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This study aims to develop and evaluate the effectiveness of a transfer
learning model on CNN with the proposed YOLOv12 architecture for
recognizing hand gestures in real time on an integrated service robot. In
addition, this study compares the performance of MobileNetV3, ResNet50,
and EfficientNetBO0, as well as a previously funded model (YOLOvS) and the
proposed YOLOV12 development model. This research contributes to SDG
4 (Quality Education), SDG 9 (Industry, Innovation and Infrastructure), and
SDG 11 (Sustainable Cities and Communities) by enhancing intelligent
human-robot interaction for educational and service environments. The study
applies an experimental method by comparing the performance of various
transfer learning models in hand gesture recognition. The custom dataset
consists of annotated hand gesture images, fine-tuned to improve model
robustness under different lighting conditions, camera angles, and gesture
variations. Evaluation metrics include mean Average Precision (mAP),
inference latency, and computational efficiency, which determine the most
suitable model for deployment in integrated service robots. The test results
show that the YOLOvV12 model achieved an mAP@0.5 of 99.5% with an
average inference speed of 1-2 ms per image, while maintaining stable
detection performance under varying conditions. Compared with other CNN-
based architectures (MobileNetV3, ResNet50, and EfficientNetB0), which
achieved accuracies between 97% and 99%, YOLOv12 demonstrated
superior performance. Furthermore, it outperformed previous research using
YOLOV8 (91.6% accuracy), confirming its effectiveness for real-time gesture
recognition.
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1. INTRODUCTION

With the increasingly digital era developing, the integration of artificial intelligence in robotics systems
has become a crucial element in enhancing the efficiency of services in various sectors, including education.
Intelligent robot service integration is a potential innovation that optimizes interaction between humans and
machines through more intuitive systems, such as Hand Gesture Recognition (HGR) technology. This allows
robots to understand human visual cues without the need for verbal commands, thereby increasing the
convenience of accessing academic, administrative, and student affairs in a college environment. The
Convolutional Neural Network (CNN) approach has proven to be an effective method for detecting hand
movements, but training the learning model from scratch often requires a large amount of computational power
and time [1]-[4]. Therefore, transfer learning becomes a strategic solution to adopt the advantages of the CNN
model that has been trained previously on large datasets, thereby increasing accuracy as well as efficiency in
time and power processing.

Although CNN-based methods have been widely used for gesture recognition, their implementation in
integrated service robots across diverse environments remains challenging, often reducing detection accuracy.
Many models have been developed previously, but they still have limitations in adapting to variations in gesture
execution, hand appearance, lighting conditions, and user positioning. Some studies have previously used
YOLO and conventional CNNSs to detect objects in static environments, but there has been little exploration of
implementing transfer learning in the context of introducing gestures for interactive robots [5]-[10]. Several
study latest show that method transfer learning with architecture such as MobileNetV3 [11]-[16], ResNet50
[17]-[23], and EfficientNet [24]-[31] can increase efficiency detection without sacrifice accuracy. However,
their application in real-time environments and adaptation to dynamic conditions within campus contexts
remain open challenges that require further investigation.

To overcome this problem, research proposes the implementation of a new method, transfer learning on
CNN models the proposed YOLOv12 architecture, to improve the effectiveness of introducing movement in
human-robot interaction. This approach utilizes a previously trained CNN model with large datasets, which is
then customized for the scenario service campus, thereby speeding up the training process while increasing
accuracy for introduction gestures, such as hand gestures. The model to be reviewed encompasses a range of
modern CNN architectures, including MobileNetV3, ResNet50, and EfficientNetB0. The models are known to
have optimal performance in task visual classification. Evaluation will be done by comparing model
performance in various conditions of lighting, camera angle, and hand gesture variations.

From the perspective of the Sustainable Development Goals (SDGs), the contribution study includes: (1)
Enhancing access and quality of education through intelligent robot-based interactions (SDG 4: Quality
Education); (2) Promoting innovative technology in inclusive digital infrastructure (SDG 9: Industry,
Innovation, and Infrastructure); and (3) Delivering sustainable technological solutions for smart campuses
(SDG 11: Sustainable Cities and Communities). The research contribution is a comparative evaluation of
transfer learning models for real-time hand gesture recognition in integrated service robots, demonstrating the
potential of YOLOV12 as an effective solution for adaptive and robust human—robot interaction in educational
environments.

2. METHODS

Transfer learning is one of the approaches in the field of machine learning that enables the use of pre-
trained weights and architectures from models trained on large-scale datasets such as ImageNet or COCO It is
applied to new tasks that have characteristics similar to those of the original task [32]-[34]. This approach is
particularly useful when training data is limited for a new task, or when a large source of power is needed for
computations from the beginning of the training process. In the context of computer vision, transfer learning
provides flexibility for using more advanced model architectures without needing to start training from scratch,
thereby saving significant time and energy in computing [35]-[41].

In this research, transfer learning is implemented on the Integrated Service Robot system (Robolater),
designed to recognize hand gestures of users through a camera as the primary visual perception device, as
illustrated in Figure 1. The detection model previously using YOLOvS showed adequate performance under
standard environmental conditions [42]. However, to increase detection accuracy under diverse lighting
conditions and camera angles, fine-tuning and adaptation were carried out on the proposed YOLOv12 model.
YOLOVI2 in this study is an internal development based on modifications of the YOLOvV8 backbone and
detection head, designed to improve small-object recognition and inference efficiency in dynamic
environments. This process was not performed by training from scratch but rather by leveraging YOLOv8
weights and adapting them into the YOLOV12 framework. YOLOv12 was selected because it offers improved
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inference efficiency, better handling of small-scale features, and more robust object detection under varied
lighting conditions compared to YOLOVS, as shown in Figure 2.
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Figure 1. Illustration of an Integrated Service of Smart Robot
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Figure 2. Comparison of YOLO Models

The Convolutional Neural Network (CNN) method is applied to the YOLOv12 model, based on the
principle of extracting hierarchical features from images through convolution, pooling, and non-linear
activation, thereby enabling the representation of complex spatial patterns. In the YOLOvI12 framework [43]-
[50], the methodology This implemented in a way end-to-end with three component central Figure 3: (1)
backbone, which functions as extractor feature for catch visual information from level low until height; (2)
neck, which does fusion multi- scale features to maintain context spatial in various size object; and (3) head,
which is basically direct predicting bounding box, objectless scores, and classification class. The training
process utilizes a function loss combination (localization, classification, and confidence) and adaptive
algorithm optimization, so that it produces a model table of detecting objects in real-time with high
computational efficiency. Thus, YOLOvVI12 is confirmed as a single-stage detector that integrates feature
extraction and prediction in a unified framework.

The YOLOvVI12 model was trained using a transfer learning approach from YOLOvVS with a custom
internally curated hand gesture dataset containing 1,025 images across five gesture classes. Each image was
annotated with bounding boxes and divided into training (70%), validation (15%), and test (15%) sets to ensure
balanced evaluation. Training was conducted on a dedicated GPU machine (NVIDIA RTX 3080, 10 GB
VRAM) with data augmentation techniques, such as flipping, brightness/contrast adjustment, and light
blurring, to increase robustness against variations in lighting conditions, gesture shapes, and camera
perspectives. The training was run for 100 epochs with a batch size of 16 and image resolution of 640 x 640
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pixels, ensuring convergence without overfitting. For benchmarking purposes, three other CNN architectures
(MobileNetV3, ResNet50, EfficientNetB0) were also trained and evaluated under the same dataset and
augmentation settings. This allows for a fair comparison of model performance against the proposed YOLOv12
architecture.

Figure 4. Research methodology flowchart. The process starts with dataset preparation, annotation, and
dataset splitting. Data augmentation is applied to enhance robustness. Transfer learning is conducted using
YOLOvVS weights, followed by fine-tuning YOLOv12 with hyperparameter tuning. Model performance is
evaluated using accuracy, mAP, precision, recall, and latency, then compared with MobileNetV3, ResNet50,
and EfficientNetB0. The final optimized model is deployed on the Robolater system.

(conv rl'ga& 3.2 { R-ELAN [256]

Conv [512, 3,2]

: : C3K2 [512] Conv [256, 3.2]
it RELAN [512] I

(Stage P3)

AZC2T[512, True] APC2T[1024, True]
{Area Attention + Conv) RELAN [512] c““"r[,?,,f:' 2 (Area Aftention + Conv)
(Stage P4} {Stage PS5}

INPUT (640,640)
R-ELAN [1024]

AZCT 256, False ACIT 512, False

o e e e it (Area Atiention + Conv) (Area Aftention + Conv) 3
+ Upsample |

(Nearest) + Concat [P4] [

! +
{Labels Scores) {Masks + Pxeis) (Boxes + Scores) ] 1Jpsa:mle Upsz:rrple
: ' Concat [P4] Concat [P3]

Dataset o “Anfictation Dataset Splitting
Preparation ! (70% Train, 15% Val, 15% Test)
- "
Exakiaiion Fine-Tuning | Transfer Learning

(Accuracy, mAP, Precision, [«+—
Recall, Latency)

yoLovi2 | (YOLOV8 Weights)

Comparison with Other Models
(MobileNetV3, ResNet50,
EfficientNetB0)

Figure 4. Is a Research Methodology Flowchart
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Deployment on Robolater

3. RESULT AND DISCUSSION
3.1. Training Model

This involves preparing the YOLOv12 model for detecting hand gestures in real-time using a transfer
learning approach from the previous model (YOLOVS). An internal gesture dataset, containing 1,025 annotated
images across five gesture classes (1, 2, 3, 4, 5), was split into training, validation, and test sets. The training
process was run on a GPU machine with augmentation techniques such as flip, brightness/contrast, and light
blur, to increase robustness against lighting and camera variation. Figure 5 shows the training accuracy and
loss curves, indicating convergence with accuracy above 0.9 for all gesture classes.

The validation results indicate that the YOLOv12 model achieved very high performance across all
gesture classes. For class 1, the precision reached 0.975 with a perfect recall of 1.000, resulting in an mAP50
0f 0.994 and an mAP50-95 of 0.751. Class 2 showed similar performance, with a precision of 0.981, recall of

Faikul Umam (Evaluation of the Effectiveness of Hand Gesture Recognition Using Transfer Learning on a
Convolutional Neural Network Model for Integrated Service of Smart Robot)



778 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572

Vol. 7, No. 4, December 2025, pp. 774-788

1.000, mAP50 of 0.995, and mAP50-95 of 0.779. Furthermore, class 3 achieved the highest precision value of
0.999 with a recall of 1.000, mAP50 of 0.995, and mAP50-95 of 0.790. For class 4, the precision was 0.991
and recall was 0.997, with an mAP50 of 0.995 and mAP50-95 of 0.776. Meanwhile, class 5 demonstrated a
precision of 0.989, recall of 1.000, mAP50 of 0.995, and mAP50-95 of 0.826. Overall, the model achieved an
average precision of 0.992, recall of 0.996, mAP50 of 0.995, and mAP50-95 of 0.784. These results confirm
that YOLOv12 is capable of detecting nearly all hand gestures with very high accuracy and minimal
classification errors. The difference between the near-perfect mAP50 and the slightly lower mAP50-95
indicates a limitation in bounding box localization precision, particularly under extreme lighting conditions or
tilted camera angles. Nevertheless, with an average inference speed of 1.58 ms per image, this model is highly
suitable for real-time detection requirements in service robot systems can be seen in Figure 6.
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Figure 5. Model Training Results
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3.2. Experiment and Results Analysis (YOLOv12)

Stage experiment conducted with a running YOLOv12 model on a connected Mini PC with a robot
camera (Figure 7). The model was tested in real-world conditions to recognize various hand gestures directly
in front of the camera under normal lighting. Test results show that the system can detect hand gestures with
good accuracy, indicated by the appearance of colored bounding boxes around the hand region, along with
class labels and confidence values displayed above them. In the example shown in Figure 7, the system
successfully recognized one of the gestures with a confidence of 0.70. Although this confidence level is lower
than the training-validation benchmarks, it remains adequate for triggering robot actions, provided an
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operational threshold is applied. This demonstrates that the model is capable of real-time gesture recognition,
with an average inference speed of 1-2 ms per image, fully supporting the requirements of service robot
applications. Additional gesture detection results are shown in Figure 8.

(a) ®)
Figure 7. (a) Confidence value, (b) Combination with HMI
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Figure 8. Gesture Detection Results Graph

The YOLOv12 model was trained using transfer learning from YOLOvS8 [42], with a gesture dataset of
hands with a curated and annotated hand gesture dataset divided into training, validation, and test sets. The
training process employed augmentation (flipping, brightness/contrast adjustment, and blurring) to increase
robustness under lighting and camera variations. Validation results achieved mAP50 = 0.995 and mAP50-95
= 0.784, confirming that while object detection accuracy is nearly perfect, bounding box localization under
extreme conditions (e.g., tilted camera or strong illumination changes) remains a limitation. At the validation
stage, precision and recall approached 1.0 across nearly all classes, with class 1 achieving precision = 0.992
and recall = 0.996, and class 4 achieving precision = 0.989 and recall = 1.000. These results confirm stable
performance across different confidence levels, with minimal false positives or negatives. Field testing with
the robot camera further validated the model’s ability to detect gestures accurately, showing bounding boxes
and class labels in real-time at around 0.70 confidence. The system maintained an inference speed of 1-2 ms
per image, proving its suitability for real-time robotic implementation. In summary, YOLOvV12 achieved high
accuracy, robust inference speed, and minimal classification errors, though bounding box localization precision
still decreases under extreme lighting or angled perspectives.
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Future work should focus on expanding the dataset with more environmental variations and exploring
advanced fine-tuning strategies (e.g., attention mechanisms, BiFPN integration) to further improve detection
precision. Thus, YOLOvV12 is a strong candidate for real-time hand gesture recognition in HMI-based robot
control systems, with clear potential to evolve into more adaptive solutions in diverse real-world scenarios. To
provide a clearer picture of the comprehensive performance of the CNN method, this research also compares
three popular architectural models, namely ResNet50, MobileNet, and EfficientNet, with the YOLOv12 model.
These three CNN models will be explained in a detailed way, starting from stage training until testing, so that
the differences in performance, advantages, and limitations of each can be seen before conducting an analysis
comparison with YOLOvI12.

3.2.1. ResNet50

In Figure 9 Stage 1, the graph shows a consistent decrease in training loss from around 1.5 to 0.45,
accompanied by an increase in training accuracy by + 0.85. Validation loss also decreased initially, but tends
to fluctuate after the 4th epoch, although validation accuracy remains stable and increases until it reaches £0.75.
This indicates a successful model Study with good results, but there are still mild underfitting symptoms
because the accuracy validation is not yet as high as the training accuracy. In Figure 10, Stage 2, the
performance of ResNet50 improves significantly. Fast training accuracy reached over 0.95 and remained
stable, close to 1.0, with a very small loss. However, the validation loss appears to fluctuate sharply (e.g., up
to 2.8 in the 4th epoch), although validation accuracy remains relatively high (around 0.85-0.93). Fluctuations
indicate the existence of instability in validation data, possibly due to more complex or partial overfitting.
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Figure 9. ResNet50 Stagel
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Figure 10. ResNet50 Stage2
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3.2.2. MobileNet

In Figure 11, Stage 1, the loss graph shows a consistent decline both on the training data and validation.
Training loss decreases from approximately 1.5 to 0.4, while validation loss remains stable at around 0.6.
Accuracy increases sharply from the beginning of the epoch, with training accuracy increasing to +0.85 and
validation accuracy reaching around 0.75-0.78. This indicates a learning model with well, though There is still
a gap between the training and validation data. In Figure 12, Stage 2, the performance of MobileNetV2
improves significantly. Training accuracy reaches nearly 1.0 with fast reach, while validation accuracy remains
stable in the range of 0.92—0.94. Training loss decreases drastically until almost 0, and validation loss remains
in the range of 0.15-0.20 with slight fluctuations. This shows a successful model Study in a way that is efficient
with good generalization, as well as no severe overfitting symptoms, although greater training accuracy tall
from validation.
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Figure 11. MobileNet Stagel
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Figure 12. MobileNet Stage2

3.2.3. EfficientNet

In Figure 13, Stage 1, the training loss and validation loss exhibit a consistent decreasing pattern
throughout the epoch, with the training loss decreasing from approximately 1.4 to 0.55 and the validation loss
decreasing from 1.1 to 0.54. The accuracy graph also shows a steady increase, with the training accuracy
reaching around 0.85 and the validation accuracy approaching 0.80. This performance demonstrates that the
model can learn well without significant differences between the training and validation data, thus maintaining
a relatively high level of generalization. In Figure 14, Stage 2, the performance of EfficientNetBO0 significantly
improved, with training accuracy approaching 1.0 and validation accuracy stable in the range of 0.97—-0.99.
Training loss decreased to <0.05, and validation loss remained low at around 0.07-0.10, indicating the model
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is highly efficient at learning data patterns. Unlike ResNet50, which tends to fluctuate during validation,
EfficientNetBO0 is more stable in both loss and accuracy, indicating better generalization capabilities.

efficientnetb0 — Stage 1
Loss Accuracy
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Figure 13. EfficientNet Stage 1
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Figure 14. EfficientNet Stage2

3.3. Analysis Comparison of the YoloV12 Model with Three Other Models

Test results in Figure 15 show that the three CNN models, namely ResNet50, MobileNetV2, and
EfficientNetB0, have varying performance in detecting five classes of objects. The ResNet50 model
consistently yields the highest confidence value compared to the other two models. For example, in class 1, it
reaches around 0.80 and remains above 0.60 in most cases, particularly for big classes, although it decreases
to 0.44 in class 5. The EfficientNetB0O model shows relatively stable performance with a confidence value in
the range of 0.41-0.59. Although not as high as ResNet50, this model is capable of striking a balance between
accuracy and efficiency. While that, MobileNetV2 tends to generate more confidence low, namely in the range
of 0.37-0.55, but show quite an improvement good in grade 4.

Testing four CNN models reveals that each has distinct advantages and limitations in detecting hand
gestures in real-time. YOLOV12 achieves its best performance with very high accuracy (mAP50 = 0.995), an
average inference speed of 1-2 ms/image, and stable detection performance even under varying lighting
conditions. ResNet50 achieves the best accuracy on the test data, with the highest confidence value (reaching
0.80 in certain classes), but its validation tends to fluctuate, thereby risking overfitting. EfficientNetBO0 exhibits
an optimal balance between accuracy and generalization, with stable validation accuracy values ranging from
0.97 to 0.99 and an average confidence of 0.41 to 0.59 on the test data, making it a reliable choice with good
stability. Meanwhile, MobileNetV2 shows less computationally demanding performance and is suitable for
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devices with limited resources, although its detection confidence is relatively lower (0.37-0.55) compared to
the other three models can be seen in Table 1.

Thus, YOLOV12 is the ideal model for implementing a service robot-based hand gesture recognition
system because it combines high accuracy with real-time speed. ResNet50 is more suitable for scenarios
requiring high classification accuracy, and EfficientNetB0 excels for applications that require a balance
between performance and efficiency. At the same time, MobileNetV2 can be optimized for portable
applications or devices with computing constraints. Thus, YOLOv12 is the most ideal model for implementing
a service robot-based hand gesture recognition system because it combines high accuracy with real-time speed.
ResNet50 is more suitable for scenarios requiring high classification accuracy, EfficientNetBO excels for
applications that require a balance between performance and efficiency, while MobileNetV2 can be optimized
for portable applications or devices with computing constraints.

Confidence Comparison of Three CNN Models in 5 Classes
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0.8 EfficientNet
—— MobileNet
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Figure 15. Test Results of 3 CNN Models

Table 1. Comparison of Data of 4 CNN Models

Gesture Confidence
YOLOv12 ResNet50 EfficientNetB0 MobileNetV2
1 0.70 0.8 0.59 0.41
2 0.67 0.65 0.51 0.39
3 0.65 0.69 0.43 0.45
4 0.75 0.61 0.5 0.54
5 0.8 0.65 0.41 0.38

4. CONCLUSIONS

This study demonstrates that applying the transfer learning method to the CNN architecture, particularly
with the development of the YOLOv12 model, significantly improves the effectiveness of real-time hand
gesture recognition in service robots. Unlike previous works that mainly applied YOLOvS or YOLOvV7, this
study introduces a modified YOLOv12 framework based on YOLOv8 weights, specifically optimized for
small-object recognition and robust inference in dynamic environments. The experimental results confirm that
the proposed model achieves a very high level of accuracy (mAP50 = 0.995, mAP50-95 = 0.784) with an
average inference speed of 1-2 ms per image, enabling real-time deployment. Compared with benchmark CNN
architectures such as ResNet50, MobileNetV2, and EfficientNetB0, YOLOv12 consistently demonstrated
greater stability under varying lighting conditions and achieved lower error rates, highlighting its superiority
for service-robot applications. The main novelty of this research lies in demonstrating, for the first time, that a
YOLOv12 modification can be effectively adapted for human—robot interaction tasks in higher education
environments. This contribution provides a strong academic foundation for integrating advanced transfer
learning models into intelligent robotic systems. However, the study also identifies limitations in bounding box
localization under extreme environmental variations, which emphasizes the need for further improvements.
Future work should focus on expanding the dataset with more diverse conditions, exploring attention-based
feature enhancement and BiFPN-based multi-scale fusion, and investigating edge-device deployment for on-
board processing. Moreover, integrating multimodal inputs (e.g., RGB-D sensors, wearable signals) and
applying federated learning approaches could enhance robustness, privacy, and scalability. Overall, this
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research not only validates the feasibility of YOLOV12 for real-time gesture recognition in robotic systems but
also opens opportunities for future applications in adaptive, intelligent services aligned with SDG 4 (Quality
Education), SDG 9 (Industry, Innovation, and Infrastructure), and SDG 11 (Sustainable Cities and
Communities).
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