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Abstract

Sports video analytics is a challenging but extremely benefiting task, as game action analysis
can aid players in immensely improving their responses. Game action analytics represented in
measurable manner can even help coaches to train players. They can learn from past actions
of best of player responses and help players achieve their highest potential. In Cricket, shot
analytics is complex as shot response depends on many factors such as batsman response,

ball speed, direction and trajectory etc.

One of the areas for evaluating batsman Performance is batsman pose analysis during shots.
Through pose analysis, Sports analysts can help players in analysing their responses and if
needed help in recommending corrective actions. Also pose analysis can help in
understanding the weaknesses of opponents and adjust their game plans on the basis of those
findings. Scope of work is to analyse batsman pose and propose novel solutions for batsman

action analysis using deep learning architectures.

A first attempt as a part of this effort was Optimal representation of batsman pose. Batsman
pose as a precursor of shot action is an important and crucial aspect. This helps in
determining shot action and enriched batsman pose-based features immensely help in pose
analysis. Thereby optimal and enriched batsman pose representation is important for

improving shot recognition accuracy and overall shot analytics.

For this, MSCOCO format [1], most popular standard for 2D human pose representation
format was modified for cricket video analytics. Due to non-availability of benchmark cricket
dataset for shot recognition, the focus was on creating feature rich annotated and labelled

temporal pose keypoints dataset specifically for cricket for accurate pose estimation of
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batsman. Shot sequences consist of 2D batsman pose annotated and labelled 15 frames per
shot. The data was collected from internet highlights videos of cricket matches. During data
selection, it was ensured that selected shot should represent mostly expected behaviour of
batsman for a shot. The shots where unexpected outcomes were produced due to reasons such
as unusual bat tilt, uncommon body pose etc, those shots were rejected. To apply uniformity
to data collection, shots segments are taken from video angles where camera covers batsman

from frontal view.

To represent batsman 2D pose, original MSCOCO [1] format (2D human pose representation
format) is enriched by adding additional keypoints for bat. As movement of bat is part of
comprehensive representation of batsman action, it aids in better batsman pose
representation. Through exhaustive experimentation, we demonstrate that accuracy of

proposed frameworks increases significantly with added keypoints.

For accurate batsman pose detection, pretrained OpenPose [27] pose detector was fine-tuned
for our dataset. State of the art 2D pose detectors are widely available and predict human
pose keypoints with high accuracy. We leverage one the popular OpenPose [27] pre-trained
pose detector and fine-tune it for cricket dataset for accurate batsman pose estimation. We

achieved average accuracy of 92.2% for batsman keypoints.

Our first work utilizes 2D batsman pose keypoints estimation along with additional features
for the temporal shot sequences. LSTMs help in capturing temporal dependency between the
frames and along with final layer consisting of fully connected layer followed by softmax
layer, are trained for cricket shot recognition task. Best accuracy achieved by proposed

architecture is 96.2% whereas for baseline architecture, best case accuracy is only 86%.

Major contribution of the thesis is through the work where we explore the possibility to

represent impact of batsman joints for a cricket shot in measurable manner. It is evident from



visual analysis of cricket shots, that some joint movement may have more impact for certain
shots. Hence to explain batsman action in terms of joint impact variability for varied shots,
we propose an architecture that uses this directed graph representation for batsman pose
along with conditional spatio-temporal graph convolution networks to capture this

information in measurable manner.

The proposed architecture based on Conditional spatio-temporal graph convolution networks
[78] help in training the conditional connections between joints, such that different poses can
adopt appropriate connections to exploit varied non-local dependence. The visualization of
final layer provides insight into conditional dependency of joints for particular shot. The
empirical evaluation of final layer matrix helps in understanding underlying impact of joints

on shot action and provide distinctive markers for joint impact assessment.

In summary, we propose mechanism and framework for optimal batsman pose representation.
Through series of work, we propose architectures for shot recognition and studying batsman
pose to understand underlying impact of joints for cricket shots. This solution can easily be
adapted for variety of applications such as pose correction, shot comparison etc. It can also be
part of complex solution for overall analytics of shot where other factors such as ball

trajectory, speed etc. are also considered.
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