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Abstract. Currently, there are many methods available in the use of Deep Neural Networks
(DNNs), but most of them really need devices that support high-level GPUs to get
maximum results, and in this study aims to get good results by using devices that do not
require the use of GPUs. Therefore, in this study, MobileNetV2 is used as a model used
for DNN where this model is very easy to use without having to have a GPU. And the
study has results that show that the DNN model using MobileNetV2 is able to distinguish
objects with an average accuracy of 98.30%, precision of 98.70%, and recall of 98.90%.
These findings have the potential to have a significant impact on various fields and
industries, or on the game of Chinese chess, because the dataset used in this study is
Chinese chess.
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1 Introduction

Object recognition is one of the main challenges in the field of computer vision, the need for
object recognition models is becoming mainstream, especially for devices with low computing
levels [1]. Deep Neural Networks (DNNs) have shown outstanding performance in object
recognition [2]. However, DNNs often require large computing resources, which makes them
less ideal for resource-constrained devices such as devices that do not have GPUs. Therefore,
the main goal of this study is to develop a Deep Neural Network (DNN)-based recognition
model that can recognize objects. This research leverages Tensorflow 2, a software that has been
improved in performance and scalability [3], as well as the use of Roboflow as a data labeling
medium, which has tools to allow users to quickly train computer vision models without the
need to write complex code [4], as well as the application of the MobileNetV2 architecture when
trained with Tensorflow 2 and data prepared using Roboflow can generate object recognition
models.

According to a study conducted by Tej Bahadur Shahi et al [5], the researchers compared several
models, such as DenseNet-121, NASNetMobile, VGG-16, MobileNetV1, InceptionV3, and
MobileNetV2, for the classification of fruit images. Of the six models, MobileNetV2 showed
the best performance with a stable classification accuracy of 95.75% in Dataset 1, 96.74% in
Dataset 2, and 96.23% in Dataset 3. These results show that MobileNet V2 is not only efficient
in terms of speed and resource usage, but also excels at delivering consistent and accurate results
on various image classification datasets.

However, in this study, the dataset used was Chinese chess, because this study was interested in
classifying characters in Chinese chess. According to research conducted by Dedy Arisandi et
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al., who explained that Chinese chess has quite complex contours, strokes, and character
patterns, so that Chinese chess characters are quite difficult for new learners to recognize, so
that in the research he conducted using the Backpropagation and Direction Feature Extraction
(DFE) methods, he can achieve 98% accuracy with various data augmentations, one of which
is rotation up to 60° [6]. Then in the research conducted by Yang Lei et al., who explained that
in the study using MobileNet embedded in the Xavis platform which is an X-ray Automatic
Vision System, which is combined with a robot arm to realize the recognition of Chinese chess,
from this research the results were obtained that MobileNet has good chess classification
capabilities [7]. Therefore, this research contributes to the development of an object recognition
system using DNN generated using TensorFlow 2 and MobileNetV2, which is designed to be
able to recognize objects with a high level of accuracy without having to have a GPU, as well
as utilizing Roboflow as a platform for dataset labeling, and the research also succeeds in
optimizing system performance without sacrificing accuracy.

2 Methods

The purpose of this study is to develop a DNN-based object recognition model to recognize
objects by using TensorFlow 2 technology for model creation and training, Roboflow for dataset
management, and MobileNetV2 as a model architecture. In this method, there will be several
steps, ranging from data collection training, image classification, model training, system model,
to method evaluation. And in this study, there is already a dataset that has 8600 images, with
Chinese chess objects.

2.1 Training Data Collection

In this study, the process of collecting datasets was carried out by taking image samples on each
type of character in Chinese chess. The goal is to group and identify predetermined objects. This
process uses Machine Learning (ML) algorithms to analyze visual features in images and
determine the most appropriate class category [8]. Image classification has various important
roles in this research [9], [10], namely in the recognition of shapes in each type of character in
Chinese chess. A dataset is a grouped image, as shown in Figure 1. The dataset in this study has
8600 images, each containing 1075 images which are then labeled according to what has been
determined. To help computers recognize data in the Deep Learning process [11], [12], an
annotation process is required. This process is the labeling of information on the dataset to be
used. Once the annotation process is complete, the data will be used to train the model using the
MobileNetV2 architecture. Thus, the computer can learn and understand the data to perform the
requested task.
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Fig. 1. Building Datasets
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2.2 Image Classification

In this study, image classification is a very important part of image processing [13]. Therefore,
classification has an important role in finding similar images in a dataset, or in new data. Figure
2 is the process of the image classification system used in this study. The process of an image
classification system involves several steps, from taking pictures to visualizing the results. This
includes capturing images, then classifying them using the MobileNetV2 model, then predicting
the outcome, and visualizing the outcome.

Fail

Fig. 2. Image Classification System Process

2.3 Model Training

In this study, TensorFlow was used to process MobileNetV2 [14]. It then retrains the model
with new data, resulting in a classifier with fast calculations and good accuracy. TensorFlow
provides many models that have been trained with Common Object in Context (COCO)
datasets. The model has its own speed and accuracy level, according to the model architecture
[15]. MobileNetV2 uses a fundamental convolution block known as "Inverted Residual”, which
consists of a cascade of layers to improve computational efficiency and parameter optimization
in the network [16]. As depicted in Figure 3, the MobileNetV2 architecture starts with an initial
convolution that accepts inputs measuring 224x224x3, using depthwise separable convolution,
global average pooling, and fully connected layers for final classification.
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Fig. 3. MobileNetV2 Architecture
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This research is continued by adopting the MobileNetV2 architecture to train the model. The
training process is conducted on the IntelNuc platform. In the training configuration, a total of
20 iterations are used. Each iteration involves 128 images being processed in a batch to update
the model's weights [17]. The images used in the training are 224x224 pixels in size [18]. In
addition, in the training process, augmentation was added where the image can experience a
maximum rotation of up to 15 degrees, a maximum hue of up to 15 degrees, saturation of up to
25%, brightness of up to 15%, and exposure of up to 10%, which can be seen in figure 4. This
step helps increase the variety of data used in training. To ensure the accuracy of the model, the
validation data is separated by 20% of the total available data. This allows the model to evaluate
data that has never been seen before.

Fig. 4. Augmentation Dataset

2.4 System Model

To be able to perform high accuracy and fast detection, researchers took several steps. First,
prepare the dataset that has been grouped, after that set up the data generator to train, and in the
third step this is the important point, namely building the MobileNetV2 model which is the most
important architecture in this research. Next is to train the data, after the train process on the
data is completed, it is necessary to store it on the model, which can be observed in the system
flowchart of the Chinese chess object classification system in figure 5.
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Fig. 5. Flowchart of the Chinese Chess Object Classification System
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2.5 Method Evaluation

In the evaluation stage, this study aims to validate the resilience of the image classification
model. Model resilience analysis is important to ensure that the model can continue to perform
well in a variety of real-world situations [19]. In this study, the evaluation method used includes
several scenarios such as correct classification, one point missing, two points missing, three
points missing, and the order of exchanged points [20].
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Fig. 6. Confusion Matrix

As seen in Figure 6. Confusion Matrix is used to obtain accuracy, recall, and precision values
[21]. Here are the parameters used to decide these values:

1)
2)
3)

4)
5)

6)

7

True Positive (TP) is when the true value is expressed as Positive and predicted also as
Positive.

True Negative (TN) is when the actual value is expressed as Negative, and the
prediction is also as Negative.

False Positive (FP) is when the value is Negative but predicted as Positive.

False Negative (FN) is When the value is Positive but predicted as Negative.
Accuracy is a total calculation of how correct an object is across frames when
undergoing a detection model. The accuracy calculation formula can be seen in
equation (1).

TP+ TN
Accuracy = TP+IN+FP+FN (D

Precision is the total of all correct predictions versus all results predicted by the
system. In this parameter precision will decide what number of objects are declared
correct out of all the number of objects declared by the system. The precision
calculation formula can be seen in equation (2).

Precision = % 2)
Recall is the total correct estimate compared to all actual results. Recall becomes a
determining parameter of the object that will be declared correct from the entire actual
object. The recall calculation can be seen in equation (3).

TP
Recall = TP+FN 3)
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The Loss function or cost function is used to measure the error between the predicted value and
the actual value [22], [23]. Typically, the loss function is used as a learning criterion in
optimization problems. In the context of DNN, diverse types of loss functions can be used to
deal with regression and classification problems. The goal is to minimize prediction errors. One
commonly used loss function in classification tasks, called cross entropy loss, evaluates the
difference between the probability distribution predicted during training and the actual
distribution [24]. This function compares the prediction probability with the actual output value
(O or 1) in each class and calculates the penalty based on the distance between them. This penalty
is logarithmic, so this function assigns a lower value (0.1 or 0.2) for minor differences and a
higher score (0.9 or 1.0) for larger differences [25].

3 Results

In this section, the researcher will discuss the results of his research. What will be discussed
starts from the learning curve of the model training process. Then display and discuss the results
of the confusion matrix, followed by displaying and also briefly discussing the output of the
classification system carried out on random data.

Training and validation accuracy
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Fig. 7. Accuracy Data Training Graphs
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Fig. 8. Loss Data Training Graphs
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Training graphs visualize the learning journey of the model from the beginning to the end of the
training process. The main purpose of looking at the training graph is to identify, whether the
model is overfitting or underfitting. The results of the data training test are shown in the figure
above which is a graph at the time of data training. This graph is obtained when the model
studies a dataset of images that have been grouped. And if based on the graph above, the results
of the score are obtained by carrying out 20 iterations for the data that has been studied. Figure
7 shows that the model can achieve an accuracy value of 0.96, while the validation value is 1.00.
And next in Figure 8 shows that the model can achieve a loss value of 0.09, while the validation
value is 0.01. These results give an indication that the model is able to generalize well and can
classify never-before-seen data with a high degree of accuracy.

Confusion Matrix
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Fig. 9. Confusion Matrix Of The Classifier Under Test

Figure 9 shows the confusion matrix of the classifier tested. Based on the matrix, MobileNetV?2
has a good level of classification, where there are not many errors and very few errors. From
this confusion matrix, an in-depth evaluation can be carried out, starting from getting an
accuracy value, which is how accurate the learning results are when evaluated with a confusion
matrix, there is also a precision value, which is how precise the learning results are when
matching the data taken and there is also a recall value, which is how high the success rate of
the learning results is when a test is carried out to find information on the a system. However,
it is also important to note that MobileNetV2 requires data augmentation to achieve high
accuracy when used.
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Fig. 10. Shows The Output Of The Classifier Under Test

In Figure 10, it can be seen that the classification obtained using MobileNetV?2 is quite accurate
and can be run even with a PC or laptop that does not have a GPU, as done by this study that
uses IntelNuc as the medium to process and run the system. The average accuracy obtained with
MobileNetV2 is 98.30% and for the average precision obtained with MobileNetV2 is 98.70%,
and for the average recall obtained with MobileNetV2 is 98.90%.

4 Conclusion

This study has demonstrated the application of convolutional neural networks in object detection
for the problem classification of Chinese chess objects in manipulation robots. Inspired by the
Tensorflow Object Detection API, the classifier is trained from collected datasets labeled using
Roboflow. The results of the experiment show that the model with MobileNetV2 as a feature
extractor produces 98.30% accuracy, 98.70% precision, and 98.90% recall. And, in terms of
size and speed, MobileNetV2 is a very easy-to-use architecture without having to have a GPU.

5 Footnotes and Acknowledgements

Footnotes. For future researchers, it is recommended to include other objects that are often seen
in Chinese chess, and to collect more data on the objects to be used, as well as to perform enough
data augmentation for classifiers, as it can further improve better results and can reduce system
confusion.
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