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ABSTRACT

KEYWORDS: Reference Pro�le Generation ; Gait Assessment; Foot Kinematics; Neu-

ral Networks, Cerebral Palsy, Foot and Heel Clearance, Automation.

Cerebral Palsy (CP) is the most common pediatric neurodevelopmental disorder that a�ects

motor skills, muscle tones, balance and movements. The overall global prevalence of CP is

estimated to be 2 per 1000 live births. According to the Centers for Disease Control and

Prevention (CDC), CP is the most common cause of physical disability in children, with an

estimated prevalence of 2.1 per 1,000 live births in the United States. In India, there were

about 2.5 million children diagnosed with CP in 2010. It is non-progressive damage of the

brain, occurring before the growth of the nervous system is complete, most often occurring

before or during birth. Some common problems that individuals with CP experience include

motor impairment, cognitive impairment, speech and language di�culties, sensory impair-

ments, epilepsy, musculoskeletal problems, psychological and social challenges. The severity

of gait abnormalities in individuals with cerebral palsy (CP) can vary widely, and the ab-

sence of standardized diagnostic protocols makes it di�cult to calculate speci�c statistics

on the prevalence of gait abnormalities in this population. However, it is estimated that

about 40% of individuals with CP have some degree of gait abnormality. Since CP is a non-

progressive disorder, accurate and timely gait management may signi�cantly recover the

movements and improve walking. Assessment of abnormal walking patterns is considered

one of the most crucial steps of gait management in CP. Accurate gait assessment helps the

doctor select appropriate interventions and, �nally, reduces treatment time. Comprehensive

gait assessment needs the use of costly laboratory apparatus. Unfortunately, signi�cantly

fewer gait assessment laboratories are available in most developing countries. This un-

availability of infrastructure leads to misdiagnosis, delayed assessment and treatment, and

improper tracking during rehabilitation. Hence, the thesis proposes a cost-e�ective, pre-

cise, and clinical decision support system (CDSS) to aid doctors in the accurate, traceable,

and prompt diagnosis of lower limb abnormalities in patients with cerebral palsy (CP). In

order to achieve the objectives, the thesis utilizes development of wearable and immense

application of Arti�cial Intelligence (AI) algorithms.

Three wearables, namely, instrumented outsole (IO), instrumented sock (IS), and mod-

i�ed OpenSenseRT, were developed and validated to measure full lower limb kinematics.

An IO and an IS were developed for measuring foot kinematics. An open-source inertial

measurement unit (IMU) motion capture system (OpenSenseRT) was also modi�ed to make

iv
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it compatible with the developed instrumentation. The modi�ed OpenSenseRT measures

the pelvic, hip, knee, and ankle joint kinematics in three-dimensional planes. The IO was

validated against a standard system (camera-based-motion capture system) at six walking

conditions, namely, slow walking speed, medium walking speed, fast walking speed, rearfoot

landing (with heel strike), midfoot landing (with �at foot strike), and the forefoot landing

(with toe strike). It was found that more than or equal to 96.48% values of the di�erences

in both the systems is between the limit of agreement, values of Pearson's correlation coe�-

cient (PCC) were more than or equal to 0.76, and values of root mean square error (RMSE)

were less than or equal to 3.45°.

By using a similar working principle as IO, an IS was developed for measuring foot kine-

matics. The IS overcomes various limitations of the IO, such as it can be used for bare-foot

analysis, it can be used with a deformed foot, it is 100% replicable, and it is light weighted.

Ten CP subjects and ten TD subjects were recruited to validate the accuracy of the IS

in measuring the foot's angular kinematics by comparing it with OpenSenseRT (a veri�ed

motion-capture system). The data of IS was compared with the values of OpenSenseRT for

pitch and roll angles of foot. IS obtained RMSE of 3.8°±0.8° and 2.7°±0.6° for pitch and

roll angles, respectively. Further, the IS and IO were compared at a self-selected (preferred)

walking speed i.e 2.8 km/h for IO and 1 km/h for IS. The results suggested that the per-

formance of IS was comparable to IO (that was extensively veri�ed), and the errors lied in

the acceptable range. Therefore, IS can be used for clinical applications. The IS overcomes

the limitations of the IO and shows its clinical applicability. However, as the number of

foot-to-ground distances and angular degree of freedom are more in IO than IS, and the

error of measurement is less in IO than IS, it can be a preference when used with subjects

with fewer foot deformities.

OpenSenseRT was modi�ed to synchronize the clock of OpenSenseRT and the clock of

the data acquisition system of IS/IO automatically during booting and transferring data to

a local server after data collection. The kinematics data from the devices was stored in a

local electronic health record (EHR) for further processing.

The software component of the system consists of two modules: one for improving af-

fordability and reducing data collection time and the other for generating an extended-

automated-gait assessment report (extended-A-GAS).

�Foot2hipCP� was developed to estimate lower limb kinematics with robust and fast

computation (41 ms). Foot2hipCP predicts ankle, knee, and hip joint angle pro�les in the

sagittal plane using foot kinematics recorded from IO/IS during walking. When tested using

5-fold cross-validation, (CP: n = 10 and TD: n = 10), foot2hipCP obtained a mean RMSE

of 2.46°±0.17° and a correlation coe�cient of 0.95±0.01 for all joints (averaged across all

folds). �MoveNetCP� was developed to reduce the data collection time by generating lower

limb kinematics at any given slope of the walking surface from the zero-degree slope. The

© 2023, Indian Institute of Technology Delhi
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results showed that MoveNetCP could be used to predict joint angle pro�les at -10 and

10-degree slopes from ground-level pro�les recorded with a MAE of 3.03°±1.37°).

Extended-A-GAS consists of three diagnostic decision support systems (DDSS), namely,

non-knowledge based (KB)DDSS, KBDDSS and A-GAS. In Non-KBDDSS, nine neural

network-based models were developed to classify walking patterns into 49 known lower limb

abnormalities for people with CP. The networks obtained a classi�cation accuracy of 98%,

precision of 0.93, recall of 0.95 and f1-score of 0.95. In KBDDSS, Bayes probability and

elementary concepts of reasoning were used to quantify gait abnormality-related features.

KBDDSS obtained a mean f1-score of 0.88 for all joints. Automated-Gait Assessment Score

(A-GAS) was the �rst objective, comprehensive gait assessment methodology developed for

CP children. For the computation of A-GAS, instance abnormality index (AII) and ab-

normality index (AI) were calculated. AII quanti�es the gait abnormality of a gait cycle

instance, while AI quanti�es the gait abnormality of a joint angle pro�le during walking.

AII is calculated for all gait cycle instances by performing probabilistic and statistical anal-

yses. The abnormality index (AI) is a weighted sum of AII, computed for each joint angle

pro�le. A-GAS is a weighted sum of AI, calculated for a lower limb. Moreover, a graphical

representation of the gait assessment report, including AII, AI, and A-GAS is generated to

provide a better depiction of the assessment score. When compared with the current gold

standard of gait assessment (human expert's ratings), A-GAS was found to be more accurate

and reliable. The EBDDSS and A-GAS were combined to generate a feature (abnormality)

speci�c report (feature-speci�c A-GAS) to give doctors an idea of the contributions of fea-

tures in modifying gait. The feature-speci�c A-GAS was developed to assist the doctor in

the better and more detailed diagnosis of the known abnormalities.

The proposed CDSS was validated using qualitative and quantitative analysis. A method-

ology for replicating a musculoskeletal deformation (contracture) in healthy individuals for

objectively evaluating the performance of gait assessment scores with variable severity of

musculoskeletal deformations was developed. A-GAS was found to be sensitive and accu-

rate in detecting the change in the degree of contracture and has the potential to track

rehabilitation progress during gait rehabilitation. Also, the proposed CDSS was found to

be better than the state-of-the-art (human expert's ratings) method in detecting gait ab-

normalities. Further, Extended-A-GAS was compared with the conventional method where

clinical expert raters from AIIMS Delhi for generating gait assessment reports. Results

showed that Extended-A-GAS was consistent with ratings of raters for known abnormali-

ties. Also, Extended-GAS was found to be more capable of capturing gait abnormalities

than conventional methods. In conclusion, a CDSS was developed and validated using a

novel gait assessment evaluation methodology and conventional methods. The proposed

CDSS shows clinical and personal applicability and has potential to solve many problems of

current methods of gait assessment.
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