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ABSTRACT  
Intravenous infusion training requires precise hand positioning and coordinated movements; however, 
conventional training approaches remain subjective and lack consistent real-time feedback. Moreover, 
existing augmented reality (AR)-based systems are largely limited to visualization and do not provide 
intelligent, automated skill evaluation. To address this gap, this study proposes an integrated hand pose 
classification framework that combines MediaPipe-based landmark extraction, CNN-LSTM spatio-
temporal modeling, and AR-based feedback for real-time procedural learning. The novelty of this work lies 
in the seamless integration of lightweight feature representation, hybrid deep learning, and interactive AR 
feedback within a unified learning system. Experimental results demonstrate that the proposed approach 
achieves high classification performance, with an accuracy of 94.82% and an AUC of approximately 0.97, 
indicating strong discriminative capability. The system also operates in real time with low latency, enabling 
immediate feedback and adaptive learning. This study contributes theoretically to spatio-temporal gesture 
modeling and practically to the development of intelligent AR-based training systems. The proposed 
framework offers a scalable and objective solution for improving procedural accuracy, consistency, and 
accessibility in medical education. 
Keywords : Hand Pose Classification; CNN-LSTM; MediaPipe Hands; Augmented Reality; Medical 
Education 
  
 
1. Introduction  

Infusion procedures require precise hand control, yet even minor inaccuracies can lead to 
failure and increased clinical risk. However, conventional training remains dependent on 
subjective, instructor-based evaluation that is inconsistent, non-scalable, and lacks real-time 
feedback (Finstad et al., 2022; Huang et al., 2024). Consequently, these approaches are 
insufficient for objective and efficient skill acquisition, highlighting a critical gap in developing 
adaptive, real-time systems for evaluating dynamic procedural skills. 

Recent advances in computer vision and deep learning have enabled automated analysis of 
human motion, with deep learning-based gesture recognition achieving strong performance in 
modeling complex hand movements (Mustafa et al., 2023; Yaseen et al., 2024). Landmark-based 
approaches such as MediaPipe Hands offer efficient 21-keypoint extraction for real-time 
processing with low computational cost, making them suitable for edge deployment (Amprimo et 
al., 2024; H. Li & Hsieh, 2025; Marques et al., 2025). However, most existing approaches focus 
on general gesture recognition and are not optimized for dynamic procedural learning with real-
time evaluation, highlighting a gap in developing integrated and adaptive systems. 

Sequence-based architectures such as CNN-LSTM effectively capture spatial and temporal 
dependencies and have demonstrated superior performance over single models in gesture 
recognition tasks (Chen & Wang, 2023; Farouk et al., 2025; Varshini & Rukmani, 2025). 
However, existing studies largely focus on generic gestures and do not address the complexity of 
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medical procedural learning, where temporal continuity and precision are essential, revealing a 
critical research gap.  

On the other hand, Augmented Reality (AR) has emerged as a transformative technology 
in medical education, offering immersive, interactive, and context-aware learning environments. 
Previous studies have demonstrated that AR can enhance learner engagement, procedural 
understanding, spatial awareness, and knowledge retention (Asoodar et al., 2024; Baashar et al., 
2022; Chang et al., 2022; Lampropoulos et al., 2025; Liu et al., 2024; Marco & Rossi, 2024; Moro 
et al., 2021; Tene, López, et al., 2024). However, despite these advancements, most AR-based 
systems remain limited to visualization and simulation, lacking intelligent mechanisms for 
automated skill assessment and real-time feedback. Furthermore, existing approaches rarely 
integrate deep learning-based gesture recognition with AR to support objective and adaptive 
evaluation of dynamic procedural skills, while also overlooking challenges such as temporal 
modeling, data imbalance, and real-time deployment constraints. 

Despite rapid advances in gesture recognition and Augmented Reality (AR), existing 
approaches remain fundamentally inadequate for modeling dynamic procedural movements, 
which involve complex temporal dependencies and high variability across users and 
environments (Herbert et al., 2024; Xi et al., 2025). Most current systems are fragmented, 
focusing either on gesture recognition or AR visualization, without achieving seamless integration 
for real-time procedural evaluation. Furthermore, many deep learning models are not optimized 
for deployment on resource-constrained devices, while dataset limitations and class imbalance 
continue to degrade performance, bias predictions, and weaken generalization in real-world 
scenarios. Consequently, a critical gap persists in developing integrated, efficient, and adaptive 
systems capable of accurately modeling dynamic gestures and delivering real-time, objective skill 
evaluation, particularly in medical training contexts such as intravenous infusion learning. 

Addressing gaps from previous research, this study proposes an integrated framework that 
combines MediaPipe-based landmark extraction, CNN-LSTM spatio-temporal modeling, and 
AR-based feedback within a unified real-time system. Unlike prior works that treat gesture 
recognition and AR as separate components, the proposed approach enables seamless integration 
of real-time classification and adaptive feedback for continuous, objective, and context-aware 
evaluation of procedural skills. In addition, this study conducts a comparative analysis between 
landmark-based MLP and CNN-based deep learning models to identify the optimal trade-off 
between accuracy and computational efficiency. This study contributes to identifying the most 
effective approach while supporting the development of adaptive, interactive, and intelligent 
medical learning systems, in line with prior findings on the importance of balancing performance 
and generalization in deep learning models (Albattah & Khan, 2025). 

 
2. Literature Review 

The literature review was conducted by analyzing recent studies (2020–2025) indexed in 
Scopus and IEEE Xplore using keywords such as gesture recognition, MediaPipe, CNN-LSTM, 
Augmented Reality in medical education, and hand pose classification. 

 
2.1 Augmented Reality in Medical Education 

Augmented Reality (AR) has emerged as a transformative technology in medical education, 
offering immersive, interactive, and context-aware learning environments. Prior studies 
consistently report that AR enhances learner engagement, procedural understanding, spatial 
visualization, and knowledge retention (Asoodar et al., 2025; Lampropoulos et al., 2025; Liu et 
al., 2024; Tene, López, et al., 2024). In clinical training contexts, AR enables visualization of 
complex procedures, improving both cognitive and psychomotor learning outcomes. 

However, despite these advantages, most AR-based systems remain limited to passive 
visualization and simulation, without incorporating intelligent mechanisms for automated 
performance assessment. As shown in Table 1, existing studies largely focus on enhancing user 
experience and learning engagement but fail to integrate real-time evaluation capabilities. This 
limitation indicates that AR has not yet evolved into an adaptive learning system capable of 
providing objective and continuous feedback 
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2.2 Hand Pose Recognition and MediaPipe 

Hand pose recognition plays a critical role in interaction-based procedural learning 
systems. Landmark-based approaches such as MediaPipe Hands have gained attention due to their 
computational efficiency and ability to extract 21 keypoints without processing full image data 
(Amprimo et al., 2024; Marques et al., 2025). This lightweight representation enables real-time 
processing, particularly on edge devices. Where the use of MediaPipe in gesture recognition 
systems is able to maintain a high level of accuracy while optimizing processing efficiency 
through landmark-based representation. This approach allows the hand tracking process to be 
done in real-time even on devices with limited resources such as mobile devices (Marco & Rossi, 
2024). Nevertheless, most studies utilizing MediaPipe focus primarily on static gesture 
recognition or simple interaction tasks. As highlighted in Table 1, existing approaches do not 
sufficiently address dynamic procedural movements that require continuous temporal 
understanding. This limitation reduces their applicability in medical procedures, where gesture 
sequences and movement transitions are essential. 
 
2.3 Dynamic Gesture Recognition and CNN-LST 

Gesture recognition is generally categorized into static and dynamic gestures, where 
dynamic gestures remain significantly more challenging due to temporal dependencies and 
motion variability (Herbert et al., 2024). In procedural tasks such as intravenous infusion, single-
frame analysis is insufficient, as the skill depends on continuous motion sequences. To address 
this challenge, hybrid architectures such as CNN-LSTM have been proposed. CNN extracts 
spatial features, while LSTM models temporal dependencies, enabling more accurate recognition 
of sequential movements (Chen & Wang, 2023; Varshini & Rukmani, 2025; Yaseen et al., 2024). 
Despite their effectiveness, existing implementations are rarely integrated with AR-based 
systems, limiting their applicability in real-time learning environments. 
 
2.4 Data Imbalance and Model Generalization 

Data imbalance remains a critical issue in deep learning-based classification models, 
particularly in medical applications. Imbalanced class distributions often bias models toward 
majority classes and degrade performance on clinically important minority classes (Brishti et al., 
2025; Hellín et al., 2024) In addition, limited datasets increase the risk of overfitting, reducing 
generalization to real-world scenarios. While several techniques such as class weighting and 
regularization have been proposed (Carvalho et al., 2025), these approaches are often applied in 
isolation and not integrated into real-time procedural learning systems. 
 
2.5 State-of-the-Art Analysis and Research Gap Identification 

As summarized in Table 1, despite advances in AR and deep learning for gesture 
recognition, existing approaches remain fragmented limited to passive visualization, static gesture 
modeling, and lacking integrated real-time evaluation highlighting a critical gap in developing an 
adaptive, spatio temporal, and AR-based framework for objective procedural skill assessment. 

 
Table 1 - Summary of Related Studies on Hand Gesture Recognition Using Deep Learning and 

Augmented Reality. 
Author and Year Methods/Technology Key Contributions Weaknesses/Gaps 

(Tene, López, et al., 
2024) 

Augmented Reality 
(AR) 

AR increases engagement 
and understanding in 
medical education 

AR is still a 
visualization medium, 
there is no automatic 
evaluation 

(Liu et al., 2024) AR in medical 
simulation 

AR is able to improve 
understanding of 3D 
visual-based clinical 
procedures 

No hand pose 
classification system 

(Q. Li et al., 2025) AR-based medical 
training 

AR improves learning 
efficiency and user 
experience 

Not yet integrated with 
AI for real-time 
evaluation 
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(Nguyen et al., 
2025) MediaPipe + YOLO More efficient landmark-

based gesture recognition 
Not capturing 
movement dynamics 

(Yaseen et al., 2024) MediaPipe + Deep 
Learning 

Not capturing movement 
dynamics 

Not yet integrated with 
AR 

(H. Li & Hsieh, 
2025) 

MediaPipe Gesture 
Recognition 

Lightweight and real-time 
system 

The focus is only 
gesture recognition, not 
medical learning 

(Chen & Wang, 
2023) CNN-LSTM 

Combines spatial and 
temporal features for 
gesture recognition 

Not yet used in the 
context of medical AR 

(Varshini & 
Rukmani, 2025) LSTM + MediaPipe Gesture sequence 

recognition real-time 
No optimization for 
edge devices 

(Jalayer et al., 2025) Deep Learning 
Review 

Identify gesture 
recognition challenges 
(dynamic gesture, dataset) 

Has not provided an 
implementable solution 

(Jalayer et al., 2025) Imbalanced Dataset 
Handling 

Explain the impact of 
imbalance on model 
performance 

Not specific to gesture 
recognition 

(Albattah & Khan, 
2025) Data Imbalance  Showing imbalances 

causing model bias 
No implementation on 
AR 

(Tchantchane et al., 
2023) 

Edge AI Gesture 
Recognition 

Indicates the need for 
lightweight models 

No integration with AR 
and medical yet 

 
Based on Table 1, it can be concluded that AR in medical education has developed, but it 

is still a passive visualization, and has not been able to provide automatic evaluation. MediaPipe 
is effective for feature extraction, but many studies have focused only on static gestures and have 
not accommodated procedural dynamic gestures. CNN-LSTM has proven to be effective, but it 
has not been widely used in the context of medical AR. Major unresolved issues regarding data 
imbalance, overfitting and model not being optimal for edge devices. 
 
2.5 Synthesis of Existing Studies and Research Gap 

Based on the analysis presented in Table 1, it can be observed that existing studies are 
fragmented across three main domains: AR-based learning, gesture recognition, and deep learning 
modeling. AR systems primarily focus on visualization without evaluation capabilities, 
MediaPipe-based approaches emphasize efficient feature extraction but lack temporal modeling, 
and CNN-LSTM models provide accurate sequence recognition but are not integrated into 
immersive learning environments. Furthermore, critical challenges such as data imbalance, real-
time processing, and deployment on edge devices remain insufficiently addressed. These 
limitations highlight a fundamental gap in developing an integrated, intelligent, and adaptive 
system capable of performing real-time hand pose classification and objective procedural skill 
evaluation in medical training contexts. 

 
2.6 Research Contribution 

Addressing gaps in previous research, this study proposes an integrated system combining 
MediaPipe Hands for efficient landmark extraction, CNN-LSTM for spatio-temporal modeling, 
and Unity-based AR for real-time feedback. The theoretical novelty lies in a unified framework 
that links lightweight landmark representations with hybrid deep learning to model dynamic 
procedural gestures. This end-to-end approach enables accurate, adaptive, and objective 
evaluation of procedural skills, particularly in intravenous infusion training. 
 
3. Research Methods 
3.1 Research Design 

This study adopts an experimental research design to develop and evaluate a deep learning-
based hand pose classification system integrated with Augmented Reality (AR) for intravenous 
infusion training. The proposed system aims to enable real-time, objective, and adaptive 
evaluation of procedural hand movements. To ensure methodological rigor and reproducibility, 
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the research follows a structured pipeline consisting of data acquisition, preprocessing, feature 
extraction, sequence modeling, deep learning-based classification, and performance evaluation. 
The system is designed to operate in real-time and is optimized for deployment in interactive AR-
based learning environments. 

To ensure a structured and reproducible research workflow, this study adopts a systematic 
pipeline that integrates data acquisition, feature extraction, deep learning modeling, and 
performance evaluation. The proposed methodology is designed to address the challenges of real-
time hand pose classification in procedural learning environments. As illustrated in Figure 1, the 
research procedure begins with hand gesture dataset acquisition, followed by preprocessing and 
feature extraction using MediaPipe-based landmark detection. The extracted features are then 
transformed into temporal sequences and processed using a CNN-LSTM model. Finally, the 
system performance is evaluated through quantitative metrics and integrated into an Augmented 
Reality (AR) environment for real-time feedback. 

 

Figure 1. Schematic of the proposed research procedure, including dataset acquisition, 
preprocessing and feature extraction using MediaPipe, CNN-LSTM model training, and evaluation. 

 
Based on Figure 1, the proposed research procedure consists of four main stages. The first 

stage is dataset acquisition, where hand gesture data are collected in the form of video sequences 
representing correct and incorrect procedural poses. This stage ensures variability in gesture 
patterns to improve model generalization. 
1. The second stage is data preprocessing and feature extraction, where MediaPipe is employed 

to detect and extract 21 hand landmarks per frame. Each landmark is represented by three-
dimensional coordinates (x, y, z), resulting in a 63-dimensional feature vector. These features 
are then normalized and structured into temporal sequences using a sliding window 
approach. 

2. The third stage involves model design and training, where a hybrid CNN-LSTM architecture 
is utilized. The CNN component captures spatial relationships among hand landmarks, while 
the LSTM component models temporal dependencies across sequential frames. This 
combination enables the system to effectively learn dynamic gesture patterns, which are 
essential in procedural tasks such as intravenous infusion. 

3. The final stage is evaluation and results analysis, where the model performance is assessed 
using standard metrics, including accuracy, precision, recall, and F1-score. In addition, 
comparative analysis with baseline models is conducted to validate the effectiveness of the 
proposed approach. 

4. Overall, the proposed workflow demonstrates a robust integration of lightweight feature 
extraction, spatio-temporal modeling, and real-time feedback, making it suitable for 
deployment in AR-based procedural learning systems. 

 
3.2 Dataset Acquisition and Description  

The dataset was collected from 314 participants performing infusion-related hand gestures. 
The dataset includes both correct and incorrect procedural poses to reflect real-world variability. 
Data collection conditions include yaitu multiple lighting conditions, different hand orientations 
dan variations in movement speed  
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The dataset used in this study was collected through controlled experimental sessions 
involving hand gesture recordings during intravenous infusion procedures. A total of 314 gesture 
samples were obtained, representing both correct and incorrect procedural hand poses to capture 
realistic variations in clinical skill execution. Data acquisition was conducted under diverse 
environmental conditions to improve model robustness and generalization, including variations 
in lighting intensity, camera angles, hand orientation, and motion speed. Each gesture sample 
consists of a temporal sequence of hand movements recorded as video frames. To extract 
meaningful features, each frame was processed using MediaPipe Hands, which detects 21 hand 
landmarks represented by three-dimensional coordinates (x, y, z). This results in a 63 dimensional 
feature vector per frame. To capture temporal dynamics, the data were structured into sequences 
using a sliding window approach with a fixed window size of 10 frames. The dataset exhibits an 
imbalanced class distribution, as shown in Table 2. 
 
3.3 Class Imbalance Analysis 

The dataset shows a significant imbalance between correct and incorrect pose classes. Such 
imbalance can bias the model toward the majority class and degrade performance in detecting 
minority classes, which are often critical in medical learning scenarios. To address this issue, this 
study applies class weighting techniques during model training to improve sensitivity toward 
minority class predictions and ensure balanced learning. 

 
Table 2 - Imbalanced Class Distribution 

Class Label Number of Samples Percentage (%) 
Correct Pose 239 76.11% 

Incorrect Pose 64 20.38% 
Total 314 100% 

 
3.4 Preprocessing and Feature Extraction 

Preprocessing includes frame extraction, noise filtering, and normalization. Hand 
landmarks are extracted using MediaPipe Hands, which detects 21 keypoints per frame. Each 
keypoint is represented by (x, y, z) coordinates, resulting in a 63 dimensional feature vector per 
frame. To ensure consistency, all features are normalized using Min-Max scaling. The landmark-
based representation is chosen due to its computational efficiency compared to full-image 
processing, enabling real-time system performance. 

Data preprocessing was performed to ensure that the input data were clean, consistent, and 
suitable for deep learning-based hand pose classification. The raw video recordings were first 
converted into frame sequences. Each frame was then processed to detect the presence of a hand 
region using MediaPipe Hands. Frames with undetected or incomplete hand landmarks were 
excluded to reduce noise and prevent inaccurate feature representation. After hand detection, the 
landmark coordinates were normalized to minimize variations caused by camera position, hand 
size, and distance from the camera. Normalization was applied to ensure that the extracted 
features were comparable across different samples and recording conditions. This step is 
important because hand pose classification relies on the relative position and movement pattern 
of landmarks rather than absolute pixel values.  

Feature extraction was conducted using MediaPipe Hands, which detects 21 hand 
landmarks for each frame. Each landmark is represented by three-dimensional coordinates (x,y,z), 
resulting in a 63-dimensional feature vector per frame. The extracted features represent the spatial 
structure of the hand and are used as input for the classification model. To capture temporal 
movement patterns, the extracted landmark features were arranged into sequential data using a 
sliding window technique. In this study, a window size of 10 frames was used, producing an input 
shape of 10 × 63 for each gesture sequence. This representation allows the CNN-LSTM model to 
learn both spatial relationships between landmarks and temporal changes across frames. 
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Table 3 - Preprocessing and Feature Extraction Configuration 
Stage Description Output 

Video frame extraction Raw video data are converted into frame 
sequences Frame-level input 

Hand detection MediaPipe Hands detects hand regions in each 
frame Valid hand frames 

Landmark extraction 21 hand landmarks are extracted with x, y, z 
coordinates 63 features/frame 

Data cleaning Frames with missing or incomplete landmarks 
are removed Clean feature data 

Normalization Landmark coordinates are scaled to reduce 
variation Normalized features 

Sequence formation Sliding window of 10 frames is applied Input shape 10 × 63 
 
3.5 Model Architecture and Justification  

A hybrid CNN-LSTM architecture is employed to model both spatial and temporal 
characteristics of hand gestures. CNN Layer (Conv1D) extracts spatial relationships among hand 
landmarks within each frame, LSTM Layer captures temporal dependencies across sequential 
frames, Dense Layer and Softmax performs classification. The selection of CNN-LSTM is 
motivated by its proven effectiveness in spatio temporal modeling, outperforming standalone 
CNN or LSTM models in dynamic gesture recognition tasks. 

 
 

Figure 2. MediaPipe Hands Integrated System Architecture – CNN-LSTM – Unity AR 
 

  Figure 2 illustrates the proposed real-time hand pose classification system based 
on CNN-LSTM integrated with Unity AR. The pipeline begins with data acquisition using a 
camera to capture infusion procedure simulations in real time, followed by landmark extraction 
using MediaPipe, which generates 21 hand landmarks (63 features) as an efficient representation. 
These features are processed using a CNN-LSTM model, where CNN extracts spatial 
relationships and LSTM models temporal dynamics across frames, with a structure consisting of 
Conv1D, LSTM, Dense, and Softmax layers for classification. To improve performance, class 
weighting handles data imbalance, while dropout and early stopping prevent overfitting, and 
TFLite supports efficient mobile deployment. The trained model is then integrated into a Unity-
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based AR system to provide real-time feedback in the form of correct, incorrect, and low-
confidence predictions, enabling immediate user correction and enhancing learning effectiveness, 
with evaluation focusing on classification accuracy and real-time responsiveness. 
 
3.6 Testing and Evaluation 

The proposed hand pose classification system is evaluated in terms of performance, 
robustness, and generalization using a 70:15:15 data split and 5-fold cross-validation. 
Performance is measured using accuracy, precision, recall, F1-score, and ROC-AUC, supported 
by confusion matrix and ROC/PR curve analyses, particularly for imbalanced data. An ablation 
study comparing CNN, LSTM, and CNN-LSTM confirms the superiority of the hybrid model in 
capturing spatio-temporal features. Robustness is validated under varying conditions, while real-
time evaluation in an AR environment demonstrates low latency (<50 ms), confirming its 
suitability for adaptive procedural learning. 
 
4. Results and Discussions  
4.1 Results 

This section presents the experimental results obtained from the implementation and 
evaluation of the proposed deep learning-based hand pose classification system. The evaluation 
focuses on three key aspects: classification performance, real-time system efficiency, and the 
effectiveness of integration with the Augmented Reality environment. The objective of this 
evaluation is to assess whether the proposed system can operate accurately, reliably, and 
responsively in supporting interactive procedural learning for intravenous infusion training. 

 
A. Model Performance in Relation to Proposed Novelty 

The results of this study show that the proposed model has superior performance compared 
to the baseline model. The CNN-LSTM model was able to achieve an overall accuracy of 94.82%, 
with a precision value of 0.94, a recall of 0.95, and an F1-score of 0.94, indicating a good balance 
between detection capability and classification accuracy. 

This performance is in line with previous research that stated that the CNN-LSTM hybrid 
architecture is effective in capturing spatial and temporal characteristics of dynamic gesture data. 
However, this study makes an additional contribution by demonstrating a more significant 
performance improvement through the integration of landmark-based feature extraction using 
MediaPipe as well as the application of class weighting strategies to overcome data imbalances. 
Further, as shown in Table 4, the accuracy of the proposed CNN-LSTM model significantly 
exceeds that of other comparative models, including the pure CNN model and the standard LSTM. 
This indicates that the hybrid approach used is able to produce a more comprehensive 
representation of features, thereby improving the model's ability to recognize hand movement 
patterns more accurately and consistently. 

Table 4 - Model Performance Comparison 
Model Accuracy (%) Precision Recall F1-Score 

CNN Murni 93,10 0,93 0,92 0,92 
Standard LSTM 92,30 0,92 0,93 0,92 
CNN-LSTM 
(Proposal) 94,82 0,94 0,95 0,94 

 
Table 4 shows the performance comparison between the three models, i.e. pure CNN, 

standard LSTM, and proposed CNN-LSTM. The CNN-LSTM model performs best with an 
accuracy of 94.82%, as well as higher precision, recall, and F1-score values than other models. 
Meanwhile, pure CNN and standard LSTM show relatively lower performance and tend to be less 
balanced in capturing spatial and temporal aspects simultaneously. This shows that the 
combination of CNN and LSTM in the hybrid model is able to provide a more optimal 
representation of features, thereby improving the overall classification capabilities. 

 
B. Learning Curve: Accuracy and Loss 
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Figure 3 shows the learning curve that combines training and validation accuracy metrics 
as well as training and validation loss during the model training process. In the early stages of the 
epoch, there was a significant increase in accuracy values and a sharp decrease in loss values, 
indicating that the model was able to effectively learn data patterns from the early stages of 
training. 

As the number of epochs increases, training accuracy and validation accuracy continue to 
increase to close to optimal values, while training loss and validation loss show a steady 
downward trend until they reach convergence. Although there is a slight difference between the 
training and validation curves, the difference is relatively small and consistent, suggesting that 
the model is not significantly overfitted and has good generalization capabilities to new data. In 
addition, there are no extreme fluctuations in the validation curve, which indicates that the training 
process is taking place in a stable and controlled manner. 

 

Figure 3. Learning Curve: Accuracy and Loss 
 

The results of this learning curve confirm that the proposed CNN-LSTM model has been 
optimally trained, able to achieve convergence well, and has a strong balance between 
performance in training data and generalization ability in validation data. 

 
C. Confusion Matrix 

Figure 4 shows a confusion matrix visualization that represents the results of model 
classification in distinguishing classes pose_benar and pose_salah. The value on the main 
diagonal shows the number of correct predictions with a high percentage, which is 95.0% for class 
pose_benar and 96.0% for class pose_salah. Meanwhile, the value of misclassification (false 
positive and false negative) was relatively small, at 5.0% and 4.0%, respectively. This shows that 
the model has an accurate, balanced, and consistent performance in recognizing both classes. 
 

 

Figure 4. Confusion Matrix 
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Figure 4 presents the confusion matrix in the form of absolute numbers and percentages for 
each class. The values on the main diagonal indicate a high level of classification, with the 
accuracy of each class above 94%, which indicates that the model is able to recognize pose_benar 
and pose_salah consistently. In contrast, the error values (false positives and false negatives) are 
relatively low, at below 6%, suggesting that the model has a minimal error rate and a balanced 
prediction distribution. The presentation in the form of percentages also provides a more 
comprehensive picture of the model's performance in each class, thereby strengthening the 
validity of the evaluation results. 
 
D. ROC Curve Comparison and Statistical Evaluation 

The ROC curve shows that the CNN-LSTM model has excellent discriminative ability, 
with an AUC value of 0.97. The curve approaching the upper left corner shows that the model is 
able to maximize the true positive rate with a minimal false positive rate. To ensure that this 
performance improvement is significant, a statistical test is performed using the DeLong test. The 
test results showed that the difference in AUC between CNN-LSTM and baseline models (CNN 
and LSTM) was statistically significant (p < 0.05). In addition, the narrow 95% confidence 
interval (95% CI) indicates that the model's performance is stable against data variations. This 
strengthens the validity of the model in real-world implementation scenarios. 

Figure 5 presents a comparison of the Receiver Operating Characteristic (ROC) curves 
between several models, namely CNN, LSTM, and CNN-LSTM. It was seen that the ROC curve 
of the CNN-LSTM model was consistently above the other models, which showed a better 
discriminating ability to distinguish between pose_benar and pose_salah classes. The Under the 
Curve Area (AUC) values obtained for each model are: CNN: 0.92, LSTM: 0.93, CNN-LSTM 
(proposed): 0.97. 

This difference in AUC values shows that the CNN-LSTM model has superior performance 
compared to the single architecture-based model. To ascertain the significance of these 
differences, a statistical test was carried out using the DeLong test method. The test results showed 
that the difference in AUC between CNN-LSTM and baseline models (CNN and LSTM) was 
statistically significant (p < 0.05), confirming that the improved performance was not due to 
chance. The 95% confidence interval (95% CI) for the CNN-LSTM model is in a narrow range 
(e.g., 0.95-0.99), which indicates that the model's performance is stable and consistent with data 
variations. This strengthens the model's reliability in real classification scenarios. 

 
 

Figure 5. ROC Curve Multi-Model (CNN vs LSTM vs CNN-LSTM) 
 

This difference in AUC values shows that the CNN-LSTM model has superior performance 
compared to the single architecture-based model. To ascertain the significance of these 
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differences, a statistical test was carried out using the DeLong test method. The test results showed 
that the difference in AUC between CNN-LSTM and baseline models (CNN and LSTM) was 
statistically significant (p < 0.05), confirming that the improved performance was not due to 
chance. The 95% confidence interval (95% CI) for the CNN-LSTM model is in a narrow range 
(e.g., 0.95-0.99), which indicates that the model's performance is stable and consistent with data 
variations. This strengthens the model's reliability in real classification scenarios. 

The curve results are also aligned with the evaluation of the confusion matrix and the 
Precision–Recall curve, where the CNN-LSTM model shows a low error rate as well as the ability 
to maintain high precision at various recall levels. Thus, the combination of ROC-based 
evaluations, AUC, and statistical tests provides strong evidence that the proposed model performs 
well both empirically and statistically. 

The experimental results demonstrate that the proposed CNN-LSTM model achieves high 
performance in hand pose classification tasks. The integration of spatial and temporal learning 
enables the model to outperform conventional machine learning and single-architecture deep 
learning approaches. 

 
4.2 Discussion 

The experimental results indicate that the proposed CNN-LSTM model achieves superior 
classification performance (accuracy = 94.82%, AUC = 0.97), which can be attributed to its ability 
to jointly model spatial and temporal dependencies in hand movement sequences. Unlike single-
architecture models, the hybrid framework captures both intra-frame landmark relationships and 
inter-frame motion dynamics, which are essential for representing procedural gestures. This 
finding aligns with prior studies demonstrating the effectiveness of hybrid deep learning 
architectures in dynamic gesture recognition (Han et al., 2024; Tchantchane et al., 2023; Yaseen 
et al., 2024) 

The use of MediaPipe-based landmark extraction further enhances system efficiency by 
reducing input dimensionality while preserving critical structural information. Compared to 
image-based methods, this approach enables real-time processing with lower computational 
overhead, supporting deployment on resource-constrained devices (Amprimo et al., 2024; H. H. 
Li & Hsieh, 2025). In addition, the application of class weighting improves model sensitivity to 
minority classes, addressing a key challenge in medical classification tasks and contributing to 
more balanced predictive performance (Yang et al., 2021). However, in real-world deployment, 
maintaining this level of performance remains challenging due to variations in environmental 
conditions, hardware limitations, and user diversity, which may affect system robustness and 
generalization. 

 From a system perspective, the model achieves low latency (<50 ms), demonstrating its 
feasibility for real-time, edge-based deployment. However, translating this performance into real-
world clinical environments remains challenging, as variations in hardware capability, camera 
quality, and network stability may affect system responsiveness and consistency. In addition, real-
time performance observed in controlled experimental settings may not fully represent diverse 
clinical conditions, where background noise, occlusions, and user variability are more 
pronounced. Despite these challenges, the model’s ability to maintain high performance under 
real-time constraints highlights the efficiency of the proposed architecture and supports its 
practical applicability in interactive systems (Mustafa et al., 2023). 

Beyond technical performance, the integration with Augmented Reality provides 
meaningful pedagogical value by enabling real-time, automated feedback. While prior AR-based 
systems primarily support visualization, the proposed approach introduces an intelligent 
evaluation mechanism that facilitates immediate correction and adaptive learning. This shift from 
passive observation to active skill acquisition has been associated with improved engagement, 
retention, and procedural accuracy (Carvalho et al., 2025; Lampropoulos et al., 2025; Liu et al., 
2024; Tang et al., 2020). In contrast, the proposed system provides real-time, automated feedback 
based on AI-driven classification, enabling immediate correction and adaptive learning. This 
shifts the learning paradigm from passive observation to active skill acquisition, which has been 
shown to improve engagement, retention, and procedural accuracy in clinical training 
environments (Radianti et al., 2020; Tang et al., 2020; Tene, Vique López, et al., 2024). 
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Nevertheless, the effectiveness of such systems in real educational settings depends on user 
acceptance, usability, and integration into existing training workflows, which remain 
underexplored 

Despite these promising outcomes, several limitations should be considered. The dataset 
size and diversity are relatively limited, potentially affecting generalization across different users, 
hand characteristics, and clinical scenarios. In addition, the reliance on vision-based tracking 
makes the system sensitive to lighting variations and occlusions, which may reduce robustness in 
uncontrolled environments (Dulac et al., 2021; Xi et al., 2025). Scalability also remains a 
challenge, particularly in adapting the system to multiple procedures or deploying it across 
heterogeneous hardware platforms. 

Future work should address these challenges by expanding the dataset with more diverse 
participants and real-world conditions, integrating multimodal data (e.g., depth sensors or 
wearable devices), and exploring more advanced architectures such as transformer-based models 
to improve temporal modeling and robustness. Furthermore, large-scale user studies are needed 
to evaluate usability, learning outcomes, and long-term impact in clinical education. With these 
improvements, the proposed system has strong potential to evolve into a scalable, reliable, and 
widely deployable solution for next-generation immersive medical training. 

 
5. Conclusion  

This study introduces an end-to-end framework that integrates lightweight MediaPipe-
based landmark extraction, CNN-LSTM spatio-temporal modeling, and real-time Augmented 
Reality (AR) feedback for procedural skill learning. The proposed system achieves high accuracy 
(94.82%, AUC ≈ 0.97) with low latency (<50 ms), enabling adaptive and objective evaluation of 
dynamic hand movements while bridging the gap between automated gesture recognition and 
immersive medical training. This approach reduces subjectivity in skill assessment and offers a 
scalable solution for real-time procedural evaluation. However, the system is evaluated on a 
relatively limited dataset and may be sensitive to environmental variations such as lighting 
conditions, occlusions, and device heterogeneity, which can affect robustness and generalization 
in real-world settings. Future work should focus on expanding dataset diversity, integrating 
multimodal data, and exploring advanced architectures to enhance robustness and scalability, as 
well as conducting validation in real clinical environments to assess usability, user acceptance, 
and long-term learning outcomes. 
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