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Abstract—MarKkerless biomechanical analysis has become pos-
sible through developments in computer vision and pose esti-
mation. When analyzing the performance of a cricket player,
evaluating the sports player requires a temporal analysis of
events, such as ball and bat collisions, and the respective body
kinematics. This paper proposes a framework for multi-view
analysis of cricket shots that automates temporal multi-view
synchronization, contact frame localization, and biomechanical
assessments. Coarse alignment of multi-view cameras is per-
formed using the audio of hand claps. The contact event is
temporally aligned using wrist velocity, front foot motion, and
the distance between the bat and ball. After the contact event is
temporally aligned, pose estimation is used on the aligned frame
to estimate biomechanical parameters such as elbow angle, knee
angle, and head alignment. The estimated parameters are then
used to provide performance-enhancing feedback as automated
coaching through a scoring mechanism. The timestamps of the
contact events and shot events provide a performance evaluation
framework that is objective, scalable, and economically viable.
This framework can streamline performance analysis in cricket
and can be used to improve intelligent coaching and sports
analytics.

Index Terms—Cricket Shot Analysis, Pose Estimation, Sports
Biomechanics, Multi-View Synchronization, Computer Vision

I. INTRODUCTION

Biomechanical analysis is essential for enhancing athletic
performance as it provides quantitative data on human move-
ment. For effective batting in cricket, body parts must work
together perfectly, the bat must hit the ball at the right time,
and energy must move quickly through the kinetic chain [1]-
[5]. However, traditional coaching methods are mostly based
on personal opinions and do not provide objective evaluation
of players.

Nevertheless, owing to advancements in computer vision,
markerless motion capture using regular RGB video recordings
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has become viable [6]. Leveraging pose estimation techniques
such as OpenPose [7] and MediaPipe [8] facilitates the identifi-
cation of skeletal joint points, which enables automated sports
analysis [9], [10]. However, recognizing events such as ball-to-
bat contact remains challenging due to differences in camera
angles and synchronization issues [11], [12].

To address this problem, this paper proposes a model for
cricket shot analysis using multiple cameras that incorporates
camera synchronization, contact point detection, and biome-
chanical modeling. This model is based on synchronization
through sound and the following kinematic parameters: wrist
velocity, foot movement, and ball-bat distance, which are used
to detect the contact point.

The contributions of this paper are:

e Multi-camera synchronization based on auditory and mo-

tion cues.

o A hybrid approach to contact detection based on kine-

matics and vision.

o A biomechanical pose analysis technique for analyzing

cricket shots.

o A feedback system for automatic performance evaluation.

The presented method is low-cost and scalable, and can thus
be used in smart coaching applications and sports analysis.

II. RELATED WORK

Considerable research has been conducted in the area of
cricket batting biomechanics to evaluate joint movement coor-
dination in shots. Previous studies focused on the necessity of
coordination between the upper and lower body, proper timing,
and stability to achieve successful performance [1]-[5].

RGB-based markerless motion capture has emerged as a
solution due to advancements in computer vision technology
[6]. It is possible to estimate human skeleton joints using pose
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Fig. 1. Proposed system architecture illustrating the multi-stage pipeline for
cricket shot analysis.

estimation algorithms such as OpenPose [7] and MediaPipe
[8], which enables automated sports analysis.

Another technique that has advanced the spatiotemporal
analysis of human motion is action recognition [9], [10].
Multi-view synchronization has also been studied for aligning
video streams captured from multiple angles [11]. Recently,
markerless motion capture technology has been demonstrated
to be efficient in biomedical applications [12].

Yet, little attention has been given to combining all these
methods to achieve synchronization, detect contact events, and
provide biomechanical feedback. Our framework integrates
multi-view synchronization, kinematic event detection, pose
analysis, and feedback generation.

III. METHODOLOGY

The proposed system performs automated cricket shot anal-
ysis using a multi-camera framework that integrates synchro-
nization, contact detection, pose estimation, and biomechanical
evaluation (Fig. 1).

A. Multi-View Video Acquisition

Videos are captured from multiple viewpoints (right, left,
front, and rear) at a frame rate of 60 FPS, which provides suf-
ficient temporal resolution for movement analysis. The multi-
view video capture system helps address occlusion issues and
provides a better understanding of the motion.

B. Audio-Based Synchronization

Since video shots are captured individually, they are not
temporally synchronized. Synchronization is performed using
audio signals via short-time energy analysis of the clap sound,
where the frame at that moment is taken as the reference for
synchronization. The delay can then be determined relative to
the chosen reference angle.

C. Kinematic Contact Detection

A hybrid approach combining multiple motion cues is used
to detect the bat—ball contact frame.
1) Wrist Velocity Analysis: Wrist velocity is computed as:

vy =\ (2 — 24-1)% + (Y — ye—1)2 (D

A sharp peak followed by a drop indicates the contact region.

2) Front Foot Stabilization: Front foot velocity increases
during stepping and decreases upon stabilization. Contact
typically occurs after foot grounding, indicating proper weight
transfer.

3) Ball-Bat Distance Minimization: The ball is detected
using HSV segmentation, and its distance from the wrist is
computed. The contact frame corresponds to the minimum
distance.

4) Final Contact Frame Selection: A search window is
defined around the wrist velocity peak and foot stabilization
phase. The frame with the minimum ball-bat distance within
this window is selected as the final contact frame.

The overall workflow is summarized below:

Input: Multi-view videos V = {V}, V4, ..., V,,}

Qutput: Contact frame f. and biomechanical metrics

1) Extract audio signals and detect clap frame feiqp.
2) Perform coarse synchronization using feqp-
3) For each video:

a) Extract pose landmarks.
b) Compute wrist velocity, foot velocity, and ball
distance.

4) Identify candidate window around peak wrist velocity.
5) Select f. = argmin(d;) within the window.

6) Compute biomechanical metrics at f..

7) Aggregate metrics and generate feedback.



D. Pose Landmark Extraction
Pose landmarks are extracted using a markerless framework.

Key joints such as the shoulder, elbow, wrist, hip, knee, and
ankle are used for analysis.

E. Biomechanical Metric Computation

Joint angles are computed using:

0 =cos™! (—BA - BO )
1BA[[ - [|BC]

The metrics include elbow angle, knee angle, wrist speed, head
position, front foot speed, and bat angle. These relate to upper
body coordination and lower body balance.

Table I summarizes the extracted biomechanical parameters
used for performance evaluation.
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F. Automated Feedback Generation

Computed metrics are compared with predefined thresholds
to generate interpretable feedback. For example, insufficient
elbow extension or excessive knee extension indicates im-
proper technique.

G. Multi-View Consistency

The detected contact frame and metrics are validated across
all views. Minor variations (+1 frame, ~16.7 ms) are toler-
ated, ensuring consistent event localization.

IV. EXPERIMENTAL VALIDATION
A. Dataset and Experimental Setup

The developed framework was assessed using a unique
multi-view cricket dataset comprising several batting shots
filmed simultaneously from four camera viewpoints: right-
side (RS), left-side (LS), front, and back views. All videos
were recorded at 60 FPS in outdoor settings, resulting in high-
temporal-resolution videos for capturing motion and localizing
events precisely.

A markerless approach for extracting and estimating the
position of different body parts was employed, allowing joint-
level studies without the need for markers. The dataset con-
tains variations in shot execution, player stance, and recording
conditions to test the robustness of the proposed system.

B. Multi-View Synchronization Evaluation

Synchronization was performed using two processes: clap
detection via audio and motion-based synchronization. In
audio-based clap detection, synchronization was performed
using the clap audio as the reference point. In motion-based
synchronization, wrist velocity served as the reference point.

The results of the technical assessment confirm good syn-
chronization across views, with a slight variation of 1 frame
(approximately 16.7 ms at 60 FPS).

From Fig. 2, it can be confirmed that contact event detection
has been completed for all multiple views. Because the contact
frame is determined in all views, the results of contact frame
determination are consistent across views. Due to differences
in viewing angles, the spatial placement of the views may
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Fig. 2. Multi-view synchronized frames at the detected bat-ball contact
moment across left, right, front, and back camera views.

vary, and contact determination may exhibit slightly greater
differences.

Accurate contact frame determination enables reliable
biomechanical analysis of the contact event.

To provide an objective assessment of contact determina-
tion, a statistical evaluation of contact event determination
frames was performed across all multi-view shots.

The results show good contact determination across all
shots, with an average difference of approximately 1.48 frames
between views. The multi-view results were good, with an
average of just under 4 frames variation (at 60 FPS).

These results confirm that the developed methodology,
combining audio identification and wrist velocity refinement,
has provided good alignment.

As shown in Table II, the synchronization error remains
consistently low across all trials.

Compared to audio-only synchronization, which may intro-
duce larger temporal offsets, the proposed refinement strategy
significantly improves alignment consistency.



TABLE I
EXTRACTED BIOMECHANICAL METRICS AT CONTACT FRAME

Shot Elbow (°) Knee (°) Wrist Vel Foot Vel Head Err  Swing (°)
Shotl 141.82 117.20 0.0240 0.00008 0.0326 15.21
Shot2 161.15 148.68 0.0015 0.00022 0.0222 -127.87
Shot3 156.21 134.58 0.0267 0.00085 0.0223 6.39
Shot4 125.01 126.85 0.0120 0.01535 0.0142 -8.07
Shot5 156.99 143.30 0.0277 0.00145 0.0203 -2.16
Shot6 146.38 144.80 0.0408 0.01565 0.0244 -1.09
TABLE II Front Foot Velocity vs Frame

SYNCHRONIZATION PERFORMANCE ACROSS SHOTS

Shot Mean Frame Std Dev  Error (Frames)
ff_defence_shotl 35.75 1.48 4
ff_defence_shot2 47.75 1.48 4
ff_defence_shot3 54.75 1.48 4
ff_defence_shot4 57.75 1.48 4
ff_defence_shot5 56.75 1.48 4
ff_defence_shot6 54.75 1.48 4

Wrist Velocity vs Frame
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Fig. 3. Wrist velocity profile across frames. The sharp peak corresponds to
the detected bat-ball contact frame, indicated by the vertical dashed line.

C. Contact Frame Detection Analysis

Accurately locating the impact frame is essential for per-
forming correct biomechanical analysis. For this purpose, the
system adopts a mixed multi-cue method that considers wrist
velocity, front foot stabilization, and ball-bat distance.

Wrist velocity peaks before decreasing rapidly at the time
of impact.

As shown in Fig. 3, the wrist velocity exhibits a clear and
prominent peak at the moment of contact, providing a strong
temporal cue for event detection.

In addition to wrist motion, front foot velocity is analyzed
to determine the stabilization phase. Foot velocity increases
during the stepping motion and decreases significantly once
the foot is grounded, indicating proper weight transfer prior
to impact.

As illustrated in Fig. 4, the contact event occurs after the
front foot velocity stabilizes, confirming the role of lower-body
mechanics in shot execution.

Finally, the ball-bat distance is evaluated across frames to
refine the exact contact point. The contact frame corresponds
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Fig. 4. Front foot velocity across frames. The velocity decreases sharply after
foot stabilization, indicating proper lower-body grounding before contact.
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Fig. 5. Ball-bat distance across frames. The minimum distance corresponds
to the detected contact frame.

to the minimum distance between the detected ball and the
wrist position.

Fig. 5 shows a clear minimum in the ball-bat distance at
the detected frame, providing strong visual confirmation of the
impact event.

The consistency observed across wrist velocity, front foot
stabilization, and ball-bat distance demonstrates the robustness
of the proposed multi-cue detection strategy. By combining
these complementary signals, the system achieves more accu-
rate and reliable contact frame detection compared to single-
feature methods.

D. Biomechanical Metric Validation

In this analysis of the contact frame, biomechanical mea-
surements such as elbow angle, knee angle, wrist velocity,
front foot velocity, swing angle, and head alignment error were
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Fig. 6. Angle overlay visualization at the detected contact frame. Elbow and
knee angles are superimposed on the player’s posture to validate biomechan-
ical metric computation.

derived using pose landmarks extracted from synchronized
video frames.

Joint angles and other biomechanical measurements were
mathematically derived using geometric equations to maintain
accuracy across all angles. These measurements pertain to the
coordination of both the upper and lower body, which is vital
for executing a cricket shot.

These metrics indicate the position, timing, and performance
of movements required in shot execution.

In Fig. 6, the calculated angles have been successfully over-
laid on the player’s position within the contact frame, which
serves as further validation for the biomechanical analysis. The
correlation between pose markers and actual joints indicates a
high level of accuracy in pose estimation.

Thus, the consistency between numerical metrics and visual
observations confirms the efficiency of the proposed method
for extracting biomechanical information from RGB data.

The visual confirmation of the calculated metrics can be
seen in Fig. 6, where the excellent correlation between markers
and actual joints serves as an indicator of the accuracy of the
process.

E. Performance Evaluation Across Shots

The validity of the suggested approach has been confirmed
through the analysis of various types of cricket strokes and
scoring them using a rule-based evaluation technique. Scoring
is based on the discrepancy between the observed movement
and the optimal movement, including factors such as elbow
angle, knee angle, and head alignment error.

As shown in Table III, the results exhibit noticeable varia-
tion across different shots, reflecting differences in player pos-
ture and execution. Shots with better joint alignment and stable
lower-body positioning consistently achieve higher scores and
grades, indicating efficient technique. In contrast, deviations
in elbow extension, insufficient knee flexion, or increased
head alignment error lead to lower scores, highlighting areas
requiring improvement.

These results demonstrate that the proposed system can
effectively distinguish between varying levels of shot quality
and provide a quantitative basis for performance evaluation.

F. Qualitative Feedback Analysis

The system not only provides numerical assessment of
movement but also offers interpretable coaching guidance
related to biomechanical deviations.

Examples of such deviations include the need for improved
elbow extension, increased lower-body stabilization, and cor-
rect head positioning. Thus, the system demonstrates practical
application as an intelligent coaching assistant.

V. DISCUSSION

The suggested system displays high accuracy in synchro-
nizing multi-view recordings, detecting contact events, and
analyzing the biomechanics of cricket strokes. Audio-based
synchronization and motion correction help to align different
video feeds precisely in time.

Contact detection using wrist speed, foot steadiness, and
ball-bat distance shows high accuracy in identifying the
correct contact moment. Multi-cue contact detection is more
precise than single-feature detection.

The biomechanical results from this research are consistent
with those from traditional methods used in cricket; therefore,
markerless body tracking is applicable to sports activity anal-
ysis. Additionally, rule-based feedback assists in data analysis
and converting information into actionable recommendations.

Nevertheless, time misalignments and projection issues
caused by a 2D approach should be considered. Despite this
limitation, the suggested system demonstrates high practical
potential.

VI. LIMITATIONS

However, several limitations should be noted regarding the
application and generalization of the above-described system.

The first limitation is that since pose estimation is performed
in 2D space, the system faces challenges related to the depth
dimension, which may cause distortions in pose angles. The
position of the capturing camera plays a decisive role here.



TABLE III
PERFORMANCE EVALUATION ACROSS MULTIPLE CRICKET SHOTS

Shot Frame Elbow Knee Head Err  Score  Grade
ff_defence_shot1 67 141.82  117.20 0.0326 19 C
ff_defence_shot2 59 161.15 148.68 0.0222 22 B
ff_defence_shot3 61 156.21 134.58 0.0223 22 B
ff_defence_shot4 70 125.01 126.85 0.0142 22 B
ff_defence_shot5 68 156.99 143.30 0.0203 22 B
ff_defence_shot6 76 146.38  144.80 0.0244 22 B

Furthermore, although synchronization of frames from mul-
tiple cameras ensures high-quality timestamping, some errors
may occur. These errors may amount to 1 frame and could
negatively impact the detection of specific events.

Additionally, the color-based segmentation method used for
ball tracking may produce inaccuracies in ball localization due
to unfavorable conditions such as poor visibility or occlusions.

Moreover, the rule-based feedback system operates accord-
ing to standards established by a general understanding of
biomechanics. However, it may not account for individual
differences in shot execution or playing style.

Finally, the lack of diversity in the data sample may nega-
tively affect the generalizability of the solution.

VII. CONCLUSION

This paper presented a holistic multi-view framework
for automated cricket shot analysis that combines synchro-
nized signal processing, kinematic event detection, pose-based
biomechanical evaluation, and feedback generation. In the
proposed approach, clap sound is used for initial synchro-
nization, while further motion analysis helps achieve precise
synchronization among multiple camera views. The novel
approach to bat-ball contact detection uses a combination of
wrist speed, stable front foot position, and ball-bat distance.
This method is robust against the drawbacks associated with
using individual features for contact detection.

Key biomechanical parameters such as elbow angle, knee
angle, wrist speed, and head alignment at the kinematic event
frame are calculated from the batsman’s pose. This set of
parameters effectively provides insight into the coordination
between upper body movements and lower body stability.

Experimental analysis has proven that the methodology is
highly successful in providing multi-view synchronization,
contact detection, and comprehensive biomechanical analysis
from simple RGB video inputs. It can be considered a cost-
effective alternative to expensive motion capture techniques. In
addition, future research will focus on extending the proposed
technique to 3D pose estimation, ball detection under diverse
conditions, and designing an adaptive feedback module using
machine learning techniques.
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