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This study develops a mobile-based augmented reality (AR) application with
machine learning for elementary school students to enhance basic English
vocabulary learning. The application integrates an optimized YOLOV8
object detection model, designed to recognize 20 common classroom objects
in real-time. The model optimization involves replacing standard Conv
layers with GhostConv and the C2f block with the C2fCIB block that has
significantly improved computational efficiency. Evaluation results show the
optimized model reduces the parameters by 22.003% and decreases the file
size from 6.2 MB to 4.9 MB. The model performance improved by
achieving precision of 83.7%, recall of 73.5% and a mean Average Precision
(mAP) of 81.4%. The model was integrated into the Unity platform via the
Barracuda library, enabling real-time detection and interactive display of 3D
objects. This aplication also complete with English text, translations,
example sentences also audio pronunciation. 3D objects representing
classroom vocabulary were specifically created to support AR-based
learning. Performance testing on a Samsung Al4 showed an improved frame
rate of 6-12 FPS compared to the original model’s 5-10 FPS. These results
demonstrate that the optimized YOLO model effectively integrates with AR
technology, creating a more interactive and enjoyable vocabulary learning
experience.
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1. INTRODUCTION

In this era, technology in education has reached in very innovative level that allows learning to be
interactive such as artificial intelligence (Al), virtual reality (VR) also augmented reality (AR). AR approach
is gaining interest due to its ability to combine digital elements with the real world, enabling more direct and
interactive experiences [1], [2]. In primary schools, English language is essential to build foundational
language skills early, that enabling children to access global knowledge, improve literacy, cultural awareness,
and communication confidence [3], [4]. Elementary school students find that traditional English teaching
methods are boring and lacking interactivity [5]. With that, this research will combine deep learning
approach integrated into an AR application to support English vocabulary in one application. There is a lot of
deep learning models but in this research, the model used is you only look once (YOLOV8). YOLOVS is
known for its speed and accuracy in real-time object recognition [6]. Computational efficiency in the mobile
application will be improved by using GhostNet, which generates more features with fewer operations
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making it suitable for devices with limited resources and channel interaction block (CIB) to efficiently
extract key features and improve recognition accuracy without added complexity [7], [8].

AR based mobile application specifically designed to help students learn basic English vocabulary
by interacting with 3D objects that appear on their smartphone screens. Some features such as graphical
visualizations and audio pronunciations for each word are designed for students to learn in a more dynamic
and immersive way compared to traditional methods [9]. This research focuses on integrating deep learning
technology using the YOLOV8 model, which enables real-time object recognition with high speed and
accuracy [10], [11]. This research aims to develop a more effective and enjoyable learning process and help
elementary school students build strong English skills early on through an innovative and customized deep
learning technology approach.

Recent literature highlights opportunities to integrate deep learning models with AR to enhance
interactive learning. Saikumar et al. [12] successfully integrated the MobileNet model into AR applications,
achieving 85% accuracy and efficient real-time performance when running it on Augmented Reality.
Meanwhile, YOLO (You Only Look Once) models have demonstrated superior performance in real-time
detection compared to other approaches, as seen in YOLOv3 and YOLOvV4 studies, which showed high
accuracy but faced limitations in mobile computational efficiency [13], [14]. In the study of Lysakows et al.
[15] the YOLOvV8 model was integrated with Unity with a library called barracuda, resulting in 60% accuracy
on the COCO Dataset, motivated from there we want to explore the use of YOLOV8 more deeply by
changing some of its architecture.

To address these gaps, researchers explored enhancements using GhostNet and Channel Interaction
Block (CIB). Zeng et al. [16] and Ferdi et al. [17], combining YOLOvV11 with GhostNet obtained significant
results which had the advantages of better efficiency and smaller model size in object detection. In addition
to taking an approach to the backbone architecture, several studies have stated that YOLO performance
improvements can be improved by replacing several layers such as C2f Blocks which are replaced with
C2fCIB as in the research conducted by Akhmedov et al. [18] and Li et al. [19] using CIB gets increased
efficiency and without sacrificing accuracy, and produces lighter computation.

Motivated by these insights, this research explicitly addresses the identified gaps by optimizing
YOLOV8 architecture through integration with GhostNet and C2fCIB, aiming to balance computational
efficiency with high accuracy. Our contribution lies in developing a lightweight and efficient deep learning
model that can be seamlessly implemented into an AR-based application, enabling real-time, interactive, and
immersive English vocabulary learning for elementary school students.

2. METHOD

This research aims to develop an augmented reality (AR) application for mobile devices to assist
elementary school students in learning basic english vocabulary. This application will then be integrated
using deep learning object detection model which is YOLO to detect 20 common objects in classroom. The
experiments will be conducted to improve the model's performance. This research will proceed in two main
steps. The first step is to build a modified YOLO to ensure the model is well prepared for an effective object
detection. Then the second step involves integrating the YOLO model with Unity which will lead to the
development of AR application. Figure 1 shows the general flow of our research.

Building a Customized Model Integration Augmented Reality
YOLO Model with Unity Application

Figure 1. The general flow of research

2.1. Building a modified YOLO model

The development of this modified YOLO model will focus on being able to detect 20 common
objects found in the classroom, such as tables, chairs, blackboards, bookshelves, clocks, wall magazines,
trash cans, erasers, sharpeners, pens, books, rulers, scissors, fans, laptops, bags, remote controls, pants, shoes,
and hats. This process will include several main steps, starting from data preparation consisting of data
collection, data annotation, data pre-processing, and data splitting. The next step is building our proposed
model architecture, followed by model training and model evaluation. Figure 2 below shows the development
flow of the our proposed model.
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Figure 2. Development flow of the modified YOLO model

2.1.1. Data preparation

In this study, when preparing data to build an object detection model consists of four main stages,
starting from data collection, data annotation, data preprocessing, and data splitting. In the data collection
stage, we collected 4,000 images using manual methods such as photography and image data collection using
the help of a web search engine with 20 different classes. Each class consists of 200 images and the images
collected only contain images that are often found in the classroom, to ensure that the image data is relevant
to the AR application. After that, the collected images are labeled for annotation using the computer vision
annotation tool (CVAT), where bounding boxes are created around the desired objects and assigned to their
respective classes, to ensure accurate identification and classification [20]. In the data preprocessing stage,
all images are resized to 224x224 pixels as the requirements of the model used, and the bounding box
coordinates are recalculated to maintain the exact location of the object. The final step is to split the dataset
into training, validation, and testing, with 80% allocated for training data and the remaining 20% divided into
validation data and testing data taken as 20% of the validation data

2.1.2. Building proposed model architecture

In this step, we conducted experiments on the YOLOV8 model by replacing several layers in the
backbone and neck. First, we replaced the standard convolutional (Conv) layer with GhostConv, this
modification aims to reduce the number of parameters and computational cost without sacrificing model
performance [21]. This is because GhostConv block works by generating more feature maps from cheap
operations, called ghost features, making it suitable for devices with limited data resources [17], [22].
Furthermore, we made modifications by replacing the YOLOv8 C2f block with C2fCIB which aims to
improve the efficiency of feature extraction, with the aim of maintaining detection accuracy even though
using lighter computation [8], [23].

The purpose of making these two modifications is to develop an object detection model that ensures
a balance between accuracy and speed. Additionaly, these improvements ensure that the model can work
optimally on mobile devices that have limited computing resources. The architecture of our proposed model
is shown in Figure 3, where changes are shown in the square-shaped blocks.
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Figure 3. Proposed model architecture

Efficient object detection for augmented reality based english learning with ... (Arya Krisna Putra)



1192 0O ISSN: 2502-4752

2.1.3. Model training

At this stage, YOLO model training uses previously defined hyperparameter values, while other
parameters use default values provided by the framework. The values of the hyperparameters used in training
this model are presented below in Table 1.

Table 1. Hyperparameter setting for experiment

Hyperparameter Value
Epochs 100
Batch Size 16
Learning Rate 0.001
Image Size 224 x 224
Optimizer AdamWw

2.1.4. Model evaluation

At the performance evaluation stage of the developed YOLO model, a comprehensive evaluation
was carried out using various metrics to ensure the accuracy and efficiency of the model. The most important
evaluation is the mean average precision (mAP), which indicates the overall accuracy of the model in
detecting objects [24]. In addition, other evaluation metrics such as recall and precision were analyzed to
assess the model's ability to detect objects while minimizing errors during detection [25]. The number of
parameters of the model was also evaluated to provide insight into the complexity of the model and the need
for computing resources [26]. The combination of these metrics will certainly provide a detailed picture of
the model's performance in calculating accuracy, speed, and resource efficiency.

2.2. Model integration with Unity

After the best YOLO model was developed through training and performance evaluation, the next
step was to incorporate it into a mobile application built using Unity. Unity was chosen because of its ability
to create interactive applications, support real-time data transmission, and facilitate the integration of 3D
elements [27]. In addition, Unity allows the implementation of augmented reality (AR) technology to
combine object detection results with virtual visualization elements directly in the real environment, which
enhances the user experience [28].

The application starts by turning on the camera for taking a picture of the surrounding environment.
Then, the YOLO model processes the image to find the objects present. Once the application detects an
object, a button appears that the user can press to start an AR visualization based on that object. The
application displays a 3D object of the detected object, which can be moved to increase user interactivity.
In addition, text will appear with the name of the object in Indonesian and its meaning in English, as well as
examples of the use of these words in English sentences. A more interactive and immersive learning
experience occurs when users listen to example sentences by playing audio. This method ensures a smooth
integration between object detection models, AR visualizations, and in-app learning features. Figure 4 shows
the complete application flowchart.
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Figure 4. Application flow diagram

3. RESULT AND DISCUSSION

In this section, the findings from the experiments conducted during the research are presented. Our
key findings indicate that replacing standard Conv layers with GhostConv and C2f blocks with C2fCIB
improves efficiency significantly while maintaining detection accuracy. This includes the detailed analysis of
the performance of modified YOLO model also the results of integrating the model into a Unity based
application. All findings are discussed to give a comprehensive understanding and system's capabilities in
order to receive the research objectives.
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3.1. Performance of modified YOLO

This section presents the performance analysis of the modified YOLO model. Focusing on its
effectiveness and efficiency to detect an object in a classroom. The experiment setup involves the use of
Google Colab with a Tesla GPU to ensure the optimal processing capabilities. Dataset used for training and
evaluation consisted of 4,000 images of common objects in the classroom, which is underwent certain the
pre-processing steps to improve the performance of the model created. We evaluate the modified YOLO
model using several key metrics such as precision, recall and mean Average Precision (mAP). We compare
our proposed model with the base model YOLOv8n, as well as with the YOLOv8n + GhostNet and
YOLOv8n + C2fCIB models to evaluate the impact of using the GhostNet and C2fCIB blocks on the model
performance. The results of this evaluation are summarized in this Table 2.

As we can see in the evaluation results, the proposed model has a total of 2,351,388 parameters
which is 22.003% fewer compared to the base YOLOv8n model with 3,014,748 parameters. Although the
proposed model have more compact architecture, but the proposed model has successfully improves
performance metrics with precision, recall, and mAP compared to the baseline model. The file size of the
proposed model also decreased to 4.9 MB, 1.3 MB smaller than the baseline model's file size of 6.2 MB.
While YOLOv8n + C2fCIB shows higher accuracy with advantages in recall and mAP, the proposed model
excels in the lightweight category. With a smaller number of parameters, approximately 8.43% smaller, and a
smaller file size about 7.55% of YOLOv8n + C2fCIB, the proposed model becomes a more efficient choice
for resource-constrained devices. The reduction in model size and parameter count directly translates into
better performance on mobile devices, enhancing interactivity and responsiveness in educational settings.
Figure 5 presents the performance evaluation of the proposed method. Specifically, Figure 5(a) shows the
recall-confidence curve, Figure 5(b) illustrates the precision-confidence curve, Figure 5(c) shows the
precision-recall curve, and Figure 5(d) displays the F1-confidence curve. Meanwhile, Figure 6 shows the
comparison of training and validation loss during model training, where Figure 6(a) represents the bounding
box loss (box_loss), Figure 6(b) illustrates the classification loss (cls_loss), and Figure 6(c) shows the
distribution focal loss (dfl_loss).

Table 2. YOLO model performance comparison

Method Number of Precision Recall mAP  File Size  Training time
Parameters (%) (%) (%) (MB) (hours)
YOLOV8n (Based Model) 3,014,748 82.9 69.7 80.2 6.2 0.788
YOLOV8n + GhostNet 2,798,364 82.9 734 81 58 0.757
YOLOv8n + C2fCIB 2,567,772 82.3 76.7 82.9 53 0.798
YOLOvV8n + GhostNet + C2fCIB 2,351,388 83.7 735 81.4 49 0830

(Proposed Model)

Confidenc

©) (d)
Figure 5. Performance of proposed method: (a) recall-confidence curve, (b) precision-confidence curve,
(c) precision-recall curve, and (d) F1-confidence curve
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Figure 6. Comparison of training and validation loss during model training: (a) bounding box loss (box_loss),
(b) classification loss (cls_loss), and (c) distribution focal loss (dfl_loss)

Although the proposed model showed a reduction in the number of parameters and the size of the
model weights, the training time was slightly longer. Based on research conducted by Shah et al. [26], the
length of training time is not always directly proportional to the number of parameters or the number of
layers present in the model. For example, convolutional layers usually require more operations than dense
layers, although the time per epoch for dense layers tends to be greater than that for convolutional layers. In
other words, a model that has a smaller number of parameters or a simpler layer structure does not
necessarily guarantee a shorter training time.

3.2. Model integration with Unity

Once the best YOLO model has been developed, the next step is to integrate the model with Unity
to create an augmented reality (AR) application that can recognize objects in real-time. This integration
allows the application to capture and detect objects in the user's environment through camera input, and
display relevant 3D elements based on the detected objects. Figure 7 shows the integrated application, where
Figure 7(a) shows the object detection process and Figure 7(b) shows the details of the object using
augmented reality.

(b)
Figure 7. Result of integration: (a) object detection with YOLO and (b) augmented reality integration

Our model has been successfully implemented on a Samsung Al4 5G mobile device which
performs quite well. The hardware specifications of the mobile device that contribute to the model
performance are detailed in Table 3.
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The test results show that the based model has a frame per second (FPS) of 5-10, while the proposed
model achieves 6-12. With such FPS results, this application is capable of providing a smooth and responsive
user experience, enhancing user interaction with the displayed AR elements. The Table 4 summarizes the
FPS results among the models.

Table 3. Mobile device spesification

Spesification Detail
(O] Android 14
Chipset Mediatek Dimensity 700 (7 nm)
CPU Octa-core (2x2.2 GHz Cortex-A76 & 6x2.0 GHz Cortex-A55)
GPU Mali-G57 MC2

Table 4. Comparison of FPS for each model

Method Frame per second (FPS)
YOLOvV8n (based) 5-10
YOLOv8n + GhostNet 5-11
YOLOv8n + C2fCIB 5-11
YOLOvV8n + GhostNet + C2fCIB (Proposed Model) 6-12

With this integration, the application can recognize objects in real-time. From camera input convert
them into interactive visual representations of 3D objects. The application also includes text descriptions that
explain the object's name in Indonesian and its meaning in English, as well as the examples how the word
used in sentences. With this feature the users not only can see the detected objects but also understand the
context and meaning of those objects. This application not only provides an engaging visual experience but
also supports more effective and interactive learning process for users especially students.

4. CONCLUSION

In conclusion, our optimized YOLOV8 model significantly reduces computational complexity while
maintaining accuracy, proving highly effective when integrated into AR-based mobile learning applications
for elementary education. The development of this application integrates the modified YOLO object
detection model with Unity to create a more interactive and immersive learning experience. Modifications to
the YOLO model were made by replacing the Conv layer with GhostConv and the C2f block with the
C2fCIB block in the YOLOVS8 architecture. These changes succeeded in reducing the number of model
parameters by 22.003% (from 3,014,748 to 2,351,388 parameters) and reducing the model file size from 6.2
MB to 4.9 MB from the based model. Despite a slight increase in training time, the proposed model showed
improved performance in terms of precision by 83.7%, recall by 73.5%, and mAP by 81.4% compared to the
basic YOLOv8n model.

The integration model with Unity resulted in an AR application that was able to detect 20 common
objects in the classroom in real-time. This application not only displays a 3D representation of the detected
object, but also provides a text description in Indonesian and its translation in English, complete with
example sentences and audio to reinforce learning. Testing on a Samsung A14 mobile device shows that the
proposed model performs better with a frame rate of 6-12 FPS, compared to the base model which only
reaches 5-10 FPS. This proves that the proposed model is more efficient and responsive in a mobile device
environment. Future research should consider incorporating additional optimization techniques such as
quantization or pruning to further enhance the model's efficiency on resource-constrained devices.

Overall, the developed application has succeeded in increasing the effectiveness and interactivity in
the English learning process for elementary school students. The integration of optimized YOLO architecture
into an AR-based educational tool demonstrates that deep learning can significantly enrich English
vocabulary learning by making it interactive, effective, and highly accessible. The optimized YOLO model
has proven to be lighter and more efficient, and can be effectively integrated with the AR platform to provide
a fun and educational learning experience.
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