
Explaining Cricket Shot Techniques with Explainable AI
How can Explainable AI methods simplify the understanding of pose-based

classification results for cricket shots?

INTRODUCTION
In this paper I explore the usability XAI techniques in
cricket shot analysis.

DATASET & POSE-ESTIMATION
722 videos of 5 different cricket shot techniques
processed per frame, 17 body keypoints x,y,z extracted
(head and arms)

OBJECTIVES
Identification of XAI techniques that effectively explain
pose-based classification results.
Visualizations and explanations that highlight keypoint
(e.g. shoulder) contributions and interdependencies in
cricket poses.

RESULTS CONCLUSION

METHODOLOGY

Table 1: Evaluated XAI models

XAI MODEL EFFECTIVENESS

XAI MODEL RECOMMENDATION
SHAP proved to be the best performing model for
cricket shot analysis due to its global and local
explanations allowing for observation of feature
interdependencies, flexibility in explanation
visualizations and it being model-agnostic.

FUTURE RECOMMENDATIONS
Refine dataset used - more shot techniques,
data processing based on dominant hand and
skill level, greater volume and higher quality of
videos.
Test alternative classification models and pose-
estimation models (e.g. OpenPose, XGBoost,
etc...)
Test alternative XAI models (e.g. alternative
saliency maps (SmoothGrad), Anchors, learned
features).
Systematic benchmarking of explanation quality,
using objective metrics such as fidelity, sparsity,
and stability of the explanations.
Expert evaluation of explanations to assess their
alignment with textbook definitions of cricket shot
techniques.
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BACKGROUND
With the rapidly evolving AI technologies, more and
more are becoming incorporated into sports, be it in the
form of AI-assisted VAR, game predictions, or
technique checking. AI is quickly becoming a must-
have tool for athletes looking to improve in their
respective sports, and one of those sports is cricket.
There is no research combining XAI with pose
estimation based cricket shot classification.
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Research and select potential suitable XAI
models.

Construct classification models and
implement XAI on top

Evaluate and conclude which XAI model is
best suited

Grad-CAM COMPLICATIONS
Lack of CNN trained on Pose-Estimation datasets caused
focus on wrong image elements, but with high accuracy of
92%

KEYPOINT CONTRIBUTIONS
Most influential keypoints
easily distinguishable by
observing Feature &
Permutation Importance
and SHAP summary plot
and GroupedSHAP (Joint)
RightPinky_y and
LeftPinky_y (keypoints
connected directly to bat)
consistently among most
important  

KEYPOINT INTERDEPENDENCIES
Interdependencies
observed through local
SHAP and LIME
explanations, and
global Grouped SHAP
(Limb) explanations
Interdependencies
between naturally
connected body parts
observed (e.g. wrist
and pinky, elbow and
wrist). Most visible in
wrist and pinky SHAP
values in Waterfall
Plots 
GroupedSHAP (Limb)
presents prediction
reliance more on Right
Arm than Left Arm
except in Reverse
Sweep shot technique.

CONNECTED WORK
For a detailed overview of how SHAP explanations
of cricket shots can be used in real-world
applications, refer to “Generating expertise
specific explanations in cricket pose estimation” by
Ansh Kumar

Figure 1: Implementation Pipeline

Figure 2: Video frame to keypoint extraction

Table 2: XAI Model Evaluation table

Figure 3: GroupedSHAP (Joint)

Figure 4: Grad-CAM results with focus on terrain

Figure 5: SHAP summary plot

Figure 6: SHAP waterfall plot

Figure 7: SHAP waterfall plot

Figure 8: GroupedSHAP (Limb) Figure 9: Permutation importance
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