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1. INTRODUCTION

Image recognition refers to the process of identifying and categorizing objects within an image. This
technology supports a wide range of applications, including facial recognition, autonomous vehicles, medical
diagnostics, and retail analytics [1]-[6]. The field has advanced significantly due to increasing computational
power, the availability of extensive datasets, and breakthroughs in machine learning. This technique, used in
computer vision and image processing, has evolved from traditional machine learning methods to
sophisticated deep learning approaches. Various methods and approaches have been developed for image
classification, ranging from traditional machine learning techniques to advanced deep learning models.
Convolutional neural networks (CNNs) are the cornerstone of modern image recognition systems.

A CNN is a type of deep learning model specifically designed for analyzing structured grid data
such as images [7]-[9]. A CNN is a mathematical construct that generally consists of three types of layers
(or building blocks): convolution, pooling, and fully connected layers. The first two layers, the convolution
and pooling layers, perform feature extraction, while the third layer, the fully connected layer, maps the
extracted features into the result, such as classification. A convolution layer plays an important part in CNN,
which is constructed of a stack of mathematical operations, such as convolution, a specialized sort of linear
operation [7]. CNNs are particularly effective for tasks like image classification, object detection, and image
segmentation due to their ability to learn spatial hierarchies of features automatically and adaptively
[10]-[12]. The motivation for using CNNs in image classification stems from their ability to automatically
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and adaptively learn spatial hierarchies of features through backpropagation. This reduces the need for
manual feature engineering and significantly improves classification accuracy.

In parallel with advancements in image recognition, sign language recognition (SLR) has emerged
as a critical application of deep learning, aiming to bridge communication gaps for the deaf and hard-of-
hearing communities. In Indonesia, Indonesian sign language system (SIBI) serves as the formal sign
language used in educational and governmental contexts. Despite its standardized status, research on SIBI
recognition remains limited, especially in terms of publicly available datasets and deep learning models
tailored to its unique linguistic characteristics.

Recent studies have begun to explore the application of deep learning techniques, such as CNNs and
hybrid models for recognizing both static and dynamic SIBI signs. However, these efforts are relatively
modest in scale and scope. In contrast, sign languages such as American sign language (ASL) [13], Indian
sign language (ISL), British sign language (BSL), and bahasa isyarat Indonesia (BISINDO) [14], [15] have
been studied more extensively. ASL has received significant attention, supported by large-scale datasets and
the adoption of advanced architectures including CNNs, long short-term memory (LSTM) networks, and
Transformer-based models for both isolated and continuous sign recognition. To contextualize the current
study, Table 1 compares recent efforts across various sign languages, summarizing the key contributions and
highlighting the novelty of this work in advancing SIBI-based recognition.

Table 1. Comparison of related studies in SLR

Reference  Model/technique  Language/ Task type Dataset Accuracy Notes
dataset properties

[14] CNN+LSTM BISINDO, Recognition 10 BISINDO CNN: 96%  Metrics: accuracy,

Video (static) signs (2 letters  accuracy/18% loss  loss, word error rate
+ 8 words), LSTM: 86% (WER), character
720 p video accuracy/41% loss error rate (CER
used for testing  CNN+LSTM: 96%
accuracy/17% loss

[15] Hidden Markov  BISINDO Data 25 BISINDO  Accuracy ranges from Data labeled per
model (HMM) acquisition root words 56% to 76% frame
with  Gaussian using - Training/testing
densities Microsoft split using K-Fold

Kinect Xbox (K=10)
(skeleton
tracking)

[16] 3D-CNN, SIBI Sequence-to- 3,006 original Average WER across Combined 3D-CNN
bidirectional sequence videos of 30 models: 88.79% (for spatial-
recurrent neural recognition sentences  in temporal feature
network (Bi- task. SIBI extraction) and Bi-
RNN), GRU, RNN (for sequence
SoftMax, CTC modeling)
loss

[17] CNN ASL Static sign  -1. Public  Dataset 1 [18]:  Captured with

language Dataset 1:  accuracy =99.41%, laptop/smartphone
alphabet 52,000 images loss =0.0204 cameras
recognition 2. Public  Dataset 2 [19]:
Dataset 2:  accuracy =99.48%,
62,400 images loss =0.0210
3. Custom ASLA (custom
ASLA Dataset:  dataset): accuracy=
104,000 99.38%, loss =0.0250
images
This Custom CNN SIBL 26 StaticSign 5,280 1images 97.58% for training New dataset; high
work letters recognition of 26 letters and 100% for accuracy after
(static) validation. training

A significant portion of SLR research has utilized computer vision while the majority of SLR
research employs vision-based methods using RGB images or videos, recent advancements have also
introduced sensor-based approaches. These leverage tools such as the leap motion controller (LMC) or
wearable gloves to capture fine-grained, three-dimensional motion data. Such systems offer benefits
including high temporal resolution, depth sensing, and real-time feedback, making them well-suited for
dynamic gesture recognition and embedded deployments. Some studies, for instance, applied extreme
learning machines (ELM) and meta-learning techniques to recognize two-handed Turkish sign language
(TSL) gestures using leap motion [20], [21]. Others have focused on optimizing SLR systems for low-power
edge devices, demonstrating the potential for portable and efficient sensor-driven SLR [22]. Despite their
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strengths, sensor-based systems often rely on specialized hardware, limiting accessibility in educational or
resource-constrained settings. By contrast, the present study proposes a vision-based CNN model that
operates solely on RGB images, eliminating the need for external sensors. This approach offers high
classification accuracy while remaining cost-effective and scalable making it particularly suitable for
deployment in schools, public institutions, and inclusive communication environments across Indonesia.

The purpose of this research is to develop the Indonesia sign language SIBI image recognition
system by using CNN architecture. Sign language is a vital communication method for the deaf and hard-of-
hearing community [18], [23], [24]. Automatic SLR systems can facilitate seamless communication,
enhancing accessibility and inclusivity [19], [25], [26]. The study introduces a CNN architecture specifically
optimized for recognizing SIBI. Unlike generic CNN models, the proposed architecture is fine-tuned to
handle the unique characteristics of SIBI signs, ensuring higher recognition accuracy and robustness. The
primary contributions of this work include the design of an efficient CNN architecture tailored for SLR
systems and the creation of a robust dataset for training and evaluating the model.

2. METHOD

This section will be described the method to collect, preprocess, and process data that we used. This
system purposed is using CNN that consists of multiple layers, including convolutional layers, pooling layers,
and fully connected layers. The diagram of this research methodology is shown in Figure 1. All experiments
were conducted locally on a MacBook Air (2020) equipped with a 1.1 GHz Quad-Core Intel Core i5
processor, 8 GB LPDDR4X RAM, and Intel Iris Plus integrated graphics. The development environment
included Python 3.9 and TensorFlow 2.10, along with supporting libraries such as Keras, NumPy, OpenCV,
and Matplotlib. Model training and evaluation were performed in a Jupyter Notebook environment without
GPU acceleration. As such, computational time varied based on background processes and system load, and
precise benchmarking was not the focus of this study.

The convolution layer, a crucial component of the CNN, applies a convolution operation to the output
of the preceding layer. This process forms the core mechanism of the CNN, enabling it to learn and extract
essential features from input data. Convolution, in this context, involves repeatedly applying a set of learnable
filters to capture spatial patterns, such as edges, shapes, and textures, which are critical for classification and
recognition tasks. This iterative process is illustrated in Figure 2.

I Data Collection I Convolutional Neural Network (CNN) ‘
Input Spatial Feature Extraction Flatten Layer Softmax Output:
of Hand Shape and Movement Learn High-Level Predicted Sign Class

Gesture Representations

| Data Preprocessing ] Pookng O‘
Flatten ™/, .\(A\.
s | - Layer Ok e ﬂ D
e X0
N\

N et
I Create and train the Model I |  Convolution LA g
E— RelLU Flatten

Indonesian Sign Layer Fully Sof@max Qulput:

Language Image Connec ted Predicted Sign Class
Layer
n J L ]
| Evaluation |
Feature Extraction Classification
Figure 1. Diagram for Figure 2. Convolutional neural network structure

research methodology

2.1. Data collection

Data collection was carried out to obtain the information needed to achieve the objectives of the
study. This phase begins by downloading the SIBI dataset from Kaggle and storing it in the local directory.
This research utilizes the SIBI dataset of Indonesian sign language. SIBI is used because nearly all formal
educational institutions that implement sign language utilize this form of sign language [27]. The SIBI
dataset contains 5,280 images of static pose Indonesian sign language across twenty-six (26) categories of
alphabets. Example images from the dataset are shown in Figure 3. The dataset, which is available on
Kaggle, has a size of 2.7 GB. There are approximately 102 to 104 images per alphabet character in standard
RGB format. A white paper is placed behind the hand sign as a background. Among the 5,280 images, we
used 3,696 images (70%) for the training set, and 1,584 images (30%) for the validation set. The training
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dataset is used to train the model while the validation dataset is used to monitor the working of the model
which is not used during the training data. The validation dataset also helps to check whether the model is
overfitting or not.

Figure 3. Example of dataset SIBI sign language

2.2. Data preprocessing

Image processing is a method that converts an image into a computer algorithm computation, this
image processing technique is used for computers to find out the information in an image that has been done
feature extraction process. The steps of the image processing technique are as follows [28]:

—  Input images that have been taken through the scanner process or through the photo process directly.

—  After inserting the image, the image analysis and manipulation process will be carried out, which
consists of improving image quality, compressing image data, and designing image patterns.

—  After the image pre-processing process, the image data will be converted back into an image that will be
used in the classification process.

Data preprocessing is a crucial step in preparing your dataset for training a CNN. Proper
preprocessing helps improve the quality and performance of your model. This phase begin by downloading
the SIBI dataset from Kaggle and store it in the local directory. After extracting the contents, we assign
variables with the file path for training dataset and validation data set. We assign variables with the file path
for the training dataset and validation data set after extracting the contents. After establishing a 70% training
dataset and a 30% validation dataset ratio, we save the photographs in various folders. The CNN model is
trained using the train dataset. After making a set of predictions, the model was evaluated using the
validation dataset. The next stage is to use the ImageDataGenerator class that tf.keras provides to decode the
contents of these sign language images and transform them into floating point tensors. Data that has been
divided into training data and validation data is then preprocessed such as rescale, rotation, and flip.

The purpose of this flipping process is to make padding easier when it is running in each process. At
the next preprocessing stage, the rotation process is carried out where the face image will be rotated from the
left or from the right. The scaling process stage will also be applied in the training set, with the aim that later
neural networks can learn the features of the original scale.

2.3. Create and train the model

The structure of CNN used in this research shown in Figure 4. Pooling layers are responsible for
reducing the dimensionality of feature maps, specifically the height and width, preserving the depth [29].
Max pooling outputs the maximum value of the elements in the portion of the image covered by the filter.
Max pooling is better at extracting dominant features and therefore, considered more performant [30]. During
the training process, the CNN is trained on a dataset and then evaluated on a separate validation dataset to
monitor its performance. At this stage, a convolution operation is performed between the input matrix and the
filter matrix. These filters will be shifted repeatedly over the entire image area, producing a feature map
matrix as output. This feature map matrix can be calculated using the (1).
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_ Min—k+2p
Noue = (222 4 1) (1)
Where n,,,; is feature map size; n;, is matrix input size; p is padding’s size; and s is stride.

In (2) is the convulsion operation formula of CNN:
FM[i]j,k = (Zm Zn N[j—m,k—n] f[m,n] + bF) (2)

Where FM[i] is feature map matrix I; N is input image matrix; F is convolution filter matrix; bFis bias value in
filter; j, k is pixel position in the input image matrix; and m, n is pixel position in the convolution filter matrix.

After the convolution process is complete, the next step is to apply an activation function using the
rectified linear unit (ReLu). The ReLU layer, or rectified linear unit layer, can be thought of as a thresholding
process or activation function in artificial neural networks [31], [32]. Each pixel in the feature map will be
input to the ReLU function, where pixels with values less than 0 will be converted to 0. The formula used for
ReLU is f(x) = max (0, x).

Model: "sequential"

Layer (type) Param #

conv2d (Conv2D) (None, 148, 148, 32)

max_pooling2d (MaxPooling2 (None, 74, 74, 32)
D)

conv2d_1 (Conv2D) (None, 72, 72, 64)

max_pooling2d_1 (MaxPoolin (None, 36, 64)
g2D)

conv2d_2 (Conv2D) (None, 34, 128)

max_pooling2d_2 (MaxPoolin (None, 17, 128)
g2D)

conv2d_3 (Conv2D) (None, 15, 15, 256)

max_pooling2d_3 (MaxPoolin (None, 7, 7, 256)
g2pn)

dropout (Dropout) (None, 7, 7, 256)

flatten (Flatten) (None, 12544)

dense (Dense) (None, 1024) 12846080
dense_1 (Dense)

Figure 4. Structure of conv CNN

2.4. Evaluation

This phase is to evaluate the accuracy of a CNN on both the training and validation datasets using
TensorFlow/Keras and PyTorch. This process involves training the model, evaluating it on both datasets, and
optionally plotting the accuracy values to visualize the model’s performance over time. When evaluating a
CNN, accuracy is a key metric that indicates the proportion of correct predictions made by the model out of
all predictions.

3.  RESULTS AND DISCUSSION

This section describes the results obtained from the implementation and discussion of the image
recognition of sign language using the CNN. The results shown are the results of preprocessing, data
modeling and training, and evaluation. The results are divided into accuracy testing and data loss testing.

3.1. Training and validation accuracy

The model is composed of four convolution blocks, as summarized in Figure 4, each of which has a
max pool layer and is triggered by a ReLu activation function. The model begins with the first convolutional
layer (conv2d), which employs 32 filters to extract initial features from the input images. This layer produces
feature maps with dimensions of 148x148 and 32 channels. Next, the model includes a second convolutional
layer (conv2d 1) with 64 filters, which extracts more complex features. The spatial dimensions are slightly
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reduced to 72x72. A second max pooling operation is applied through the max pooling2d 1 layer, further
reducing the dimensions to 36x36 while maintaining 64 channels.

The architecture then incorporates a third convolutional layer (conv2d_2) with 128 filters, producing
feature maps with dimensions of 34x34 and a greater depth. This step is followed by a third max pooling
operation, which reduces the spatial dimensions to 17x17. The final convolutional layer (conv2d_3) utilizes
256 filters to extract highly detailed features. The spatial dimensions are reduced to 15x15, followed
by a final pooling operation (max_pooling2d 3), which outputs feature maps with dimensions of 7x7 and a
depth of 256.

To prevent overfitting, a dropout layer is applied, which randomly deactivates some neurons during
training. Dropout is a CNN regularization technique that resolves neuronal interdependency. Overfitting of
the data is a result of this interdependency. Poor predictions in a dataset can be caused by overfitting [33].
Afterward, the three-dimensional feature maps are flattened through the flatten layer, converting them into a
one-dimensional vector of 12,544 features.

The model then connects to the first dense layer, comprising 1,024 neurons, which serves as a bridge
between the extracted features and the final output. Lastly, the second dense layer acts as the output layer
with 26 neurons, representing the 26 alphabet classes for classification. In total, the model has 13,259,234
trainable parameters, with the majority concentrated in the dense layers. This architecture is designed to
efficiently classify alphabets with high accuracy by combining spatial feature extraction with deep learning.
The function of pooling layers is to reduce the dimensionality of feature maps, meaning that the depth is
preserved while the height and breadth are reduced [31]. Max pooling produces the maximum value within
each region of the image encompassed by the filter. Max pooling is thought to be more efficient since it is
more effective at extracting dominating features [34].

The final feature mappings are converted into a single 1D vector using the model's "Flatten" layer.
After certain convolutional/maxpool layers, the flattening step is required in order to employ fully linked
layers [20]. We used the softmax activation function in the final layer. SoftMax activation or SoftMax
classifier is another form of logistic regression algorithm that we can use to classify more than two classes.
Each class's output in SoftMax is constrained to a value between 0 and 1. This indicates the likelihood
that an input is a member of a specific class. Using a batch size of 10 and five epochs of data, the CNN
was trained for 100 steps per epoch. When the whole dataset runs through the training dataset, it is called
an epoch.

The model is evaluated on the test dataset to check the accuracy. The training and validation
accuracy and loss are plotted for visualization. The model trained for the dataset had initial training set and
validation set accuracy of 3.63% and 3.33% in epoch-1. The validation accuracy ended up after 5 epochs
with 97.58% accuracy for training set, and 100% accuracy for validation set. The accuracy for training set
and validation set can be shown in Figure 5.

3.2. Training and validation loss

The model trained for the dataset had initial training set and validation set loss of 33.78% and
32.47% in epoch-1. The validation accuracy ended up after 5 epochs with 8.78% loss for training set, and
0.62% loss for validation set. The loss for training set and validation set can be shown in Figure 6.

Training and Validation Accuracy of the Model Training and Validation Loss of the Model
1.0 331 —— Training Loss.
3.0 —— Validation Loss
0.8
2.5
3 0.6 2.0
g 8
§ 5 1.5}
< 0.4}
10}
0.2 05
Training Accuracy
—— Validati A
ook . ‘ i ‘a\ ation Accuracy 0.0 i i i i , : . ‘ ;
00 05 10 15 20 25 30 35 40 0.0 05 1.0 15 20 25 30 35 40
Epoch Epoch
Figure 5. Training and validation accuracy graphic Figure 6. Training and validation loss

4. CONCLUSION
The initial training set and validation set accuracy for the model trained on the dataset was 3.63%
and 3.33% in epoch-1. After five epochs, the validation accuracy was 97.58% for the training set and 100%
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for the validation set. The model trained for the dataset had initial training set and validation set loss of
33.78% and 32.47% in epoch-1. The validation accuracy ended up after 5 epochs with 8.78% loss for training
set, and 0.62% loss for validation set. The model performs better in testing when there is a greater supply of
training data. Selecting the training data's batch size and epoch count is a crucial step in this study. This work
presents a predictive model that is trained exclusively to recognize SIBI. The model can be improved in the
future and still can be trained to recognize more characters and even for another language. The dataset as an
input for this model with a lot of variations and can be effectively used to train the proposed model in order
to increase its efficiency and accuracy as well. Some types of SIBI sign language characters require
movement, therefore for further development a system that is able to recognize not only images but also
videos is needed. In future work, computational time can be benchmarked more rigorously on a standardized
GPU setup, enabling fairer comparisons across different models and datasets. However, the current results
confirm the model’s potential for efficient deployment in assistive technologies, particularly in educational
and communication tools for the deaf and hard-of-hearing community.
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