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Introduction

The general practice followed in gait and motion analysis laboratory after conducting
walking gait trials of patients with pathological gait is manual annotation of key gait
events (Foot Strike and Foot Off) by expert biomechanists. Events marked by ground
reaction force plates are considered gold standard[3] but due to expense considerations
only few force plates can be installed in laboratories. Moreover, due to high inter-
individual and intra-individual gait variability in pathological gait it may not be possible
to detect Foot Strike and Foot Off using force plates many times. Hence, the
biomechanical expert visually reviews the trials using softwares such as Mokka, Visual

3D and manually annotates the key gait events.

It is a crucial initial step to annotate key gait events in trial data. The detection of these
events helps distinguish gait cycle, define the boundaries of gait phases and provide a

framework for further analysis.

After key event detection/ annotation, the calculation of spatio temporal gait parameters
like step length, stride length, cadence, speed and other kinematic factors like joint
angles at specific points is done. Comparision of the extracted parameters to normative
data or reference values helps derive resultant graphs which are used by pediatric expert
doctors to identify underlying pathology, decide on treatment plans, and even to assess

the effectiveness of interventions or rehabilitation programs.

Research Gap

Results of validation studies conducted, for some popular position-based and velocity-based
algorithms (position and velocity of 3d markers), for a larger group of patients with different
gait contact type patterns and pathologies, indicate that there is a scope for improvement in the
accuracy of automated gait detection of key events.

Existing popular methods like Sequence to Sequence LSTM lack interpretability and are
complex to train. Moreover, with existing popular methods, training on smaller datasets can
result in overfitting.

Approaches that result in less number or no false positives are desirable.



4. Machine learning/ deep learning approaches generally use 3D position of markers and their
linear velocities for gait event detection. There is scope for optimizing feature selection and
selecting parameters which can speed up training, increase the accuracy and reduce the

complexity of the machine learning model.

Problem Statement

Pathological gait patterns vary widely between individuals and have underlying complexities.
Experts manually mark foot strike and foot-off events by visually reviewing the gait trials of
patients that undergo three-dimensional gait analysis. This task is time-consuming, affected by
inter-rater variability, and prone to errors. Due to this, the results of three-dimensional gait
analysis are affected in the context of speed and accuracy. Moreover, the availability of the data
produced by gait analysis of pathological gait is limited. Additionally, the data format produced

at different laboratories and sampling rates may also vary.

This research aims towards accurate automated foot strike detection using effective kinematic

features, in pathological gait, which eventually can help gait cycle identification.

Objectives

The objectives of this research are :

1. To design and develop a machine learning model for foot strike detection in pathological

gait using effective kinematic features with the following characteristics:

(i) which is fast to train

(i1) is preferably interpretable

(iii) is trainable on datasets of smaller size (less samples) and scalable to larger size

(iv) detects the event accurately and results in minimum false positives

Research Methodology for work done

1) An extensive literature study was conducted for automated key gait event detection

algorithms in pathological gait with different approaches, coordinate based methods,



2)

3)

4)

5)

velocity threshold based methods and data driven machine learning approaches currently
used for solving the problem.

A paediatric pathological gait data of more than 200 individuals were collected from Jupiter
Hospital, Thane, Mumbai, India and kinematic data (3d trajectories and joint angles) was
extracted from gait trials data, other features like linear velocities and accelerations were
calculated. All the trials were visually inspected and divided intro three broad categories (i)
heel strike foot contact pattern (ii) mid foot strike foot contact pattern (iii) front foot strike
foot contact pattern.

Sequence to Sequence LSTM network (with peak detection for event frame identification)
for automated key gait event detection ( Foot Strike and Foot Off detection). LSTM requires
large dataset in order to train. We applied different combinations of kinematic features to
seq-to-seq LSTM to observe the improvement in results with smaller and effective features
as compared to providing 3D trajectories of markers and their linear velocities and joint
angles.

In this research, the combination of shapelet based classifiers, specifically Random Dilated
Shapelet Transform, with a combination of simple rule based detection algorithm was used
for automated and accurate detection of Foo Strike events. Other state of the art time series
classifiers like ROCKET were also applied with a rule based algorithm for detection of foot
strike events.

We applied three feature selection algorithms namely Random Forest , CLeVeR , Merit
based feature selection to identify optimal feature set for Foot Strike event detection, in

heel strike foot contact type pattern.



Conclusion

Outcome and Key Findings

)]

2)

With a limited dataset size and high variability in pathological gait patterns, the Shapelet
Transform demonstrated effectiveness in identifying a small temporal window containing the
event frame while remaining fully interpretable. The precise identification of the exact event
frame was achieved using a simple rule-based detection algorithm applied within the identified
window. Other state of the art time series classification algorithms like ROCKET, multi
ROCKET hydra and Inception Time Classifier also worked efficiently for the classification of

the small temporal window.

The study further shows that selecting effective kinematic features using suitable data-driven
feature selection algorithms significantly improves the performance of machine learning
models for automated foot strike detection, particularly when the dataset size is relatively small.
Feature optimization reduced model complexity, improved generalization, and contributed to

minimizing false positives compared to using all available marker trajectories.



Future Work

1) Feature selection methods can be applied for the other foot contact type pattern and accuracy
for foot strike detection using machine learning algorithm, for those contact type patterns can
also be increased.

2) After identifying a small window containing event frame, another algorithm like LSTM or a
suitable algorithm can be used for increasing accuracy of foot strike detection.

3) Existing suitable feature selection algorithms can be tailored to design a feature selection

algorithm specific to the problem.
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