage of low ratios is equal to 0. This condition indicates

the plane is transvere.

Input arguments
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Figure 3.4 Classification criteria for plane classification
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Figure 3.4 shows the classification flow chart for plane identification. Mean refers to the average

of the filtered ratio list. Percentage indicates the percentage of low ratios in filtered ratio list.
3.4 Zoom detection

Zoom detection is important since abrupt changes in the scale may introduce pose estimation and

parameter errors. This section identifies sudden changes in bounding box height around the person

of interest.
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Figure 3.5 Zoom detection flowchart

The bounding box coordinates (x1, y1, x2, y2) are used to calculate bounding box height:

height = y2 — y1 (3.7)

Since video resolutions can be very different, raw height is normalised by video frame height. This
ensures the algorithm will be resolution-independent, thus capable of handling videos of any aspect
ratio and resolution.

height (3.8)
frame height

normalised height =

Height data is usually noisy because of minor inaccuracies in pose detection or slight postural
changes by the person. A Gaussian filter is thus applied to the normalized height data to reduce
noise. Data smoothing depresses the noise without affecting major trends, providing a clean height

profile suitable for sharp variation detection and to prevent false positives.
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smoothedpeight = gaussianfilter(normalisedheight,0) (3.9)

where o is the standard deviation of the Gaussian kernel. Here, 6 = 2 is adopted to achieve a trade-

off between noise reduction and trend preservation.

Once the algorithm has smoothed height data, height changes between frames are calculated
based on fixed step sizes. The smoothed height difference for every i frame is given by:

Aheight = smoothed height;,; — smoothed height; (3.10)

The step-size difference approach ensures that only relevant changes in height are considered
and, in this way, highlights major zoom events rather than gradual fluctuations. In the
implementation, where video frame rate is 60 Hz, s=8 provides a good trade-off between sensitivity
and robustness.

The height differences are then compared to a threshold value t= 0.05 to determine if a frame
represents a zoom event. A Zoom-In event is identified when Aheight > t, since height increases
suddenly. Frames with Aheight < —t are defined as Zoom-Out due to the fast decrease in height.

3.5 Video segmentation

This section explains how the algorithm systematically segments and scores usable video segments
for gait analysis, considering both coronal and sagittal plane. Extracted video frames ensure that
no zoom event has occurred and that the video segment contains at least 2 walking strides. Each
plane is analyzed independently to account for the unique characteristics of the respective planes.
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3.5.1  Extract video segments without zoom from coronal plane video
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Figure 3.6 Steps to extract no zoom video segments in coronal plane

The algorithm starts with segmenting the input video based on the change in the person's
height (Figure 3.6). Segmentation is based on detecting sign changes in the height difference as
given in

Ahy = hy — hy_4 (3.11)
Here, htis the height of the person in current frame t, he.1 is the height of the person in previous
frame t-1, Aht represents change in height.

A new segment is created when sign of Aht is not equal to sign of Aht.1. That is, one segment
would be generated with every transition from an increasing to a decreasing height or decreasing
to increasing height. For the videos without zoom, a segment is generated only when the person’s
position relative to the camera changes. Specifically:

o If the person is walking away from the camera, a new segment is created when they turn
and start walking toward the camera.
o Similarly, if the person is walking toward the camera, a new segment is created when they
turn and start walking away from the camera.
However, if there is a zoom event, then a segment will also be generated when zooming in (patient
height will increase) and zooming out (patient height will decrease). For each segment, the
algorithm detects the person’s orientation to the camera. Orientation here refers to the direction the
person is facing, whether they are facing toward the camera (front) or away from the camera (back).
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The orientation is decided by shoulder alignment analysis, using the x-coordinates of the right and
left shoulder keypoints. When the left shoulder keypoint is to the right of the right shoulder
keypoint (i.e., left shoulder > right shoulder x-coordinate), the person is oriented with their front
towards the camera. For orientation back to the camera, the left shoulder keypoint would be to the
left of the right shoulder keypoint (i.e., left shoulder < right shoulder x-coordinate). In general,
when the person is walking towards the camera, their height will gradually increase and when the
person walks away from camera their height will decrease. The algorithm eliminates video
segments with a zoom event, and the video segments with zoom can be identified by the following
conditions:

o Person walking towards the camera and height of the person is decreasing.

o Person walking away from the camera and height of the person is increasing.

In addition to eliminating video segments with zoom, video segments with duration less than
three seconds, an approximation for the time used to complete two strides, were rejected since two
strides is the minimum requirement for automated EVGS analysis. After eliminating video
segments with less than three seconds and video segments with zoom, the remaining video
segments are considered as valid video segments. If the number of frames between two valid video
segments is less than 5 frames (i.e., difference of end frame number of a valid video segment and
start frame number of the next video segment is less than 5), the two video segments are merged
into one valid video segment. The merged valid video segment has a start frame number from the
first video segment and end frame number from the next valid video segment. This merging method
maintains the continuity of the gait cycle. These methods ensure that only video segments suitable
for automated gait analysis are preserved.

3.5.2  Calculate score for video segments

All valid video segments are scored for quality, with scores ranging from 0 to 100. The duration of
each valid video was extracted. Moderate intensity walking is 100 steps/minute; therefore, the
approximate time to complete five steps is 8 seconds (5 steps ensures that 2 viable strides are
available for analysis). So, video segments with a minimum 8 second duration are awarded a
maximum quality score (100) and video segment of 3 seconds or less are scored as 0. For video
durations between 3 and 8 seconds, the score is scaled proportionally from 0 to 100 based on the

segment’s length relative to the 0—8 second scale.
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Two of the highest scores are selected: one related to the segments where the person is
oriented towards the camera, and another where the person is oriented away from the camera.
Finally, general video quality is scored by computing the percentage of frames that belong to valid

segments, with respect to the total number of frames in the video.

(3.12)
Total no of frames in valid video clips

Percentage of valid frames =
geof f Total no of frames in the video

Two highest score of each orientation and percentage of valid frames help to assess extracted video

segments for further automated gait video analysis in the coronal plane.

3.5.3  Extract video segments without zoom from sagittal plane video
To classify video segments in the sagittal orientation (i.e., person walking from left-to-right or
right-to-left), x-coordinates of the ears and nose keypoints are used. Since the coordinate system
for the image starts from the top-left, with increasing values to the right for the x-coordinate:

e If the x-coordinate of the ears is greater than the nose x-coordinate, the person is walking
from right-to-left (i.e., ears are always to the right of the nose).
o If the x-coordinate of the ears is less than the nose x-coordinate, the person is walking left-
to-right walking (i.e., ears are left of the nose).
One video segment is generated for every transition from left-to-right to right-to-left, or from right-
to-left to left-to-right. In each video segment, the person is either walking left-to-right or right-to-
left, not both.

Video segments are analyzed to detect zoom events. Unlike the coronal plane, the height of
the person in the sagittal plane remains relatively constant, since the individual stays a similar
distance from the camera. A zoom event in a video segment is identified using same approach
discussed in chapter 3.4. As described in equation 3.10, Aheight represents the difference in the
height of the person’s bounding box between frame 1 and frame i+8. If Aheight exceeds 0.05, the
frames from i to i+8 are identified as zoom event frames and are eliminated. This elimination
process is repeated at all instances where Aheight > 0.05, removing all zoom events and resulting
in video segments free of zoom events.

After this process, video segments with duration less than three seconds, an approximation

for the time used to complete two strides, were rejected since two strides is the minimum
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requirement for automated EVGS analysis. After removing video segments with duration less than
3 seconds, the remaining video segments are considered as valid video segments

3.5.4  Calculate score for sagittal video segments

Scoring for the sagittal plane videos follows the same method as for the coronal plane videos. Each
video segment is scored based on duration of the video (section 3.5.2 contains the detailed
methodology). Scoring to assess zoom in sagittal video includes highest score of left-to-right video

segments, highest score of right-to-left video segments, and percentage of valid frames in the video.
3.6 Video quality classification and feedback

3.6.1 Overall quality classification
The objective of the quality classification is to classify the gait video as “good”, “manual edit
required”, or “in the transverse plane”. Good videos can directly be used by automated EVGS
algorithms and manual edit required videos need to edit (trimming and/or cropping) before they
can be used in the automated EVGS algorithm.

Since automated EVGS processes only sagittal and coronal planes, videos taken from
transverse plane are identified using plane detection methodology discussed in section 3.3. If the
video is identified as transverse plane, then the video is excluded from automated EVGS
processing.

A Random Forest classifier is used to classify the coronal and sagittal videos as “good” or
“manual edit required” videos. Gait videos from the development dataset were used to train the
Random Forest classifier and videos from the validation dataset were used to validate Random
Forest classifier performance. Quality scores are calculated as explained in sections 3.2 to 3.5 for
all the videos in the development dataset. After this, the classification framework uses the
calculated scores as input parameters for the random forest classifier: multiple persons (percent of
frames with multiple people), multiple persons overlap (percent of frames with overlapped
bounding boxes), zoom detection (1 if zoom occurred, 0 if no zoom), extracted clip without zoom
(maximum score for strides in a video segment), and resolution (percent of frames with acceptable
resolution).

Hyperparameters such as number of estimators, maximum depth, minimum samples required

to split a node, minimum number of samples required at leaf node and bootstrap sampling of
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random forest classifier were tuned using the grid search approach from scikit-learn. The grid
search approach calculates performance metrics such as accuracy, precision, sensitivity,
specificity, F1 score for all combinations of hyperparameters and returns the best hyperparameters.

The selected hyperparameters for the random forest classifier are listed in the Table 3.1

Table 3.1 Fine-tuned hyperparameters using grid search approach

Hyperparameters Fine tuned value
number of estimators 50

maximum depth None

minimum samples required to split a node 2

minimum samples required at leaf node 1

bootstrap False

A Random Forest classifier classifies the input parameters by selecting the class with
highest probability, using the input parameters from the development dataset videos random forest
classifier trained with the best hyperparameters. The Random Forest classifies the class with
highest probability. The probability value of class “Good videos” is used as the overall quality
score. Probability is in the scale between 0 and 1. The overall quality score is defined as 0 to 100,
for uniformity with the previously calculated metrics scores and user-friendly interpretation. This
scale conversion is achieved via

Overall quality score = 100 * Probability of "Good videos" (3.13)

Video overall quality scores greater than 50 are considered good videos. All other videos are

considered as manual editing required.
3.6.2  Quality feedback generation

Providing quality feedback to users is a vital step in improving video quality for gait analysis. This
methodology ensures that users receive actionable suggestions, enabling continuous improvement
of video quality. Feedback is based on individual metric scores and helps users identify and address
specific issues in their recordings. If any metric score falls below 80, the algorithm provides

targeted suggestions for improvement.
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e Plane Detection: if a sagittal or coronal view is not identified

o Suggestion for sagittal plane: "Ensure the camera is positioned above the
pelvis height and parallel to the walkway (at a 90-degree angle to the side of
the body)."

o Suggestion for coronal plane: "Ensure the camera is at hip height and in front
of the person.”

e Multiple person score: if multiple persons are detected in the video, feedback
recommends recording with only the person of interest in the frame.

o Suggestion: "Ensure only the person of interest is in the frame during
recording. "

e Multiple persons overlap score: if overlapping individuals are detected, then the
video has more than one person is in the frame. Feedback advises avoiding multiple
persons in the frame.

o Suggestion: "Ensure only the patient person of interest is in the frame during
recording. Remove additional persons and avoid overlap if more than one
person is required."

e Zoom detection: if zoom artifacts are detected, feedback prompts users to maintain a
stable camera.

o Suggestion: "Keep the camera steady without zooming and stay the same
distance from the person."

e Videoclip length without zoom score: video is too short

o Suggestion: "Ensure the person walks for at least 2 strides (4 steps). Ideally
the person was walk 5-6 strides, with the middle strides captured on video."

¢ Resolution score: if the resolution score of detected person is lower than 60*80 pixel,
feedback suggests to adjust the camera distance to increase the number of pixels that
define the person in the frame.

o Suggestion: "Ensure the person occupies at least 50 percentage of total frame
height. Adjust the camera distance accordingly."
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Validation of the quality algorithms is a critical step in determining effectiveness of the algorithm
performance with unseen real-world data. The dataset was divided into development and validation
datasets. The development dataset is used for developing and optimizing the algorithms. Once the
algorithm gives expected output consistently on the development dataset, the validation dataset is

used to evaluate the algorithm on unseen data.

Algorithm performance was evaluated using accuracy, precision, sensitivity, specificity, and
Fl-score, and Matthews Correlation Coefficient (MCC). Accuracy is the proportion of all
classifications that were correct, whether positive or negative [123],

(4.1)
corrrect classifications TP+TN

total classifications =~ TP +TN + FP + FN

Accuracy =

The percentage of all the model's positive classifications that are truly positive is known as

precision [123].

(4.2)
correctly classified actual positives TP

Precision = =
everything classified as positive TP+ FP

The percentage of all true positives that were correctly classified as positives is known as sensitivity
[123].

(4.3)
correctly classified actual positives TP

all actual positives " TP+FN

Sensitivity =
The percentage of all true negatives that were correctly classified as negatives is known as
specificity [123].

(4.4)
correctly classified actual negatives TN

Specificity — _
pectficity all actual negatives TN + FP

F1 score is the harmonic mean of precision and recall [124].
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(4.5)
2 * Precision * Recall

F1 score =
Precision + Recall

The MCC scale, which goes from -1 to +1, represents the quality of binary (two-class)
classifications. A perfect forecast has a score of +1, a random prediction has a score of 0, and an

inverse prediction has a value of -1 [125].

(4.6)
TP + TN — FP % FN

McC =
J(TP +FP)(TP + FN )(TN + FP)(TN + FN)

4.1 Multiple person detection
The validation dataset for evaluating the Multiple Person Detection algorithm had 58 videos that
contained 38 videos with only one identifiable person for the entire video, and 20 videos that
contained two or more persons at the same time. A graduate student manually reviewed each video
to classify as single person or multiple persons. Algorithm performance was assessed by comparing
algorithm results with the manual classification. A confusion matrix was formed that included:

e True Positives (TP): Videos correctly identified as containing multiple people.

o False Positives (FP): Videos falsely identified as containing more than one person.

e True Negatives (TN): Videos correctly identified as containing a single person.

o False Negatives (FN): Videos where the presence of multiple persons was missed.

4.2  Multiple persons overlap detection
The validation dataset for this validation was categorized into two sets: a set of 15 videos with
overlap of one person over another person (overlap present set), and a set of 43 videos without
overlap of one person over another person (overlap absent set). Each video was manually reviewed
and classified as overlap present or overlap absent. Algorithm performance was assessed by
comparing algorithm results with the manual classification. A confusion matrix was formed that
included:

e True Positives (TP): Videos correctly identified as containing overlaps.

e False Positives (FP): Videos incorrectly flagged as having overlaps.

e True Negatives (TN): Videos correctly identified as containing no overlaps.

o False Negatives (FN): Videos where overlaps were not detected despite their presence.
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4.3 Plane detection

The validation dataset for plane detection had 46 videos in which 19 videos were coronal, 15 were
sagittal, and 12 were transverse. Each video was manually reviewed to classify as coronal or
sagittal or transverse plane and this manual classification was used as ground truth to validate
algorithm classification performance.

4.4 Zoom detection
The validation dataset for evaluating the zoom detection had 26 videos in which 14 videos had a
zoom event (i.e., zooming-in or zooming-out) and 12 videos without zoom events. Each video in
the dataset was manually classified as having a zoom event or without a zoom event. Manual
classification was used as ground truth to validate the identification of zoom events algorithm. A
confusion matrix was formed that included:

e True Positives (TP): Videos correctly identified as containing zoom event.

o False Positives (FP): Videos incorrectly flagged as having zoom event.

e True Negatives (TN): Videos correctly identified as containing no zoom event.

e False Negatives (FN): Videos where zoom event was not detected despite their presence.

4.5 Extract video segment without zoom event

The validation dataset for evaluating the algorithm that extracts video segments without zoom
event consists of videos with zoom event and videos without zoom event. First the algorithm
extracted two video segments. For videos from coronal plane, one video segment for person
walking towards the camera and one video segment for person walking away from camera. For
sagittal plane videos, one video segment for person walking left-to-right and one video segment
for person walking right-to-left. The extracted video segments were manually checked for presence
of zoom event, video segments of each walking orientation for every video, and minimum duration
of video segment is greater than 3 seconds. If there was a zoom event, then the video segment was

flagged. This algorithm was evaluated using accuracy (equation 4.7).

No of flagged video clips 4.7
Total No of extracted video clips

Accuracy =1 —
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4.6 Overall video quality classification
The final Video Quality Assessment framework was evaluated using a validation dataset that had
20 videos classified as “Good videos” and 24 videos as “Manual edit required”. Good Videos can
be used in automated EVGS algorithm without any changes and manual edit required videos cannot
be used in automated EVGS algorithm without editing the video. Each video in the dataset was
manually reviewed to classify video as good videos or manual edit required videos. Random Forest
classifier performance was assessed by comparing algorithm results with the manual classification.
A confusion matrix was formed that included:

e True Positives (TP): Videos correctly identified as “Good videos”.

e False Positives (FP): Videos incorrectly identified as “Good videos”.

e True Negatives (TN): Videos correctly identified as “Manual edit required videos”.

e False Negatives (FN): Videos incorrectly identified as “Manual edit required videos”.
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5 Results

5.1 Multiple person detection
The results on the validation dataset show 3 misclassifications (Table 5.1, Table 5.2), but all

outcome measures were greater than 0.90.

Table 5.1 Confusion matrix of multiple person detection for validation dataset

True Multiple persons True Multiple persons Not
Detected detected

Predicted Multiple Person 18 1

Detected

Predicted Multiple Person ) 37

Not Detected

Table 5.2 Performance metrics for multiple person detection for validation dataset

Accuracy Precision (Recall) F1 Score Specificity
0.95 0.95 0.90 0.92 0.97 0.88

5.2 Multiple persons overlap detection

The performance of the algorithm for detecting overlapping persons on the development dataset is
summarized Table 5.3 and Table 5.4. The algorithm had strong performance, with high recall
(0.94) and specificity (0.95). Precision was the only score below 0.90. Only 3 videos were

misclassified.

Table 5.3 Confusion matrix of multiple persons overlap detection for validation dataset

True Multiple
overlap Detected

persons | True  Multiple

overlap Not detected

persons

Predicted Multiple Person
overlap Detected

Predicted Multiple Person
overlap Not Detected

14 2

1 41
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Table 5.4 Performance metrics for multiple persons overlap detection for validation dataset

Accuracy Precision (Recall) F1 Score Specificity
0.95 0.88 0.94 0.91 0.95 0.87

5.3 Plane detection

As shown in Table 5.5 and Table 5.6, plane detection worked for all validation set classifications.

Table 5.5 Confusion matrix of plane detection for validation dataset

Actual Sagittal

Actual Coronal

Actual Transverse

Predicted Sagittal 15 0 0
Predicted Coronal 0 19 0
Predicted Transverse 0 0 12

Table 5.6 Performance metrics for plane detection for validation dataset

Accuracy Precision S?Fr;:;\ll;)ty F1 Score Specificity MCC
1.0 1.0 1.0 1.0 1.0 1.0

5.4 Zoom detection

Zoom detection algorithm results are provided in Table 5.7 and Table 5.8. The algorithm had

consistent results that ranged between 0.92 and 0.93. Only 2 videos were misclassified.

Table 5.7 Confusion matrix of zoom detection for validation dataset

True Zoom Detected

True Zoom Not detected

Predicted Zoom Detected 13 1

Predicted Zoom Not 11
1

Detected
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Table 5.8 Performance metrics for zoom detection for validation dataset

Accuracy Precision (Recall) F1 Score Specificity
0.92 0.93 0.93 0.93 0.92 0.85

5.5 Extract video segments without zoom

The accuracy of the algorithm is summarized in Table 5.9. The algorithm demonstrated good
performance on the validation dataset, processed 30 videos and extracted 60 video segments. Of
these, only 5 clips were flagged, resulted in an accuracy of 92% in identifying video segments

without zoom.

Table 5.9 Accuracy of the algorithm in the validation dataset

NO of Videos No of video segments | No of flagged video Accuracy
extracted segments
30 60 5 0.92

5.6 Overall video quality classification

The Final Video Quality Assessment framework was evaluated to assess its ability to classify gait
videos as either Good Videos or Manual Edit Required. The model demonstrated strong
performance, underscoring its robustness and practical applicability in automating video quality
evaluation (Table 5.10 and Table 5.11).

Table 5.10 Confusion matrix of extract videos without zoom for validation dataset

Predicted “Manual edit
required videos”

Actual “Good videos” 23 1

Actual “Manual edit
required videos”

Predicted “Good videos”

1 19
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Table 5.11 Performance metrics for extracted videos without zoom for validation dataset

Accuracy Precision (Recall) F1 Score Specificity
0.95 0.96 0.96 0.96 0.95 0.91

Out of the videos labeled as good, 23 were correctly classified, while one was incorrectly classified
to require manual edits. On the other hand, out of the videos that needed manual edits, 19 were
correctly identified with only one misclassified as good. This, therefore, gave an overall accuracy
rate of 95%. Precision and recall of the validation dataset were both 0.958, meaning that it is equally
good at reducing false positives and false negatives. The F1-score, accordingly, was also 0.958.
These results show that the model can maintain strong performance when evaluated on unseen
data.
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6  Discussion

6.1 Multiple persons detection

The algorithm for the detecting multiple people was successful for all but 3 videos, thereby
demonstrating its effectiveness. Accuracy was 95%, and this high accuracy was further supported
by 0.97specificity. This demonstrated that the algorithm minimizes false-positive instances. These
metrics indicate a well-calibrated system capable of maintaining consistency across diverse inputs.

For the video with only one person classified as multiple people, the MoveNet pose
estimation model output a high confidence value for two bounding box detections for the same
person.

False negatives occurred when a second person briefly moved into the image. The algorithm
failed to find this presence because of low confidence scores, which sheds light on the challenge
involved with identifying transient people in a dynamic video environment. It is noted that the
person of interest was correctly identified in these frames (i.e., no effect on outcomes).

6.2 Multiple persons overlap detection
The algorithm achieved a sensitivity of 94% and a specificity of 95%, indicating its effectiveness
in detecting overlapping. Moreover, the Matthews Correlation Coefficient (MCC) of 0.87
emphasizes its ability to deal with imbalanced datasets, where overlapping situations are much less
common than non-overlapping frames.

A detailed analysis of the mistakes showed two major cases where the algorithm struggled.
In the first case, the same frame as discussed in section 6.1 caused errors in overlap detection.

A false negative was made during an actual overlap scenario, where the confidence scores
assigned to the second person were low and the overlap with the person of interest was very short.

As pose detection models mature, multiple person detection errors should reduce.

6.3 Plane detection
The algorithm correctly classified all videos as sagittal, coronal, or transverse. The inclusion of
challenging edge cases, such as videos containing zoom events and multiple people, confirmed the

algorithm’s robustness.

6.4 Zoom detection
The algorithm caught almost all zoom events. Moreover, algorithm had few false positives,
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ensuring that non-zoom events were not misclassified. The Fl-score of 0.93 emphasised the
balance between precision and recall, further ascertaining the effectiveness of the algorithm in the
reduction of false positives and false negatives.

Of the errors that were found, false positives were found in videos labelled as non-zoom,
where small variations in bounding box size led to misclassification. These were attributed to
factors such as limping that caused changes in the person’s estimated height and small variations
in the keypoints. Similarly, false negatives were recorded in videos where there were zoom events.
In both cases, the zooming action was gradual and subtle, causing changes in bounding box size
that fell below the algorithm’s detection threshold. These false negatives highlight the difficulty of
the algorithm in recognizing small zoom events; however, changes this small should have a

minimal effect on automated EVGS scoring.

6.5 Extract video segment without zoom
The algorithm achieved 92% accuracy in the validation dataset, demonstrating that the algorithm
can effectively identify video segments longer than 3 seconds and without zoom events.

The errors that occurred could be attributed to cases where the person walked towards the
camera when zooming-in, and for the person walking away from camera and zooming-out,
especially when the zoom event was subtle. For example, when the change in a person's height due
to zooming is smaller than the change in height caused by the person walking toward or away from
the camera. Other than this subtle zoom, the algorithm can detect sharp zoom events (sudden

change in person’s height) effectively.

6.6 Overall video quality classification
The Random Forest classifier achieved high performance when providing an overall gait video
quality classification. The system’s success can be attributed to the use of multiple quality metrics
that enabled a thorough evaluation of the video characteristics. In addition, the probability-based
scoring scheme made the classification more interpretable, hence offering clinicians an objective
measure of the general quality of the video. Both the overall classification and score (0-100) would
be provided to the user.

Two videos were misclassified (videos that needed hand-editing were wrongly determined
to be acceptable). This occurred when videos barely passed thresholds for individual criteria. Also,

false negatives emerged where slight deviations in one or more metrics resulted in the
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misclassification of good videos as needing manual edits. These borderline cases suggest areas
where improvement is possible.

The automated video quality assessment method in this thesis could dramatically reduce
manual labor in pre-processing gait videos because the integration of the different metrics into one
framework makes model-based evaluations uniform and objective. Of course, many opportunities
are still open, such as adding complementary features such as keeping track of motion stability and
lighting consistency, could help handle marginal instances more robustly. Refining thresholds for
individual metrics, based on deeper analysis of misclassified videos, could further reduce these

error rates.
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7  Summary and Future works

7.1 Research summary

This thesis presents a comprehensive framework for automated video quality assessment in gait
analysis, addressing critical challenges in the field of clinical gait evaluation. The research focuses
on developing robust algorithms for detecting multiple persons, plane orientation, zoom artifacts,
and overall video quality suitable for automated EVGS scoring.

The thesis begins by highlighting the importance of gait analysis in clinical settings and the
challenges associated with manual EVGS scoring. Traditional methods are time-consuming and
subject to human error, necessitating the development of automated systems. However, the
effectiveness of these automated systems heavily depends on the quality of input videos, which led
to the primary objective of this research: creating a robust, automated system for assessing the
quality of gait analysis videos.

The methodology employed in this research utilizes advanced pose estimation techniques,
specifically the MoveNet Multipose Lightning model, to extract skeletal keypoints from video
frames. This approach allows for efficient detection of multiple persons and accurate tracking of
the patient of interest. The research then developed algorithms for plane detection, multiple person
detection, overlap assessment, zoom detection, and resolution evaluation.

The plane detection algorithm demonstrated exceptional accuracy in classifying videos into
sagittal, coronal, and transverse views, achieving perfect classification. This high level of accuracy
ensures that videos can be appropriately classified by plane of movement, assuming that
appropriate guidelines for sagittal and coronal plane video capture are followed (i.e., camera should
be in the appropriate orientation for the plane being captured).

Multiple person detection and overlap assessment algorithms showed strong performance,
with accuracy rates of over 95%. These algorithms effectively identified scenarios where additional
individuals may interfere with the gait analysis, ensuring the focus remains on the person of
interest.

The zoom detection algorithm had robust performance, achieving 92% accuracy. This
algorithm successfully identified sudden changes in the patient's bounding box height, which may
signify unintentional zooming and affect the consistency of gait measurements.

The final video quality assessment framework integrates these individual components into a

unified quality scoring system. Utilizing a Random Forest classifier, the system achieved 95%
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accuracy in categorizing videos as either suitable for immediate analysis or requiring manual
editing. This high level of accuracy demonstrated the effectiveness of the proposed methodology
in automating the quality assessment process.

The research also addressed the critical need for actionable feedback in improving video
quality. Specific suggestions on improving video quality can be provided to the user when videos
fail to meet quality standards, enabling users to rectify issues and enhance the overall efficiency of
the gait analysis workflow.

In conclusion, this thesis makes contributions to the field of automated gait analysis by
addressing the crucial aspect of video quality assessment. The developed framework demonstrates
high outcome measures across various quality metrics, potentially revolutionizing the efficiency of

automated EVGS scoring in clinical practice.
7.2 Assumptions and Limitations
7.2.1  Assumptions

The proposed automated video quality assessment framework for gait analysis is based on several

key assumptions:

e Good Lighting Conditions: The framework assumes that all gait videos are recorded
under adequate lighting conditions, which is essential for accurate pose estimation and
keypoint detection.

e Absence of Motion Blur: The system assumes that the recorded videos are free from
motion blur, as clear, sharp images are essential for accurate pose estimation and keypoint
detection.

e Stable Camera: No substantial camera shake or instability during the recording, ensuring
that changes in the person’s position and size are due to their movement rather than
camera motion.

e Camera Positioning: Camera is positioned at hip height for both coronal and sagittal plane
recordings, ensuring consistent perspective and scale across different videos.

¢ Limited Plane Orientations: Only three plane orientations are expected in the gait videos:
coronal, sagittal, and transverse. This limitation allows for a focused approach in plane

detection and classification algorithms.
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e Linear Walking Path: The framework assumes that the patient walks in a straight line
during the recording, simplifying the gait analysis process and allowing for more

consistent measurements across frames.

These assumptions provide a controlled environment for the development and validation of the
automated video quality assessment framework, allowing for a focused evaluation of the core
methodologies developed in this thesis. In practice, the person recording the video would have

considered these guidelines before starting patient video capture.
7.2.2  Limitations

The primary limitation arises from the dataset used for development and validation, which was
sourced from a single laboratory (Dataset details discussed in section 3.1). The quality metrics and
algorithm design were based on this specific dataset, potentially limiting the generalizability of the
approach. The identification of quality metrics was driven by analyzing cases where the automated
EVGS algorithm failed, which may not encompass all possible issues in diverse real-world
scenarios. Consequently, the automated quality check algorithm should be evaluated with videos

from different datasets or clinical environments.

The intended deployment of this system in clinical settings, particularly through a
smartphone app for clinical use, introduces additional challenges. Variations in lighting conditions
and phone orientations, which were not evaluated in this study, could affect algorithm performance.
The current plane detection algorithm is limited to identifying coronal, sagittal, and transverse
planes. Videos captured from other angles or orientations may lead to incorrect plane classification

and subsequently inaccurate quality scores.

7.3 Future work

To address the current limitation in datasets, a next step is to fine-tune the algorithm and incorporate
additional metrics using diverse datasets. This approach could increase system generalizability,
ensuring its effectiveness across a wider range of clinical environments and patient populations.
Incorporating a lighting quality metric in future development would be valuable since poor lighting
can adversely affect pose estimation model performance [126], which in turn affects gait analysis.
Implementing standard image processing techniques, such as analyzing the mean pixel value of

video frames, can provide valuable insights into lighting quality.
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The current algorithm's ability to track the person of interest in multi-person scenarios can
be leveraged to automatically crop videos, using bounding box coordinates of person of interest.
Furthermore, identifying frames with specific flaws, such as zoom events or multiple persons,
opens the possibility of automatically trimming videos to retain only the high-quality segments.
These enhancements could potentially transform videos that currently require manual editing into
suitable inputs for automated EVGS algorithms, streamlining the workflow in clinical settings.

While the current implementation utilizes MoveNet Lightning Multipose model for its
balance of speed and accuracy, future technological advancements in pose estimation should be
closely monitored. As more accurate and lightweight models emerge, replacing MoveNet with a
superior alternative could substantially improve the precision of metrics scores and overall
effectiveness of the quality assessment algorithm. Additionally, future research could explore the
integration of machine learning techniques to refine the classification of video quality. By training
models on larger, more diverse datasets, we could potentially identify subtle quality indicators that
are not captured by the current rule-based system.
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