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Abstract 

Pose recognition in tennis is an essential aspect for analysing playing techniques and evaluating 

athlete performance. This study develops a tennis pose recognition system that integrates MediaPipe 

for pose feature extraction with Long Short-Term Memory (LSTM) networks for movement 

classification. The research dataset consists of 2,010 images of tennis movements across four 

categories: backhand, forehand, ready position, and serve, annotated in COCO format. MediaPipe 

successfully extracted pose landmarks from 1,782 images (88.7%), generating 33 pose landmarks 

flattened into a 99-dimensional feature vector. The LSTM model is designed with a 3-layer LSTM 

architecture and 2 dense layers, trained using a stratified train-test split with an 80:20 ratio. Model 

evaluation uses various metrics including accuracy, precision, recall, and F1-score. The results show 

that the system achieves 90.20% accuracy, with the best performance in the ready position category 

(F1-score: 91.28%) and the lowest in the forehand category (F1-score: 88.89%). The model 

demonstrates good computational efficiency with a memory footprint of 714.39 KB, enabling 

deployment on mobile devices. This study contributes to the development of automated sports 

analysis systems and demonstrates the feasibility of integrating MediaPipe-LSTM for real-time 

tennis pose recognition applications. 
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I. INTRODUCTION 

he recent proliferation of computer vision and machine learning technologies has catalysed a paradigm 

shift in sports analytics, particularly within precision-oriented disciplines such as tennis, golf, and 

gymnastics. These advanced computational tools provide a framework for objective, data-driven performance 

evaluation, fundamentally altering traditional coaching methodologies, injury prevention strategies, and tactical 

planning [1], [2]. The integration of these technologies empowers coaches and athletes with deep, real-time 

insights, fostering an environment of continuous improvement and optimized performance. Key benefits 

include enhanced performance analysis through detailed biomechanical breakdowns, modernization of training 

programs with personalized feedback, and proactive injury prevention by monitoring athlete fatigue and 

movement patterns [3], [4], [5]. This technological evolution has established a new standard in sports science, 

where decisions are increasingly informed by robust empirical data rather than subjective observation alone [6]. 

A cornerstone of this transformation is human pose estimation (HPE), a critical subfield of computer vision 

focused on identifying and tracking anatomical keypoints to analyse movement. Frameworks such as 

MediaPipe, OpenPose, and MoveNet have become instrumental in this domain, each offering a unique balance 

of accuracy, processing speed, and implementation simplicity. MediaPipe, developed by Google, has 

distinguished itself through its high efficiency and accessibility, demonstrating robust performance on low-
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power devices and making it ideal for real-time applications [7]. Studies have reported its high accuracy, 

achieving 92-96% in tracking weightlifting exercises and maintaining reliability even in challenging conditions 

[8], [9]. While OpenPose excels in multi-person pose estimation, crucial for team sports analytics, it often 

entails greater computational overhead and implementation complexity [10], [11]. Conversely, MoveNet offers 

the fastest processing speeds, making it a prime choice for applications demanding minimal latency [12]. For 

this research, MediaPipe was selected for its optimal blend of high accuracy, real-time capability, and user-

friendly implementation, which aligns with the goal of developing an accessible and effective sports analysis 

tool. 

Following feature extraction via pose estimation, the classification of complex, sequential movements 

necessitate a sophisticated temporal modelling approach. Long Short-Term Memory (LSTM) networks, a 

specialized type of recurrent neural network (RNN), have proven exceptionally effective for this task due to 

their inherent ability to capture long-range dependencies in sequential data. The architecture has been 

successfully implemented across numerous sports for action classification, consistently delivering high 

performance. For instance, in Taekwondo, an LSTM-based model achieved a remarkable 99.10% accuracy in 

real-time technique assessment [13]. Similarly, in tennis, a Bidirectional LSTM (Bi-LSTM) model combined 

with transfer learning reached 96.72% accuracy, outperforming previous methods [14]. Furthermore, advanced 

variants like Attention-based Bi-LSTM have demonstrated state-of-the-art results, achieving 99.87% accuracy 

on benchmark sports datasets [15]. The consistent success of LSTM and its variants in accurately classifying 

nuanced athletic movements based on pose data underscores their suitability for developing a high-fidelity 

action recognition system [16], [17]. 

Despite these technological advancements, the persistence of specific research gaps highlights unresolved 

challenges in the practical application of these systems. These unresolved challenges culminate in a significant 

problem: the absence of an accessible, accurate, and real-time system for tennis motion analysis tailored to the 

needs of specific communities, such as in Indonesia. 

The core research problem stems from three interconnected issues. First, there is a distinct lack of 

implemented pose recognition systems within the Indonesian sports landscape, creating a barrier to adopting 

modern, data-driven coaching techniques for local athlete development. Second, existing models often struggle 

with the technical challenge of accurately differentiating between visually similar tennis strokes (e.g., certain 

phases of forehand and backhand), a crucial requirement for providing meaningful and granular feedback to 

players. Finally, this problem is exacerbated by a reliance on limited or non-localized datasets, which can 

negatively impact a model's performance and its ability to generalize to athletes and conditions within a specific 

regional context. 

In response to this multifaceted problem, this study sets forth a clear objective to develop and evaluate a 

targeted solution. The primary aim of this research is to design, implement, and validate an integrated tennis 

action recognition system by synergizing the MediaPipe framework for real-time pose feature extraction with 

a deep Long Short-Term Memory (LSTM) network for robust temporal classification. This study will focus on 

accurately classifying four fundamental tennis movements: backhand, forehand, ready position, and serve. The 

evaluation will prioritize not only high classification accuracy but also computational efficiency to ensure the 

model's viability for practical, real-world deployment. 

The novelty of this research lies in three key areas. First, it proposes a specific methodological integration 

of MediaPipe's lightweight architecture with a tailored LSTM network, aiming to strike an optimal balance 

between high-fidelity motion classification and computational efficiency for a resource-constrained 

environment. Second, this study is among the first to develop and validate such a system specifically within the 

Indonesian context, directly addressing the local need for accessible and advanced sports technology. Finally, 

its distinct emphasis on creating a model with a small memory footprint provides a practical contribution by 

bridging the gap between theoretical academic research and tangible coaching tools, making the system 

potentially deployable on widely available mobile devices. 
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II. LITERATURE REVIEW 

A. Computer Vision  

Computer Vision is an interdisciplinary field within artificial intelligence dedicated to enabling machines to 

interpret and understand the visual world in a manner akin to human perception [18], [19]. The field has 

undergone a remarkable evolution, transitioning from traditional, manually crafted algorithms for image 

processing to modern deep learning-based approaches [20], [21]. Early methods were heavily reliant on 

handcrafted features, which, while effective for well-defined problems, lacked the flexibility to generalize 

across varied and complex visual scenarios [22], [23]. The integration of machine learning marked a significant 

shift towards data-driven models, yet it was the advent of deep learning, particularly Convolutional Neural 

Networks (CNNs), that truly revolutionized the domain [24]. Inspired by the human visual cortex, deep learning 

models can automatically learn hierarchical features directly from raw pixel data, dramatically enhancing 

performance in tasks such as image classification, object detection, and semantic segmentation [20], [25], [26]. 

A fundamental subdomain within computer vision, particularly relevant to human movement analysis, is 

pose estimation. This technology aims to detect and localize the key joints of the human body from images or 

videos to reconstruct a skeletal model that represents a person's posture [27], [28], [29]. Pose estimation 

techniques are broadly categorized into marker-based and markerless approaches. While traditional marker-

based systems offer high accuracy, they are intrusive and can impede natural movement, making them 

impractical for real-world sports analysis. In contrast, markerless techniques leverage computer vision 

algorithms to analyze visual features directly, allowing for an unobtrusive and naturalistic assessment of 

movement [30]. The advancement of deep learning has enabled markerless pose estimation to be performed in 

real-time, which is crucial for applications requiring immediate feedback, such as athletic coaching and 

interactive fitness systems [27], [31]. 

The application of markerless pose estimation has become a valuable tool in sports performance analytics, 

offering deep insights into athletic technique and strategy. It is used to dissect the shooting posture of basketball 

players [32], evaluate the swing quality of baseball batters [33], and analyse the complex stroke dynamics of 

tennis players [3]. Despite its transformative potential, the technology faces significant technical challenges in 

the dynamic context of sports. High-speed movements common in athletic activities often result in motion blur, 

which complicates accurate tracking [34]. Furthermore, object occlusion, where athletes are partially or fully 

obscured by others, remains a complex problem, particularly in team sports [35]. Finally, variable and 

uncontrolled lighting conditions in sports venues introduce additional complexity, affecting the consistency and 

reliability of visual data analysis [36]. Addressing these challenges is crucial for advancing the practical 

application of computer vision in sports. 

B. Deep Learning and Machine Learning  

Machine Learning (ML), a fundamental subfield of artificial intelligence, equips systems with the ability to 

autonomously learn from data and improve their performance over time without being explicitly programmed 

[37], [38]. It operates on three main paradigms: supervised, unsupervised, and reinforcement learning. 

Supervised learning, in particular, is highly relevant for classification and prediction tasks, as it trains models 

on labelled datasets to map input data to a correct output [39], [40]. The effectiveness of this paradigm is well-

documented, with algorithms like Support Vector Machines and Random Forests consistently achieving high 

accuracy in domains ranging from medical diagnostics to image recognition [41], [42]. 

Deep Learning (DL) represents an advanced and powerful evolution of machine learning, distinguished by 

its use of multi-layered neural network architectures inspired by the human brain's structure [43], [44]. The core 

strength of deep learning lies in its capacity for hierarchical feature learning, where the model automatically 

and progressively extracts increasingly complex representations from raw data. Lower layers might identify 

simple features like edges and colours, while deeper layers learn to recognize intricate patterns such as textures, 

shapes, and eventually entire objects [45], [46]. This automated feature engineering process is a significant 

advantage over traditional ML methods, which often require extensive and time-consuming manual feature 

extraction [47]. Consequently, deep learning models exhibit superior performance in complex pattern 

recognition tasks involving high-dimensional data, such as image and sequence analysis [48]. 
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The efficacy of deep learning techniques, especially Convolutional Neural Networks (CNNs), in multi-class 

visual recognition is strongly supported by empirical evidence. Modern architectures consistently demonstrate 

state-of-the-art performance across diverse and challenging datasets. For instance, a ResNet model has achieved 

an accuracy of 99% in classifying grape varieties, while an Adapted Deep Convolutional Neural Network 

(ADCNN) reached 99.73% accuracy in hand gesture recognition [49]. Further studies using networks like 

Inception-v1 on medical imaging datasets have reported high performance not only in accuracy but also across 

comprehensive metrics including AUC, precision, and recall, validating their classification robustness [50]. 

This consistent delivery of high-accuracy results, often enhanced by techniques like data augmentation, 

solidifies the role of deep learning as the foundational technology for solving complex real-world visual 

classification problems [51], [52]. 

C. Long Short-Term Memory 

Recurrent Neural Networks (RNNs) are designed to process sequential data, yet standard architectures 

are often hindered by the vanishing gradient problem, which severely limits their ability to capture and learn 

long-term dependencies. To address this limitation, Long Short-Term Memory (LSTM) networks were 

introduced as an advanced solution, offering a unique design that excels at modeling temporal sequences 

[53], [54]. The central element of the LSTM is its memory cell, which is specifically designed to preserve 

information over long horizons. This memory cell is controlled by three distinct gating mechanisms: the 

input gate, the forget gate, and the output gate. Together, these gates regulate the flow of information by 

determining what to store, what to discard, and what to output, thereby enabling the network to selectively 

retain relevant signals while filtering out noise. This architecture ensures stable gradient flow during 

training, which is essential for learning long-range dependencies that traditional RNNs typically fail to 

capture [55], [56]. Consequently, LSTMs are inherently suitable for tasks where temporal order plays a 

critical role, such as sequential prediction and event classification [57], [58]. In order to illustrate this 

mechanism more clearly, the general structure of the LSTM is presented in Figure 1, which depicts the 

internal dynamics of the gating system and its interaction with the memory cell. 

 

Fig. 1. Long Short-Term Memory Architecture 

The figure demonstrates how information flows through the LSTM unit: the input gate controls which new 

information enters the cell state, the forget gate decides which information should be erased from memory, and 

the output gate regulates which part of the information is propagated to the next layer. This design allows the 

LSTM to effectively mitigate the vanishing gradient problem by maintaining and updating information across 

many time steps, thereby providing the network with the ability to capture both short-term and long-term 

dependencies within sequential data. 

The practical effectiveness of this architecture has been validated across a wide range of applications 

involving both prediction and classification. In the field of Natural Language Processing (NLP), LSTMs have 

achieved remarkable success, particularly in sentiment analysis tasks using social media data. Their ability to 

preserve contextual information across sequences enables a nuanced understanding of textual narratives, which 

is crucial for accurately capturing sentiment in dynamic online conversations [59], [60]. Empirical studies report 

that LSTM-based models outperform traditional classifiers, with accuracies reaching up to 84% on Twitter 

datasets [61], [62]). 

Beyond NLP, LSTMs have been widely applied to time-series forecasting, especially in domains 

characterized by volatility and non-linear dependencies such as financial markets. Their capability to learn 

complex temporal patterns in historical data allows them to surpass conventional statistical models like ARIMA 
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in predicting stock prices and indices [63], [64]. Several studies highlight that LSTM models can achieve high 

prediction accuracy, with reported results of up to 91.97% on stock market test datasets (Agarwal et al., 2024). 

Moreover, they exhibit notable robustness during periods of high volatility, a condition under which traditional 

models typically fail, thereby showcasing their strength in capturing intricate, non-linear temporal dynamics. 

The adaptability of LSTM models extends further into other forecasting domains where the understanding 

of temporal dependencies is essential. In the energy sector, LSTM models have been successfully implemented 

to predict electricity load demand by learning complex temporal cycles, including daily, weekly, and seasonal 

patterns—an ability crucial for efficient power grid management and resource distribution (Kouziokas, 2019). 

Similarly, in the telecommunications industry, LSTMs have been applied for revenue forecasting, which is 

highly challenging due to fluctuating market conditions and customer behaviour. By analysing large volumes 

of historical data, LSTMs are able to uncover long-term trends and subtle behavioural dynamics, producing 

significantly more accurate earnings projections than traditional methods [65]. These diverse applications 

highlight the versatility of LSTM networks and confirm their position as one of the most effective deep learning 

architectures for sequential data analysis across different domains between 2020 and 2025. 

D. MediaPipe Integration with Deep Learning 

Google's MediaPipe framework has emerged as a versatile and powerful solution for real-time, on-device 

pose estimation, distinguished by its high efficiency, accuracy, and model flexibility [66], [67]. It is optimized 

for high-speed processing, achieving impressive frame rates even on resource-constrained hardware, which 

makes it an ideal foundation for interactive applications [68]. The framework's models have consistently 

demonstrated high accuracy across various domains, such as fitness tracking, where it has reached 92-96% 

accuracy in classifying exercises, and in human action recognition, where it serves as a robust feature extractor 

[8]. 

The integration of a specialized feature extraction tool like MediaPipe with deep learning models for 

classification, such as Long Short-Term Memory (LSTM) networks or Convolutional Neural Networks 

(CNNs), creates a powerful hybrid approach. This synergy leverages the strengths of each component: 

MediaPipe excels at providing precise and detailed spatial landmark data, which is then fed into a deep learning 

model to interpret the temporal context or classify the pose. This combination significantly enhances system 

accuracy and robustness. For instance, a hybrid system integrating MediaPipe with a Bidirectional LSTM 

(BiLSTM) for human activity recognition achieved an impressive accuracy of 97.05% on the KTH dataset, 

showcasing the effectiveness of this layered approach [69]. 

Recent studies provide extensive evidence of this successful integration across various applications. In the 

field of Human Action Recognition (HAR), the combination of MediaPipe for keypoint extraction and an LSTM 

network for temporal modelling has yielded state-of-the-art results, achieving 92.40% accuracy on the UCF101 

dataset and 86.8% on Kinetics 400 [70]. This methodology has also been successfully applied to more specific 

tasks, such as real-time Indian Sign Language recognition, where MediaPipe Holistic extracts comprehensive 

hand and body landmarks that are subsequently processed by an LSTM network (Shinde et al., 2024). Similarly, 

in sports and fitness analytics, this hybrid model is used for yoga pose analysis and gym exercise classification, 

where MediaPipe's pose data is classified by models like CNN-GRU or EfficientNetV2 to provide real-time 

feedback [71]. More advanced integrations even represent human poses as graphs, which are then analysed by 

Graph Neural Networks (GNNs) for dynamic sports action recognition. In this approach, key points serve as 

nodes and skeletal connections as edges, allowing GNNs to effectively model the spatial relationships between 

body parts. This method has shown exceptional performance in recognizing complex activities within 

challenging datasets, such as those from Olympic sports [72], as it provides a richer, more structured 

representation of human posture compared to raw coordinate sequences. In summary, the integration of 

MediaPipe's high-fidelity feature extraction with the sophisticated classification capabilities of deep learning 

networks has proven to be a highly effective and versatile strategy. This approach creates a robust pipeline 

capable of transforming raw visual data into meaningful, actionable insights, applicable across a wide spectrum 

of domains from elite sports analytics to clinical rehabilitation and interactive human-computer interfaces. The 

synergy between precise, efficient landmark detection and powerful temporal or spatial classification models 
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paves the way for the continued development of advanced, accessible, and impactful applications for human 

movement analysis. 

E. LSTM in Temporal Prediction and Classification 

Long Short-Term Memory (LSTM) networks have demonstrated profound effectiveness in both prediction 

and classification tasks involving sequential and time-series data. Their architectural design is specifically 

engineered to overcome the limitations of traditional Recurrent Neural Networks (RNNs), primarily by 

addressing the vanishing gradient problem and adeptly managing long-term dependencies [53], [54], [55]. The 

core of this capability lies in LSTM's unique gating mechanisms—the input, forget, and output gates—which 

intelligently regulate the flow of information through the network's memory cells. This allows the model to 

selectively retain relevant historical data over extended sequences while discarding irrelevant information, a 

crucial function for accurately identifying complex temporal patterns [58]. 

The practical application of this architecture is extensive and highly successful. In the domain of temporal 

classification, LSTMs have become a cornerstone for sentiment analysis of social media data. By processing 

text sequentially, LSTMs can capture the evolving context and nuanced dependencies between words, which is 

essential for interpreting informal language, slang, and sarcasm. Empirical studies consistently report superior 

performance, with LSTM-based models achieving high accuracy, precision, and recall metrics that significantly 

outperform conventional machine learning algorithms on challenging datasets like Twitter [60], [61], [62]. 

Performance is often further enhanced by advanced variants like Bidirectional LSTMs (Bi-LSTMs) and the 

integration of attention mechanisms, which allow the model to focus on the most influential parts of the text 

[73], [74]. 

Similarly, in the realm of time-series forecasting, LSTMs have proven to be an indispensable tool, 

particularly for modelling complex, non-linear, and volatile data such as stock market prices. Unlike traditional 

linear models like ARIMA which struggle with such dynamics, LSTMs can effectively learn intricate, long-

term patterns from historical data [63], [64]. Numerous comparative studies have validated their superiority in 

financial forecasting, showing consistently lower error rates and higher predictive accuracy, even during periods 

of high market fluctuation [75]. The robustness of LSTMs is further amplified in hybrid models, which combine 

them with other statistical or deep learning techniques to achieve even greater precision [76]. In summary, the 

proven ability of LSTMs to manage long-range dependencies and model complex temporal dynamics makes 

them a versatile and powerful tool for both classification and prediction tasks across diverse fields. 

  

III. RESEARCH METHOD 

This research uses quantitative experimental design with a system development approach. The research was 

conducted in several systematic stages including dataset collection, data preprocessing, feature extraction using 

MediaPipe, LSTM model design and training, and system performance evaluation. This approach was chosen 

to ensure the validity and reliability of the research results and allow replication by other researchers. 

The independent variable in this study is the pose feature extracted using MediaPipe from the tennis motion 

images, while the dependent variable is the tennis motion classification consisting of four categories: backhand, 

forehand, ready position, and serve. Control variables include lighting conditions, image resolution, and subject 

distance from the camera which are standardized to ensure data consistency. 
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Fig. 2. Research Flow 

A. Dataset and Data Collection 

The research dataset consists of 2,010 tennis motion images divided into four motion categories: backhand 

(500 images), forehand (500 images), ready position (510 images), and serve (500 images). The data was 

collected in COCO (Common Objects in Context) format with key point annotations that have been labeled 

using JSON format. Each image has a resolution of 1280x720 pixels and is saved in JPEG format with high 

quality to ensure feature extraction accuracy. 

The dataset structure is organized in separate directories for each motion category, with corresponding JSON 

annotation files. Each annotation contains pose key point coordinate information in [x, y, visibility] format for 

18 pre-annotated key points of the human body. The data is stored in Google Drive with an organized folder 

structure. 

B. Pose Detection and Feature Extraction 

MediaPipe was configured with the following parameters for the extraction of pose landmarks: 

• static_image_mode = True for static image processing 

• model_complexity = 1 for balance between accuracy and speed  

• enable_segmentation = False to focus on pose detection  

• min_detection_confidence = 0.5 as minimum detection threshold 

The pose detection process is performed using MediaPipe Pose which is able to detect 33 pose landmarks 

from each image. Each image was converted from BGR to RGB format using OpenCV before being processed 

by MediaPipe. The detection results are normalized (x, y, z) coordinates in the range 0-1, where z represents 

the depth relative to the hip plane. 

The feature extraction process is done in several systematic stages, Image Loading and Preprocessing: Each 

image was converted from BGR to RGB format using OpenCV. Pose Detection: MediaPipe processes the image 

to extract 33 pose landmarks. Coordinate Normalization: Landmarks are normalized relative to the image 

dimensions. Feature Vector Creation: Landmarks are flattened into a 99-dimensional vector (33 landmarks × 3 

coordinates). Statistical Normalization: Application of z-score normalization to standardize the data 

distribution. Each successfully extracted feature is then normalized using z-score normalization to standardize 

the data distribution and improve model training performance. 
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C. Data Preprocessing and Feature Extraction 

Data preprocessing includes several important steps to prepare the training data. Label encoding was 

performed using LabelEncoder from scikit-learn to convert motion categories into numerical format, followed 

by one-hot encoding using to_categorical for compatibility with softmax output. The data was divided using 

stratified sampling to maintain the proportion of each class with a division of 80% for the training set (1,425 

samples) and 20% for the testing set (357 samples) with random state 42 for reproducibility. 

Data reshaping was done to adjust the LSTM input to the format (samples, timesteps, features) where 

timesteps=1 since static images were used. This resulted in input dimensions (batch_size, 1, 99) that fit the 

designed LSTM architecture. 

D. LSTM Architecture Design 

The LSTM model is designed with the following architecture: 

• Input Layer: Receives pose features with dimensions (batch_size, timesteps=1, features=99) 

• LSTM Layer 1: 128 units with return_sequences=True and dropout 0.3 

• LSTM Layer 2: 64 units with return_sequences=True and dropout 0.3 

• LSTM Layer 3: 32 units with a dropout of 0.3 

• Dense Layer 1: 64 units with ReLU activation and dropout 0.4 

• Dense Layer 2: 32 units with ReLU activation and dropout 0.3 

• Output Layer: 4 units with softmax activation for multi-class classification 

The model was compiled with Adam optimizer (learning rate 0.001), loss function categorical crossentropy, 

and accuracy metrics. Training is done with batch size 32, maximum 50 epochs, equipped with EarlyStopping 

(patience=10) and ReduceLROnPlateau (factor=0.5) callbacks for training process optimization. 

E. Model Evaluation 

Model evaluation uses various metrics for comprehensive analysis of system performance including 

accuracy as the proportion of correct predictions out of total predictions, precision as the proportion of true 

positives out of total positive predictions per class, recall as the proportion of true positives out of total actual 

positives per class, F1-Score as the harmonic mean of precision and recall, and confusion matrix for detailed 

analysis of classification per class to identify pattern misclassification. Evaluation was conducted on the 

separated test set with performance analysis per class to identify the strengths and weaknesses of the model in 

each tennis movement category, thus providing an in-depth understanding of the model's ability to distinguish 

between backhand, forehand, ready position, and serve movements. 

 

IV. RESULTS AND DISCUSSION 

A. Feature Extraction Results with MediaPipe 

The pose feature extraction process using MediaPipe was successfully performed on a dataset consisting of 

2,010 tennis motion images. Of the total processed images, MediaPipe successfully extracted pose landmarks 

in 1,782 images (88.7%), while 228 images (11.3%) failed the extraction process due to various factors such as 

low image quality, incomplete poses, or suboptimal lighting conditions. Table 1 shows the distribution of 

feature extraction success per motion category, where ready position has the highest success rate (92.7%) and 

serve has the lowest success rate (79.6%). 
TABLE I 

MEDIAPIPE FEATURE EXTRACTION SUCCESS DISTRIBUTION 

Movement 

Category 

Total 

Images 

Successful 

Extraction 

Extraction 

Failure 
Success Rate 

Backhand 500 458 42 91.6% 

Forehand 500 453 47 90.6% 

Ready Position 510 473 37 92.7% 

Serve 500 398 102 79.6% 

Total 2,010 1,782 228 88.7% 
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Analysis of the feature extraction quality shows that MediaPipe generates 33 pose landmarks with 

normalized (x, y, z) coordinates. The results of extracting pose landmarks for each motion category show that 

MediaPipe is able to detect pose key points with good accuracy under optimal image conditions. The extracted 

pose features are then flattened into 99-dimensional vectors ready to be used as input for the LSTM model. 

B. Data Preprocessing and Distribution Analysis 

The data preprocessing stage produces a final dataset of 1,782 samples distributed in four classes with a 

relatively balanced proportion.  

 

Fig. 3. Dataset Class Distribution After Preprocessing 

Figure 3 displays the class distribution after preprocessing, where ready position has the highest number of 

samples (473 samples) and serve has the least number of samples (398 samples). The normalization process 

using z-score successfully standardizes the feature distribution, which is shown in the second Figure with a 

histogram of the feature value distribution before and after normalization. 

Data division using stratified sampling resulted in a training set of 1,425 samples (80%) and a testing set of 

357 samples (20%). The distribution of samples per class in the training set and testing set, ensured a balanced 

proportion for each movement category. Stratified sampling successfully maintained a proportional 

representation of each class in both data subsets. 

C. LSTM Model Training Results 

Training the LSTM model was performed for a maximum of 50 epochs using EarlyStopping and 

ReduceLROnPlateau callbacks to optimize the learning process. 

The model reaches convergence at the 28th epoch with EarlyStopping activated as there is no increase in 

validation loss for 10 consecutive epochs. Figure 4 shows the learning curve in the form of training loss and 

validation loss graphs during the training process, while the second Figure displays the training accuracy and 

validation accuracy curves. 

The learning curve analysis shows that the model learns well without experiencing significant overfitting. 

Training loss decreased consistently from 1.386 in the first epoch to 0.306 in the last epoch, while validation 

loss decreased from 1.298 to 0.306. Training accuracy increased from 25.2% in the first epoch to 90.2% in the 

last epoch, with validation accuracy reaching 90.2%. The model showed good stability with minimal gap 

between training and validation metrics. 
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Fig. 4. Kurva Learning - Training Loss dan Validation Loss 

D. Visual Analysis of Model Testing Results 

To test the model's performance visually and practically, testing was conducted using random image samples 

from each tennis movement category. Testing is done by taking 3 random images from each category (backhand, 

forehand, ready position, and serve) to see the model's ability to make predictions on data that has never been 

seen before. 

 

Fig. 5. Tennis Pose Backhand 

The Backhand category performed very consistently with 100% accuracy and an average confidence score 

of 0.9950, indicating that the model has very high confidence in identifying backhand movements. Figure 5 

displays the prediction results for 3 backhand samples that were correctly classified, with confidence scores 

ranging from 0.9936 to 0.9970. 

 

Fig. 6. Tennis Pose Forehand 

The Forehand category achieved 100% accuracy but with a wider variety of confidence scores (average 

0.8794), where one sample showed a relatively low confidence score (0.6498) compared to the other two 
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samples that achieved confidence above 0.98. Figure 6 shows an example of a forehand prediction with 

confidence variations that reflect the complexity of this motion detection. 

 

Fig. 7. Tennis Pose Ready Postion 

The Ready Position category also achieved 100% accuracy with an average confidence score of 

0.8718. Figure 7 shows the prediction results which indicate that even though one sample has a relatively low 

confidence score (0.6577), the model still manages to classify correctly as it still has the highest probability 

compared to other categories. 

 

Fig. 8. Tennis Pose Serve 

The Serve category faced the biggest challenge with only 1 out of 3 images successfully processed, resulting 

in a testing accuracy of 33.3%. Two images failed the pose detection stage by MediaPipe, demonstrating the 

complexity of serve poses which often involve extreme movements or poses that are difficult to detect. Figure 

8 shows an example of a successful serve prediction with a high confidence score (0.9661). 

The testing results show a pattern consistent with the model evaluation on the test set, where the backhand 

category has the highest and most consistent confidence score, while the serve category has difficulty in the 

preprocessing stage (pose detection). The probability distribution for each prediction shows that the model 

generally assigns a very low probability to the wrong category, indicating a clear decision boundary between 

categories. These visual tests validate the robustness of the model under real-world conditions and provide 

insight into the characteristics of each movement category from the perspective of the developed system. 

E. Model Performance Evaluation 

Evaluation of the model on the testing set resulted in satisfactory performance with a test accuracy of 

90.20%. Table 2 presents the results of the comprehensive evaluation of the model using various metrics, 

including precision, recall, and F1-score for each movement category. The model showed the best performance 

in the serve category with an F1-score of 89.82% and the lowest performance in the forehand category with an 

F1-score of 88.89%. 

 



INTL. JOURNAL ON ICT VOL. 11, NO.2, DECEMBER 2025 129 

 

 

 

TABLE 2 
HASIL EVALUASI PERFORMA MODEL PER KATEGORI 

Movement 

Category 
Precision Recall F1-Score Support 

Backhand 92.13% 89.13% 90.61% 92 

Forehand 95.00% 83.52% 88.89% 91 

Ready Position 89.00% 93.68% 91.28% 95 

Serve 85.23% 94.94% 89.82% 79 

Accuracy   90.20% 357 

Macro Avg 90.34% 90.32% 90.15% 357 

Weighted Avg 90.59% 90.20% 90.20% 357 

The model performed very well in classifying the ready position category with an accuracy of 93.68%, 

indicating that ready poses have distinctive characteristics and are easily distinguished from other movements. 

The serve category also shows a high recall (94.94%) despite having a relatively lower precision (85.23%), 

indicating that the model tends to over-predict the serve category but manages to detect almost all actual serve 

samples. 

 

Fig. 9. Confusion Matrix of the Model Classification Results 

Figure 9 displays the confusion matrix, which provides deep insight into the model's classification pattern 

for each movement category. The confusion matrix analysis shows that the model has good discriminative 

ability in distinguishing the four categories of tennis moves. The highest misclassification rate occurs between 

the forehand and backhand categories (8 cases), which is understandable since both movements have relatively 

similar pose characteristics in some movement phases. 

F. Performance Analysis per Movement Category 

The backhand category showed a balanced performance with a precision of 92.13% and a recall of 89.13%. 

The model successfully classified 82 out of 92 backhand samples correctly, with 10 misclassified samples. Error 

analysis showed that misclassification occurred mainly with the forehand (5 cases) and ready position (3 cases) 

categories. This suggests that some backhand poses have similarities with transition poses or forehand 

preparation poses. 

The forehand category has the highest precision (95.00%) but the lowest recall (83.52%), indicating that the 

model is very selective in predicting the forehand but tends to miss some of the actual forehand samples. Out 

of 91 forehand samples, the model successfully classified 76 samples correctly. Pattern misclassification 
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showed that 15 forehand samples were misclassified, with 8 samples predicted as backhand and 7 samples 

predicted as other categories. 

Ready position performed best overall with the highest recall (93.68%) and second highest F1-score. The 

model correctly identified 89 out of 95 ready position samples. The high performance in this category indicates 

that ready poses have distinctive and consistent feature characteristics, making them easily distinguishable from 

other dynamic movements such as forehand, backhand, or serve. 

The serve category showed the highest recall (94.94%) but the lowest precision (85.23%), indicating that 

the model is very sensitive in detecting serve movements but also tends to be false positive for this category. 

The model correctly identified 75 out of 79 serve samples, with only 4 missed samples. However, the model 

also predicted 13 non-serve samples as serves, which contributed to the relatively lower precision. 

G. Limitations and Future Work 

This study has several limitations that warrant consideration. The dataset employed was relatively small by 

deep learning standards, which may restrict the generalizability of the findings across broader and more diverse 

contexts. In addition, the reliance on static images with a single timestep limited the ability of the Long Short-

Term Memory (LSTM) network to capture temporal dependencies, thereby reducing its core advantage in 

sequence modeling. Failure cases, particularly in the classification of the 'serve' motion, were acknowledged 

but not examined in depth; potential factors such as occlusion, rapid limb movements, or unfavorable camera 

perspectives may have contributed to these errors. Furthermore, the evaluation methodology relied solely on a 

single train-test split, without the inclusion of cross-validation or statistical significance testing, which limits 

the robustness of the reported results. 

Future work is expected to address these limitations to enhance the robustness and applicability of the 

proposed system. Expanding the dataset and transitioning from static images to video sequences is anticipated 

to fully exploit LSTM’s temporal modeling strengths, enabling a more comprehensive analysis of tennis 

movements. A systematic investigation of misclassification cases, especially in complex 'serve' motions, is also 

expected to provide deeper insights into the causes of errors and improve the reliability of pose extraction. 

Finally, subsequent evaluations are expected to incorporate more rigorous validation methods, such as k-fold 

cross-validation and statistical significance testing, thereby ensuring the stability and generalizability of the 

model’s performance. 

 

V. CONCLUSION 

This research successfully developed a tennis pose recognition system that integrates MediaPipe for pose 

feature extraction with Long Short-Term Memory (LSTM) networks for tennis motion classification. The 

system is able to classify four categories of tennis moves (backhand, forehand, ready position, and serve) with 

90.20% accuracy on a dataset of 1,782 images. MediaPipe showed effectiveness with an 88.7% extraction 

success rate, resulting in 33 pose landmarks that were flattened into a 99-dimensional feature vector. The LSTM 

model with 3 layer LSTM architecture and 2 dense layers achieved balanced performance with the highest F1 

score on ready position (91.28%) and the lowest on forehand (88.89%). 

The main contribution of this research is the demonstration of successful integration between pose estimation 

and deep learning for tennis motion recognition applications in the Indonesian context. Results show the 

feasibility of implementation for real-world applications such as coaching assistance and performance analysis, 

with computational efficiency that allows deployment on mobile devices (memory footprint 714.39 KB). This 

research provides a foundation for the development of automated sports analysis systems and opens up 

opportunities for more advanced application development with dataset expansion, data augmentation, and video 

data integration to optimally utilize temporal aspects. 
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