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Sports performance analysis is important for improving athlete training and decision-making, but many existing
systems lack real-time feedback and efficient handling of complex movements. This study proposes an Al and
cloud-based framework for real-time tennis action recognition using labeled images of forehand, backhand,
serve, and volley. Preprocessing techniques such as resizing, normalization, and augmentation improve data
quality. EfficientNet extracts spatial features, while pose estimation captures movement patterns. These features
are fused and processed using a BILSTM model for accurate classification. Results are stored in the cloud for
real-time access and scalability. The model achieves high performance with 0.975 precision, 0.981 recall, 0.978
Fl1-score, and 0.992 accuracy, outperforming existing methods.

Keywords: Sports Action Recognition, BiLSTM, EfficientNet, Pose Estimation, Cloud Computing
©The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC

BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and

source are cited.

http://dx.doi.org/10.6180/jase.202611_34.038

1. Introduction

Sports performance analysis improves athlete skills, but
traditional methods are manual, subjective, and time-
consuming [1]. Al and cloud systems enable automatic
movement analysis and efficient data handling [2].

Existing studies use ML and DL methods [3] like KNN
[4], Decision Tree [5], ResNet [6], VGGNet [7], and Mo-
bileNet [8] for action recognition. However, many existing
approaches rely on offline or batch processing pipelines,
where data is analyzed after collection, resulting in delayed
feedback, increased latency, and limited applicability in
real-time sports training scenarios.

To address these issues, the proposed framework builds
a real-time Al and cloud-based sports feedback system.
MediaPipe extracts pose features and EfficientNet learns
spatial features, while actions are processed and stored in
the cloud for fast, accurate feedback.

- Design an Al-based system to track player movements
and improve training efficiency.

- Use the Tennis Player Actions Dataset for model train-

ing and testing.

- MediaPipe Pose Estimation to extract key body joint
features.

- EfficientNet for spatial feature extraction and cloud
computing for efficient action recognition and process-
ing.

The study is organized as follows: Section 2 covers the
literature review and problem statement, Section 3 presents
the proposed methodology, Section 4 discusses results, and
Section 5 provides the conclusion along with future work.

2. Materials and methods

Sports action recognition, pose-based movement analysis,
and cloud-based analytics have been extensively studied;
however, despite their individual effectiveness, their inte-
gration into a unified framework remains limited. In 2025,
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Jain [9] studied Al in sports using DL to evaluate perfor-
mance and predict injury risk. Neural networks analyzed
movement and physiological data, enabling better training
decisions. In 2025, Jiang [10] analyzed youth sports health
using cloud computing and gait techniques. ML models
identified performance patterns, improving athlete moni-
toring. In 2024, Hussain et al. [11] introduced a real-time
sports system for decision-making. It continuously ana-
lyzed athlete data, improving performance evaluation. In
2024, Chang et al. [12] proposed a cloud-based system us-
ing SVM and CNN. It improved accuracy in sports activity
analysis. In 2025, Yan [13] developed a cloud-edge TinyML
model for real-time action recognition. It reduced latency
and improved accuracy. In 2025, Jia and Liang [14] built
an ML-based model for real-time performance prediction.
It enhanced training and performance outcomes. In 2025,
Grandhi et al. [15] developed a wearable sports monitoring
system using optimized SVM for ECG signal analysis to
enable real-time athlete performance and health diagnosis.
In 2022, Khater et al. [16] developed a residual inception
ConvLSTM model for human activity recognition.

The advancements in sports analytics emphasize real-
time performance feedback using Al-driven frameworks.
Vec et al. [17] highlight the growing use of machine learn-
ing, computer vision, and sensor-based systems for con-
tinuous monitoring and low-latency feedback. These de-
velopments motivate the need for scalable frameworks
integrating spatial, temporal, and pose-based features, as
proposed in this study.

Datazet @ =
Preproceszing
e Ao 4

£ _- \,
’% -*| Image rasizing

| Nosmalization .|

Temmnis Flayer - S
Actions Datasat | Data [ Backeround
asgmentation || noisefilterine
Spatial F eatureL earning Posze Feature Extraction

2. ¥ EfficientNet Daap.. |

?}H Leaming Model |

| ( MedizPipe Pose Estimation |
\ &% » .

Sportz Activn Recopnition + TAY

— i e
[ ,_\' ® Bidirectional Lonz | @
|, %7 Short-Term Memaory | Clovd-Based Processing

and Storaze

Fig. 1. Proposed methodology

Fig. 1 shows a real-time Al and cloud-based sports feed-
back system integrating MediaPipe, EfficientNet, BILSTM,
and a preprocessed tennis dataset to address data, compu-
tation, latency, and reliability issues. EfficientNet extracts
spatial features, MediaPipe captures pose features, and

BiLSTM fuses both for action recognition.

Tennis Player Actions Dataset [18] is used to train and
test the proposed system, containing labeled images of
actions like forehand, backhand, serve, and volley. The
dataset is partitioned into 70% training, 15% validation, and
15% testing subsets using a stratified sampling strategy to
ensure that each action class is proportionally represented
across all splits. This division enables effective model train-
ing, hyperparameter tuning, and unbiased performance
evaluation on unseen data.

Preprocessing prepares the collected tennis player im-
ages to improve input quality before training. All images
are resized to 224 x 224 and normalized to [0,1] for Effi-
cientNet processing. Gaussian filtering is applied for noise
reduction and augmentation is used to improve dataset
diversity. Normalization scales pixel values from 0-255
to 0-1, improving model stability and faster convergence.
The values are converted to this range using a standard
normalization equation.

X — Xmin
Xnorm - Xmax _ Xmm (1)

Data augmentation increases dataset size and diversity
by generating new images from existing ones. Techniques
like rotation, flipping, and cropping are used, along with
adaptive augmentation methods such as dynamic bright-
ness variations and noise addition to simulate varying envi-
ronmental conditions, thereby improving model robustness
and consistency.

Rotation: Rotates images at different angles to simulate
player orientations.

x1 [ cos® —sind x o)
y | | sinf cosf v
Horizontal Flipping: Mirrors images to represent oppo-
site movement directions.

X =W-—x 3)

Cropping: Focuses on key regions of the player and
action area.

Lerop =1 (x1:x2,¥1:Y2) 4)

Background noise removal eliminates unwanted visual
effects using Gaussian filtering while preserving player
posture for better learning.

1 242

e 202 (5)

G(x,y) =

Pose feature extraction uses MediaPipe to detect key

2m0?

joints and convert images into structured pose data, which
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is combined with spatial features for action recognition

(Equation 6).

P={(x1,y1),(x2,92), (x3,y3) , -, (Xn,yn)}  (6)

Input Video/Image

Preprocessing
(Resize, Normalize, Augment)

MediaPipe Pose Estimation
(Keypoint Detection)

Feature Extraction (Spatial +
Pose Features)

BiLSTM Model (Temporal
Learning)
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Fig. 2. Workflow of MediaPipe-based pose estimation and
feature extraction process.

The workflow of MediaPipe-based pose estimation and
feature extraction is illustrated in Fig. 2, providing a clear
representation of the sequential processing steps involved
in the proposed system.

The algorithm reliably tracks body keypoints even un-
der occlusion and rapid motion, maintaining consistent
performance with an observed accuracy of approximately
93 — 95% and minimal degradation in keypoint detection.
Feature extraction captures key patterns like posture, racket
position, and movement in sports images. EfficientNet
learns deep spatial features using pretrained weights, while
BiLSTM uses 128 units with 0.5 dropout. Convolution op-
erations extract high-level features, as defined in Equation

@.
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Fig. 3. EfficientNet Deep Learning Model

Fig. 3 shows the EfficientNet model, where images
pass through convolutional layers, MBConv blocks, and
squeeze-and-excitation modules.
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Fig. 4. Bidirectional Long Short-Term Memory

The sports action recognition process identifies tennis
movements such as forehand, backhand, and serve. BiL-
STM learns forward and backward temporal features, cap-
turing past and future context efficiently. It performs well
on medium-sized datasets without needing large training
data. BILSTM processes sequences in both directions, im-
proving contextual understanding of player movements.
It captures bidirectional dependencies better than GRU
and TCN, though they offer higher efficiency and paral-
lel processing. The BiLSTM architecture for sports action
recognition is shown in Fig. 4. The model has two bidirec-
tional layers with 128 units each, followed by a 0.5 dropout
layer.

The forward hidden state is computed as equation (8):

— —
o= f (Wxxt Wyl + b> ®)

The backward hidden state is computed as equation (9):
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hy = f (Wax + Wil +b) ©)

The final BiLSTM output is obtained by combining both
directions shows equation (10):

%
hy;

e = [i5m] (10)

Cloud processing manages the model and results
through a pipeline where data is preprocessed, analyzed,
and stored for dashboard access. Deployment on AWS
and Google Cloud ensures scalability, security, and real-
time analytics. Edge devices handle initial processing tasks
such as image preprocessing and feature extraction, thereby
reducing data transmission to the cloud and minimizing la-
tency, which improves system responsiveness and enables
efficient real-time sports analytics.

Classification performance measures are used to assess
the suggested system performance.

Accuracy: Correctly predicted instances out of total pre-
dictions.

TP+ TN
TP+TN+FP+FN

Accuracy = (11)

Precision: Correct positive predictions out of all pre-
dicted positives.

TP

Precision = m

(12)

Recall: Correctly detected positives out of actual posi-
tives.

TP

Recall = m

(13)

F1-score: Harmonic balance between precision and re-
call.

Precision x Recall
F1 — =2 14
score % Precision + Recall (14)

Performance analysis evaluates predicted actions to
generate insights on movements like forehand, backhand,
serve, and volley. Results are stored on cloud platforms and
displayed via dashboards. Security is ensured using en-
cryption, secure communication, and role-based access con-
trol, while athlete data is anonymized for privacy. Coaches
and players can access performance statistics, and Table 1
shows the BiLSTM pseudocode.

The model uses Adam optimizer with a 0.001 learning
rate, batch size of 32 , and 50 epochs.

Learning rate is reduced on plateau, and categorical cross-
entropy is used as the loss function.

Confusion Matrix for Tennis Action Classification

True Label
Serve Ready PositioRorehand Backhand

2 2 2

Forehand Ready Position Serve
Predicted Label

Backhand

Fig. 5. Confusion Matrix

3. Results and discussion

The proposed BiLSTM system accurately recognizes tennis
actions using spatial-pose fusion and preprocessing, ensur-
ing efficient cloud-based processing. Tested on an i5 system,
Fig. 5 shows high accuracy with minimal errors. Confusion
matrix and ROC curve confirm strong performance.

Fig. 6 (a), (b) shows training and validation performance
over 50 epochs. Accuracy improves from 0.25 to 0.99 (train-
ing) and 0.30 to 0.98 (validation).

Fig. 7 (a), (b) shows player movement signals. Single-
player elbow motion follows a sinusoidal pattern (-1.0 to
+1.0), while multi-player data shows overlapping joint vari-
ations for three participants (red, green, blue), indicating
individual and group movement dynamics.

Fig. 8 compares cloud processing time with data size
for AWS EC2 and Google Cloud. System latency includes
transfer, inference, and response, enabling real-time feed-
back with an average inference time of less than 50 ms per
frame and overall system latency maintained below 200 ms.
Google Cloud performs faster than AWS EC2, which takes
around 18 seconds at 5000 MB, showing better efficiency
across all data sizes.

Fig. 9 shows ROC curves for backhand, forehand, ready
position, and serve, all near the topleft indicating high
accuracy. AUC values are 0.970,0.975,0.980, and 0.985 (best
for serve), confirming strong classification performance
above random guessing with minimal false positives.

Fig. 10 shows AUC comparison of models. CNN scores
0.820 , MobileNetV2 0.880 , ResNet50 0.910 , while the
proposed BiLSTM + EfficientNet achieves 0.982 , show-
ing superior classification performance over traditional DL
models.

Fig. 11 compares evaluation metrics, showing the pro-
posed model outperforms CNN and ResNet50 with lower
inference time and higher accuracy. EfficientNet reduces
computation and BiLSTM captures temporal dependencies
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Table 1. Pseudocode for proposed BiLSTM

Algorithm: Proposed BiLSTM-Based Sports Action Recognition Model
Input: Sports Image Dataset D; sequence length T; learning rate

Output: Predicted Sports Action Labels
Procedure:
Initialize dataset D = {(X;, Y;)}Y,.
Perform preprocessing:
a. Resize images to 224 x 224.
b. Normalize pixel values.
c. Apply noise removal.
d. Perform data augmentation (rotation, flipping, cropping).
Extract features:

Fopatial < FeatureExtraction(X;)

Fpose < PoseEstimation(X;)

Combine features:

F = Concatenate(Fypatial, Fpose)

Convert into sequence format:

S={R,b,..

Initialize BILSTM model par_a)meters. N
a. Compute forward state: h; = f(Wyx; + Wyhi_1 +b)
. Compute backward state: E = f(Wyxy + Wyhyq + b)
. Combine outputs: hi; = [PT:,E]
. Compute prediction: iy = Softmax(h;)
. Compute loss: L = — Y_y; log(1f¢)
Update weights using backpropagation.

- 0 & n T

For test input X:

a. Apply preprocessing.

b. Extract features Fpatial, Fpose-

c. Form sequence S.

d. Predict label 7 using trained BiLSTM.

. Fr}

Return predicted sports action (Forehand, Backhand, Serve, Volley).

End

Table 2. Method Comparison

Method Precision Recall F1-Score Accuracy
CNN [12] 0.79 0.8 0.79 0.81
MobileNetV2 [8] 0.85 0.86 0.85 0.87
ResNet50 [6] 0.89 0.88 0.88 0.9
BiLSTM+EfficientNet (Proposed) 0.975 0.981 0.978 0.992

effectively. The model achieves 99.2% accuracy, with 97.5%
precision, 98.1% recall, and 97.8% F1-score.

The ablation study shows EfficientNet alone gives mod-
erate accuracy, while adding pose features significantly
improves performance and yields better results. Fig. 12
further shows accuracy rising from 88.0 to 97.0 through
BiLSTM, label smoothing, Mixup, and CutMix, with the
full model achieving the best results.

Table 2 compares models for sports action recognition
using precision, recall, F1-score, and accuracy. The pro-

posed method outperforms previous works by effectively
combining spatial and temporal features. CNN shows mod-
erate performance, MobileNetV2 and ResNet50 improve
gradually, while BiLSTM + EfficientNet achieves the best
results with 0.975 precision, 0.981 recall, 0.978 F1-score, and
0.992 accuracy.

Experimental results show that the proposed BiLSTM
with EfficientNet model outperforms baseline methods
Compared to CNN, it
achieves a notable improvement in accuracy along with

across all evaluation metrics.
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higher precision, recall, and F1-score. This performance
gain is attributed to the effective integration of spatial, tem-
poral, and pose-based features, supported by preprocessing
and augmentation strategies, demonstrating the robustness
of the proposed approach for sports action recognition.
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4. Conclusion

The study proposes a real-time sports feedback system us-
ing BiLSTM, EfficientNet, and cloud integration, enabling
accurate tennis action recognition with efficient storage
and real-time access. The proposed Al-based sports perfor-
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mance analysis framework can be extended to other sports
domains and multi-action recognition scenarios. With suit-
able dataset adaptation and retraining, the model can be
applied to activities beyond tennis, enabling broader ap-
plicability in sports analytics. Future work includes video-
based recognition, wearable sensors, attention mechanismes,
and mobile application development. The framework ex-
tends to multiple sports via retraining and adapts to varied
environments through its modular design.
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