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Abstract 

Communication barriers between people with hearing impairments and the general public remain a significant 

challenge in everyday interactions. BISINDO is a widely used sign language in Indonesia’s deaf community; 

however, public understanding of sign language remains limited. This study aims to develop a hand image-based 

BISINDO alphabet classification system using a Convolutional Neural Network model and implement the trained 

model in an Android application. The public dataset used consists of 10,686 BISINDO alphabet letter images 

representing 26 classes from A to Z, obtained from Kaggle. All images were preprocessed, including resizing, 

normalization, and data augmentation to increase the diversity of the training data. The model was trained and 

evaluated using accuracy, precision, recall, and F1-score metrics. The evaluation results showed that the model 

achieved a validation accuracy of 94.21%, precision of 94.38%, recall of 94.20%, and F1-score of 94.21%. The 

trained model was then integrated into an Android application named IsyaratKu using the Flutter framework and the 

Dart programming language. The implementation results showed that the application successfully recognized the 

letters of the BISINDO alphabet through camera and gallery input and performed effectively on Android devices. 

These results indicate that the CNN can classify the 26 BISINDO alphabet classes with validation accuracy above 

94% and can be deployed in an Android application for offline alphabet classification. 

 

Keywords: Artificial Intelligence, BISINDO, Convolutional Neural Network, Digital image processing, Sign 

Language. 
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1. INTRODUCTION 

Communication is a primary need for every individual in social life. For people with hearing 

impairments or deafness, verbal communication is often a barrier, so sign language is often used as a 

primary means of communication [1]. The sign language commonly used by deaf people in Indonesia 

is Bahasa Isyarat Indonesia, abbreviated as BISINDO. BISINDO uses hand gestures, facial expressions, 

and body language to convey messages and meanings [2]. The use of sign language helps deaf people 

communicate and interact in social life. However, public understanding of BISINDO remains relatively 

low [3], creating a communication gap between people with hearing impairments and the general public. 

Data from the 2023 Indonesian Health Survey (SKI) indicate that the prevalence of hearing impairment 

among individuals aged ≥ 1 year was 0.4%, with 863,402 weighted observations [4]. Ambarak & Falani 

[5] stated that communication barriers may hinder social inclusion and limit access to information for 

people with hearing disabilities.  

In response to these challenges, technology has increasingly been utilized as a communication 

support solution. Advances in artificial intelligence (AI) technology have created new opportunities for 

development in image processing and computer vision. Various studies have explored the automatic 

recognition of sign language using machine learning and deep learning techniques [6]. Research by 

Nugroho et al. [1] explains that machine learning methods can detect hand movement patterns through 
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visual features contained in images. Another study by Rimbawa et al. [7] shows that deep learning 

models combined with computer vision can classify hand gestures in real time with good accuracy. 

One of the methods commonly used in image processing is the Convolutional Neural Network 

(CNN) [8]. CNN is a deep learning architecture [9] designed to process and interpret visual data such as 

images and videos, through a series of layers that extract important features until patterns can be 

recognized [10]. This capability makes CNN widely used in sign language recognition research. 

Arisandi and Satya [11] used CNN for BISINDO image classification, achieving 99.82% accuracy. 

Aryananda and Samopa [12] compared CNN and RNN for BISINDO alphabet classification and showed 

that CNN was more stable with an accuracy of 89%. Research by Kelana et al. [13] successfully applied 

CNN to the BISINDO recognition system, achieving a validation accuracy of 97.44%. However, the 

dataset was still limited, and the system was web-based. Putri et al. [14] also developed an Android 

application using MobileNetV2 for sign language translation, but the model achieved only 76% 

accuracy. Another study by Sihananto et al. [15] showed that BISINDO recognition still had lower 

accuracy than SIBI due to data variation and image noise. 

To enhance the model's performance in recognizing hand gesture patterns, several data processing 

stages are required, including image preprocessing, data augmentation, and network parameter 

optimization [7], [16]. These stages are intended to reduce irrelevant visual noise and enhance the 

representation of key patterns in the hand images [17]. The dataset consisted of hand-gesture images of 

the BISINDO alphabet letters from A to Z. Each letter is represented by a distinct hand shape and 

position, enabling gesture patterns to be recognized and classified by a CNN model [18]. The recognition 

results are then converted into text to facilitate communication between deaf people and the general 

public. 

Mobile devices are widely used in daily activities due to their accessibility and ease of use. The 

widespread use of mobile devices enables sign language recognition systems to be implemented as 

practical public applications. However, existing BISINDO studies have generally focused either on 

model performance with limited datasets or on web-based systems, while mobile implementation with 

a relatively simple CNN architecture and offline classification remains less explored. This gap motivates 

the development of a hand image-based BISINDO alphabet classification system using a CNN and its 

implementation in an Android application. The system is designed to classify BISINDO alphabet letters 

from A to Z and provide classification results through camera and gallery inputs. The purpose of this 

study is to develop an accessible BISINDO alphabet classification system that can support public 

understanding of BISINDO and facilitate communication between deaf people and the general public. 

The remainder of this journal is organized as follows. Section 2 discusses related research that serves as 

the basis and references for this research. Section 3 describes the research methodology. Section 4 

presents the results and discussion. Section 5 presents the conclusions and recommendations for future 

work. 

2. RELATED WORKS 

Several related studies on sign language recognition have applied CNNs. A study by Arisandi and 

Satya [11] employed a CNN to classify BISINDO images using a dataset of 2.163 RGB images across 

nine classes. Preprocessing was performed using data augmentation, including rotation, zoom, shear, 

and horizontal flip to increase data variation. The results showed that the model achieved a training 

accuracy of 99.82% and an evaluation accuracy of 100%. 

Another study by Fadillah et al. [19] applied a CNN method with a transfer learning approach 

using the American Sign Language (ASL) dataset of 87.000 images and the BISINDO dataset of 2.659 

images. The model architecture consisted of convolutional layers, batch normalization, dropout, and 

dense layers. The results showed that the transfer learning method achieved approximately 30% 
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accuracy on the BISINDO dataset, significantly lower than the ASL model. The low accuracy was 

attributed to differences in gesture characteristics between ASL and BISINDO, as well as to variations 

in data distributions and feature spaces. This condition resulted in ineffective transfer learning in 

improving the performance of the BISINDO model. 

Sihananto et al. [15] investigated the recognition of SIBI and BISINDO alphabet gestures using 

a CNN. The dataset used consisted of 468 testing images and 26 training images for SIBI, and 312 

testing images and 26 training images for BISINDO, representing the letters A-Z. During preprocessing, 

the images were converted to grayscale and resized to 28×28 pixels. Experimental results showed that 

the accuracy of the SIBI dataset was higher than that of BISINDO. The testing accuracy on the SIBI 

dataset reached 93.29%, while the BISINDO dataset achieved 82.32%. This difference was attributed 

to the quality of the BISINDO dataset, which has higher noise and lower image resolution. Another 

study by Aryananda and Samopa [12] compared CNN and Recurrent Neural Network (RNN) methods 

for BISINDO alphabet classification. The dataset utilized 312 images of the alphabet A–Z, divided into 

80% training data and 20% testing data. The comparison results indicated that CNN achieved 89% 

accuracy, while RNN achieved 88.46% accuracy. The findings suggest that CNN was more stable and 

superior in classifying alphabet-based sign language images. 

Kelana et al. [13] applied a CNN for web-based BISINDO letter classification based on a public 

dataset of 312 images across 26 classes. The model achieved a validation accuracy of 97.44%. Firdaus 

et al. [20] implemented an SSD MobileNet V2-based CNN model on an Android device. The dataset 

consisted of 3.878 images with varying hand sizes, skin tones, and genders. The model was trained using 

the TensorFlow Object Detection API and then converted to TensorFlow Lite format. The results 

showed that the model achieved an average precision of 89% and a real-time accuracy of 93%. Putri et 

al. [14] also developed a MobileNetV2-based sign language translation application with 76% accuracy. 

Several previous studies used as references in this study are summarized in Table 1. 

 

Table 1. Summary of Previous Research 

Researcher Reference Method Dataset Accuracy 

Arisandi & Satya (2022) [11] CNN 2.163 BISINDO images 99.82% 

Fadillah et al. (2022) [19] CNN + Transfer 

Learning 

ASL & BISINDO 30% 

Sihananto et al. (2023) [15] CNN BISINDO & SIBI 82.32% / 93.29% 

Aryananda & Samopa 

(2024) 

[12] CNN & RNN 312 BISINDO images CNN 89% 

Kelana et al. (2025) [13] CNN 312 BISINDO images 97.44% 

Firdaus et al. (2025) [20] SSD MobileNet 

V2 

3.878 BISINDO images 93% 

Putri et al. (2025) [14] MobileNetV2 Video BISINDO 76% 

 

According to Table 1, CNN-based methods have demonstrated performance in BISINDO 

alphabet classification. However, previous studies have employed different datasets, model 

architectures, and deployment platforms, with varying approaches and reported performance. Several 

studies have also focused on web-based systems or mobile applications using architectures such as 

MobileNetV2 and SSD MobileNet V2. This study develops a sequential CNN model for classifying the 

26 letters of the BISINDO alphabet and deploys the trained model in a Flutter-based Android application 

using TensorFlow Lite (TFLite). The optimized TFLite model reduces the model size from 37.5 MB to 

9.4 MB, supporting offline classification on Android devices. 

https://jutif.if.unsoed.ac.id/
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3. RESEARCH METHOD 

This section describes the stages involved in developing a hand-image-based BISINDO alphabet 

recognition system using a CNN model. The research stages include dataset collection, image 

preprocessing, model training, model evaluation, and system implementation in a Flutter-based Android 

application. The following subsections describe dataset collection, the research workflow, the CNN 

method used, and system implementation. 

3.1. Data Collection 

The data used in this study is a publicly available dataset from the Kaggle platform on the 

BISINDO Dataset. It consists of RGB images representing 26 BISINDO alphabet classes from A to Z. 

The dataset was provided with training and validation sets in an 8:2 distribution. To ensure a balanced 

class distribution, 328 images were used for each class in the training set and 83 images for each class 

in the validation set, resulting in 8,528 training images and 2,158 validation images. The dataset contains 

variations in hand presentation, clothing, and skin tones, with mostly light-colored backgrounds. 

3.2. Research Workflow 

This study was conducted through several stages, including pre-processing, model training, model 

evaluation, and model implementation in a mobile application. The research framework is presented in 

Figure 1. 

 

 
Figure 1. Research Framework 

 

The initial stage involved collecting the BISINDO alphabet dataset, which was then split into 

training data and validation data. In the pre-processing stage, the image size was adjusted to 224×224 

pixels, and pixel normalization was performed using a 1/255 rescaler. The 224×224 input size was 

selected as it effectively preserves hand shape details while maintaining computational efficiency for 

model training and deployment on mobile devices. The training data were then augmented with rotation, 

zoom, shear, and image shifting to increase data variation. The augmentation parameters included a 

rotation range of 10°, a zoom range of 0.1, a shear range of 0.05, and width and height shift ranges of 

https://jutif.if.unsoed.ac.id/
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0.05. Pixel values were rescaled by 1/255. Data augmentation was performed to improve the model's 

robustness to variations in real-world image inputs [21]. Subsequently, the CNN model was trained for 

50 epochs using the Adam optimizer with a batch size of 32 and categorical cross-entropy loss to classify 

BISINDO alphabet letters. 

The trained model was then evaluated using accuracy and loss values from the training process, 

as well as a confusion matrix, precision, recall, and F1-score to measure classification performance. This 

evaluation phase aimed to assess the model's performance in classifying letters of the BISINDO alphabet 

[22].  Accuracy measures the proportion of correctly classified samples among all evaluated samples. 

The accuracy value is calculated using Equation (1). 

                      

                Accuracy =
 Correct Predictions

All Predictions
                    (1) 

 

The confusion matrix was used to measure the number of correct and incorrect predictions for 

each class, thereby identifying letters that were frequently misclassified. The confusion matrix used to 

evaluate the classification performance is shown in Figure 2. 

 

 
Figure 2. Binary Classification Confusion Matrix 

 

The confusion matrix has several components, as shown in Figure 2: True Positive (TP), True 

Negative (TN), False Positive (FP), and False Negative (FN). True Positives are data points that are 

correctly predicted to belong to their class. True Negatives indicate data that does not belong to a class 

but is correctly recognized by the model. False Positives occur when data is predicted as belonging to a 

class when it does not actually belong to that class. False Negatives, on the other hand, are data that 

should be included in one class but are predicted as another. Precision is used to measure the accuracy 

of model predictions. The precision value shows the proportion of data that is predicted positive and 

actually falls into that class, as in Equation (2). 

 

                           Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                         (2) 

 

Recall measures the model's ability to identify all data that actually belongs to a particular class. 

The recall value is calculated using Equation (3). 

 

                           Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                               (3) 

https://jutif.if.unsoed.ac.id/
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Meanwhile, the F1-score is used to evaluate the balance between precision and recall and provides 

an overview of the overall model performance. The F1-score formula is shown in Equation (4). 

 

               F1-Score = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                          (4) 

 

The best model is then saved in .keras format and converted to TFLite for use in Flutter-based 

Android applications. In the application, users can input images by selecting from the gallery or taking 

photos with the camera. The model then processes these images to generate predictions for the BISINDO 

alphabet. 

3.3. CNN Architecture 

The method applied in this research is a sequential Convolutional Neural Network. The model 

was selected for its ability to learn visual features and patterns directly from image data during training. 

Its effectiveness in image classification has also been demonstrated in previous studies. CNNs are deep 

learning algorithms that implement supervised learning using labeled data during training [23], [24]. 

This method is a development of the Multi-Layer Perceptron (MLP) adapted to process two-dimensional 

data such as images [25]. 

In the CNN method, images are processed through several layers to extract relevant features and 

patterns for classification into the appropriate class [26]. CNNs consist of several layers with different 

functions. Convolution layers are used to recognize patterns in images, such as hand shape and position 

[25], [27]. Increasing the number of layers enables the model to learn increasingly complex feature 

representations. Max pooling layers are then applied to reduce feature map dimensions and improve 

computational efficiency [28]. Dropout and batch normalization are also used to improve model stability 

during training and reduce the risk of overfitting [29]. The resulting features are then passed to a dense 

layer for the classification process [30] using the BISINDO alphabet. The model architecture used in 

this study is shown in Figure 3. 

 

 

Figure 3. CNN Model Architecture 

 

 Based on the architecture in Figure 3, the model receives an input image measuring 224×224 

pixels with three RGB color channels. The model architecture consists of four convolutional layers 

employing ReLU activation, with 32, 64, 128, and 256 filters, respectively. The number of filters 

increases progressively, allowing the model to learn image features ranging from simple to more 

complex patterns. The ReLU activation function was selected due to its ability to accelerate model 

training by improving feature learning [31], [32] and reducing the risk of vanishing gradients [33], [34]. 

The convolutional layers used a 3×3 kernel, while the max pooling layers used a 2×2 pooling window. 

https://jutif.if.unsoed.ac.id/
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Each convolution layer is followed by a max pooling layer to extract features from hand images, thus 

reducing the computational effort without losing important information [31], [35]. Batch normalization 

and dropout layers with a rate of 0.3 are incorporated into several stages of the network to help improve 

model performance and reduce overfitting [36], [37]. The extracted features are then passed to a dense 

layer with 256 neurons before entering the output layer with a softmax activation function. Model 

training was performed using the Adam optimizer, which has demonstrated stable performance in CNN-

based applications, and the categorical cross-entropy loss function for multiclass classification. The 

model was trained for 50 epochs to provide sufficient iterations for learning the patterns and 

characteristics of hand images, thereby improving letter recognition performance. 

3.4. System Implementation 

The trained model was saved in .keras format and subsequently converted to TFLite so it can be 

run on mobile devices. TFLite was selected for its lightweight architecture, which makes deploying 

machine learning models on mobile devices more efficient [38]. The model is then integrated into an 

application built using the Flutter framework. 

 

 
Figure 4. System Implementation Workflow 

 

 Figure 4 shows the system implementation flow, which begins when a user selects an image from 

the gallery or takes a photo using the mobile device's camera. The resulting image then undergoes 

preprocessing, such as resizing the image to 224×224 pixels to match the model's input. The image is 

then passed to the TFLite model integrated into the application to perform classification and generate 

predictions for the BISINDO alphabet letters. The prediction results are then displayed on the 

application interface, allowing users to see the sign language letters recognized by the system. The 

application includes several features: BISINDO alphabet letter detection, prediction history, a BISINDO 

alphabet letter dictionary, and an application user guide. The detection feature is used to recognize letters 

from images selected from the gallery or camera. The history feature is used to store previous prediction 

results. The dictionary feature displays a list of the BISINDO alphabet letters along with descriptions of 

their shapes and pronunciations, serving as a learning tool for users. Finally, the guide feature provides 

information on how to use the app to help users understand the application features. 

https://jutif.if.unsoed.ac.id/
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4. RESULTS 

This section presents the results obtained from the CNN model training and evaluation process, 

as well as its implementation in an Android application. The results discussed include model training 

performance, evaluation results, mobile application implementation, and functional testing of available 

features. 

4.1. Training Results 

The model training results are presented in Table 2, which shows the accuracy, loss, validation 

accuracy, and validation loss values for several epochs. 

 

Table 2. Training and Validation Results at Several Epochs 

Epoch Training Accuracy Validation Accuracy Training Loss Validation Loss 

10 81,87% 80,03% 0,6290 0,7513 

20 91,02% 88,97% 0,2796 0,3866 

30 94,79% 91,29% 0,1715 0,3408 

40 96,36% 92,86% 0,1268 0,2936 

50 97,30% 94,21% 0,0908 0,2339 

 

Based on the results in Table 2, the training and validation accuracy increased throughout the 

training process, while the training and validation loss decreased. At the 10th epoch, the model achieved 

a training accuracy of 81.87% and a validation accuracy of 80.03%, with training and validation loss 

values of 0.6290 and 0.7513, respectively. At the 20th epoch, the training accuracy increased to 91.02%, 

while the validation accuracy reached 88.97%. The training and validation loss decreased to 0.2796 and 

0.3866, respectively. 

 

 
Figure 5. Training and Validation Accuracy Graph 

 

At the 30th epoch, the training accuracy reached 94.79%, while the validation accuracy reached 

91.29%. The corresponding training and validation loss values were 0.1715 and 0.3408. At the 40th 

epoch, the training accuracy increased to 96.36%, while the validation accuracy reached 92.86%, with 

training and validation loss values of 0.1268 and 0.2936, respectively. In the final epoch, the model 

achieved a training accuracy of 97.30% and a validation accuracy of 94.21%, with training and 

validation loss values of 0.0908 and 0.2339, respectively. The difference between the training and 

validation accuracy was 3.09 percentage points. The training and validation accuracy results for each 

epoch are then visualized graphically, as shown in Figure 5. 

https://jutif.if.unsoed.ac.id/
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The graph in Figure 5 shows a steady increase in accuracy throughout the training process. 

During the early stages of training, the validation accuracy curve fluctuated. However, after 

approximately the 20th epoch, the accuracy curve began to show a more stable pattern. In the final 

epoch, the training accuracy reached 97.30%, while the validation accuracy reached 94.21%, resulting 

in a difference of 3.09%. In addition to accuracy, the changes in training and validation loss throughout 

the training process are presented in Figure 6. 

 

 

Figure 6. Training and Validation Loss Graph 

 

The graph in Figure 6 shows a consistent downward trend in training and validation loss 

throughout the learning process. The training loss decreased to 0.0908, while the validation loss reached 

0.2339 in the final epoch. Although there were slight fluctuations in validation loss during some epochs, 

the overall trend showed a decrease throughout the training process. 

4.2. Model Evaluation Results 

The results of the model evaluation using precision, recall, and F1-score are shown in Table 3. 

Testing was conducted on validation data to evaluate the model's ability to recognize BISINDO alphabet 

letters in hand images. 

 

Table 3. Model Evaluation Results 

Evaluation Metric Score 

Precision 94,38% 

Recall 94,20% 

F1-Score 94,21% 

 

Based on the results presented in Table 3, the model achieved a precision of 94.38%, a recall of 

94.20%, and an F1-score of 94.21% on the validation data. The model also achieved an accuracy of 

94.21% on 2,158 validation samples. The macro-average precision, recall, and F1-score were 0.94, 0.94, 

and 0.94, respectively, while the weighted-average values were also 0.94 for all three metrics. The per-

class precision, recall, and F1-score results are presented in Table 4. 

Table 4 shows that the model achieved an F1-score of 90% or higher for most BISINDO alphabet 

classes. The lowest F1-score was obtained for class N at 85%, followed by M at 86%, I at 88%, and L 

and V at 91%. Meanwhile, the highest F1-scores were obtained for classes G and Z, each with 99%, 

followed by O, W, and Y with 98%. In addition to using evaluation values, model performance was also 

analyzed using a confusion matrix, as shown in Figure 7. 

https://jutif.if.unsoed.ac.id/
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Table 4. Classification Performance for Each BISINDO Alphabet Class 

Class Precision Recall F1-Score Support 

A 0.98 0.96 0.97 83 

B 0.97 0.94 0.96 83 

C 0.90 0.98 0.94 83 

D 0.91 0.99 0.95 83 

E 0.93 0.96 0.95 83 

F 0.92 0.98 0.95 83 

G 1.00 0.99 0.99 83 

H 0.94 0.99 0.96 83 

I 0.89 0.87 0.88 83 

J 0.99 0.89 0.94 83 

K 0.96 0.94 0.95 83 

L 0.96 0.87 0.91 83 

M 0.89 0.82 0.86 83 

N 0.80 0.90 0.85 83 

O 0.99 0.98 0.98 83 

P 0.90 0.96 0.93 83 

Q 0.96 0.88 0.92 83 

R 0.89 0.95 0.92 83 

S 0.98 0.95 0.96 83 

T 0.98 0.96 0.97 83 

U 0.94 0.99 0.96 83 

V 0.93 0.90 0.91 83 

W 1.00 0.95 0.98 83 

X 0.95 0.95 0.95 83 

Y 0.99 0.96 0.98 83 

Z 1.00 0.98 0.99 83 

 

 
Figure 7. Confusion Matrix 

https://jutif.if.unsoed.ac.id/
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The confusion matrix results in Figure 7 show that most values fall along the main diagonal. The 

diagonal values represent samples that were correctly classified into their respective classes (true 

positives). Several letters, such as A, C, D, E, F, G, H, O, P, U, Y, and Z, had a high number of correct 

predictions with very few errors. Conversely, several classes, namely I, J, L, M, N, Q, and V, exhibited 

fewer correct predictions than the other classes. 

The letter M had the fewest correct predictions, with 68 correctly classified samples out of 83 

validation samples, corresponding to a classification rate of 81.93%. Misclassifications are represented 

by values located outside the main diagonal. In class I, some data were predicted as the letters R and W. 

Similar errors also occurred in class J, where they were predicted as the letters C and I, and in class L, 

where they were predicted as the letters C, N, and R. Meanwhile, some data in class M were predicted 

as the letters N and Q. 

4.3. Mobile Application Results 

The application was implemented using the Flutter framework with the Dart programming 

language. The application, named IsyaratKu, was designed to recognize BISINDO alphabet letters from 

hand images using a CNN model deployed in TFLite format. The application interface consists of a 

splash screen, onboarding, homepage, BISINDO alphabet dictionary, alphabet details, prediction 

history, and an about-app page. The implemented user interface is shown in Figure 8. 

 

 
Figure 8. Application Interface 

 

Figure 8 presents the implementation of the interface designed by the author. Upon launching the 

application, users are presented with a splash screen. The onboarding screen is only displayed when the 

application is used for the first time. The homepage provides a letter recognition feature that processes 

images selected from the gallery or taken using the camera. Additionally, the application includes a 

BISINDO alphabet dictionary, prediction history, dark mode, and an application information page. The 

trained model was converted into TFLite format for deployment in the Android application. The model 

size before and after TFLite conversion and optimization is presented in Table 5. 
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As presented in Table 5, the optimized TFLite model had the smallest file size at 9.4 MB, 

compared with 37.5 MB for the unoptimized TFLite model and 112.6 MB for the Keras model. The 

reduction in model size makes the optimized TFLite model more suitable for Android deployment 

because it requires less storage space and reduces the size of the model that needs to be included in the 

application. 

Table 5. Model File Size 

Model File File Size 

Keras model (.keras) 112.6 MB 

TFLite without optimization 37.5 MB 

TFLite with optimization 9.4 MB 

 

The smaller model size also supports offline deployment on mobile devices with limited storage 

and computational resources. Therefore, the optimized TFLite format was selected for the Android 

application. Functional testing used a black-box testing approach to ensure each feature functions as 

intended. The test results are listed in Table 6. 

 

Table 6. Functional Testing Results 

Feature Test Scenario Expected Result Result 

Splash Screen Open application Splash screen displayed successfully Success 

Onboarding Run the application for 

the first time 

Onboarding pages displayed 

successfully 

Success 

Onboarding 

State 

Reopen the application 

after onboarding is 

completed 

The onboarding page is not displayed 

again 

Success 

Camera Capture an image using a 

camera 

Image successfully captured and 

displayed 

Success 

Gallery Select an image from the 

gallery 

Image successfully loaded Success 

Prediction Process selected image The prediction result was displayed 

successfully 

Success 

Dictionary Open BISINDO 

dictionary 

List of BISINDO alphabet displayed 

correctly 

Success 

Alphabet Detail Select a letter from the 

dictionary 

The alphabet detail page is displayed 

correctly 

Success 

History Open prediction history Previous prediction results displayed 

correctly 

Success 

Dark Mode Change the application 

theme to dark mode 

Application appearance changes to 

dark mode correctly 

Success 

About Open about page Application information displayed 

correctly 

Success 

 

In Table 6, all features function as intended. Users can perform detection using the camera or 

gallery, view the BISINDO alphabet dictionary, access prediction history, change the app's theme, and 

use other features without issue. Several BISINDO alphabet images were used to evaluate the prediction 

function in the Android application. The prediction results were displayed as the corresponding letters 

of the alphabet. Figure 9 presents examples of correctly classified images, while Figure 10 presents 

examples of misclassified images. 
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Figure 9. Correct Prediction Results 

 

Figure 9 presents three examples of correct predictions obtained from the application. The model 

successfully recognized the letters G, W, and V as their corresponding classes. Figure 10 shows three 

examples of misclassified predictions in the application. The letter N was incorrectly predicted as M, 

the letter M as N, and the letter L as C. 

 

 
Figure 10. Misclassification Results 

 

The model, implemented in an Android application, showed that its predictive performance did 

not always match the evaluation results on the validation data. When the application is used, images can 

be captured at various distances, angles, and environmental conditions, resulting in greater variation in 

the quality of the images processed by the model. Based on the test results, prediction accuracy tends to 

be higher when images are captured under adequate lighting conditions and with minimal visual clutter. 

Conversely, complex backgrounds, surrounding objects, or background colors similar to skin tones can 

increase the likelihood of misclassification. Furthermore, inadequate lighting can also reduce the clarity 

of the hand shape and contours used for letter recognition. Based on the test results, some letters with 

similar movements were also misclassified under certain conditions. 

Nevertheless, the application can still run the classification process on Android devices without 

requiring an internet connection. Test results show that the model provides more stable predictions when 

images are captured with adequate lighting and a background with minimal visual clutter. The trained 

model was successfully deployed in an Android application using the TFLite format with Flutter. The 

prediction process can be performed directly on the device without requiring an internet connection. 
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The application also provides features beyond letter recognition. Several supporting features, such 

as a BISINDO alphabet dictionary, prediction history, a user guide, and information about sign language, 

have been added. These features support BISINDO alphabet letter recognition and learning activities 

for people who want to know the BISINDO alphabet. 

5. DISCUSSION 

This section discusses the results obtained from the CNN model training and evaluation process, 

as well as the implementation of the trained model in an Android application. 

5.1. Model Performance and Comparison with Previous Studies 

The validation accuracy increased from 80.03% at the 10th epoch to 94.21% at the final epoch, 

while the difference between training and validation accuracy in the final epoch was 3.09%. The 

relatively small difference between training and validation accuracy indicates that the model's 

performance remained relatively consistent across the training and validation data. The decreasing 

training and validation loss throughout the training process also indicates that the prediction error 

decreased as the number of epochs increased. These results suggest that the model was able to learn the 

visual patterns of the BISINDO alphabet without substantial overfitting. 

The improved model performance can be attributed to the CNN architecture's capability to 

automatically extract and learn relevant visual features from hand images [39]. As a result, the model 

was able to distinguish finger shapes, hand orientations, and distinctive visual patterns associated with 

each BISINDO alphabet letter. Furthermore, the application of data augmentation in the form of rotation, 

zoom, shear, and image shifting helped the model learn variations in hand position and shape that may 

occur under different usage conditions [40]. The combination of these two factors contributed to the 

model's classification performance on the validation data. 

The confusion matrix also shows that several classes had relatively high classification accuracy, 

while letters I, J, L, M, N, Q, and V had more classification errors. The letter M had the lowest 

classification rate, with 68 correctly classified samples out of 83 validation samples, or 81.93%. This 

result indicates that the model still has difficulty distinguishing the letter M from several other classes 

with similar visual patterns. Similarities in finger placement and hand orientation may reduce the 

discriminative capability of the features extracted by the model, thereby increasing the likelihood of 

misclassification. The same pattern can be observed in letters I, J, and L, which had relatively higher 

numbers of misclassifications. 

Overall, the concentration of values along the main diagonal indicates that most of the model's 

predictions corresponded to the actual labels. The relatively small number of misclassifications is 

consistent with the precision, recall, and F1-score values above 94%, indicating that the model 

maintained relatively consistent classification performance across most BISINDO alphabet classes. The 

model achieved a validation accuracy of 94.21%, which is lower than the accuracy reported by several 

previous BISINDO studies, such as 97.44% and 99.82% [11], [13]. This difference may be related to 

differences in dataset characteristics, model architecture, training configuration, and implementation 

objectives. Previous studies may have focused primarily on classification performance, whereas this 

study also focused on deploying the trained CNN model in an Android application using TFLite. 

Therefore, the 94.21% validation accuracy should be considered together with the successful mobile 

deployment and offline classification capability of the proposed system. 

5.2. Mobile Deployment 

The model, implemented in an Android application, showed that its predictive performance did 

not always match the evaluation results on the validation data. This difference is due to the more diverse 
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usage conditions encountered in the application compared to those represented in the training data. 

When the application is used, images can be captured at various distances, angles, and environmental 

conditions, resulting in greater variation in the quality of the images processed by the model. Based on 

the test results, prediction accuracy tends to be higher when images are captured under adequate lighting 

conditions and with minimal visual clutter. Under these conditions, hand movements are more clearly 

visible, allowing the model to recognize the distinctive features of each BISINDO letter. Conversely, 

complex backgrounds, surrounding objects, or background colors similar to skin tones can reduce the 

quality of the extracted features. These conditions can make it difficult for the model to distinguish 

hands from the background, increasing the likelihood of misclassification. 

Furthermore, inadequate lighting can also reduce the clarity of the hand shape and contours used 

as the basis for letter recognition. These findings indicate that model performance remains influenced 

by the characteristics of the training data. Although the dataset used is relatively large, the diversity of 

conditions encountered in real-world use is not fully represented. As a result, the model may still 

experience performance degradation when faced with conditions different from those in the training 

data. Furthermore, some letters with similar movements may still be misclassified under certain 

conditions. 

The ability to perform classification directly on Android devices without requiring an internet 

connection is an important aspect of the mobile deployment. The trained model was successfully 

deployed in an Android application using the TFLite format with Flutter. The prediction process can be 

performed directly on the device without requiring an internet connection. This approach supports 

offline operation without dependence on network connectivity or external services. 

The model size also supports its implementation on mobile devices. As presented in Table 5, the 

Keras model had a file size of 112.6 MB, while the TFLite model without optimization had a size of 

37.5 MB. After optimization, the TFLite model was reduced to 9.4 MB. The reduction in model size 

makes it more practical to deploy on Android devices while maintaining the classification function. The 

application also provides features beyond letter recognition. Several supporting features, such as a 

BISINDO alphabet dictionary, prediction history, a user guide, and information about sign language, 

have been added to help users recognize and learn the BISINDO alphabet more easily. These features 

enable the application to serve not only as a prediction tool, but also as a learning tool for people who 

want to know the BISINDO alphabet. 

6. CONCLUSION 

This study successfully developed a mobile-based BISINDO alphabet recognition system using 

a CNN model. The developed model achieved a validation accuracy of 94.21%, with precision, recall, 

and F1-score values above 94% in recognizing the 26 letters of the BISINDO alphabet. These results 

indicate that the developed CNN model can learn and distinguish the visual characteristics of BISINDO 

hand gestures. The research objective of developing an accessible BISINDO alphabet classification 

system to support public understanding of BISINDO and facilitate communication between deaf people 

and the general public was achieved by implementing the model in an Android application. 

In addition to producing a classification model with good performance, this research successfully 

implemented the model in an Android application using TFLite and Flutter, enabling letter recognition 

to be performed directly on mobile devices without requiring an internet connection. The optimized 

TFLite model had a file size of 9.4 MB, compared with 37.5 MB for the unoptimized TFLite model and 

112.6 MB for the Keras model. The developed application also includes a BISINDO alphabet dictionary, 

prediction history, and a user guide to support BISINDO alphabet recognition and learning activities. 

Compared with previous BISINDO studies, the validation accuracy of 94.21% obtained in this 

study was lower than the 99.82% accuracy reported by Arisandi and Satya [11] and the 97.44% 
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validation accuracy reported by Kelana et al. [13]. However, the result was higher than the 93% real-

time recognition accuracy reported by Firdaus et al. [20] using SSD MobileNet V2 for Android-based 

BISINDO recognition. The accuracy was also substantially higher than the 30% accuracy reported by 

Fadillah et al. [19] using a CNN with a transfer learning approach on the BISINDO dataset. These 

differences should be interpreted in relation to the datasets, model architectures, and evaluation 

conditions used in each study. The main value of this study is not only the classification accuracy, but 

also the implementation of the CNN model in an Android application with an optimized 9.4 MB TFLite 

model and offline inference capability. 

From an Informatics perspective, this research contributes to the implementation of CNN-based 

image classification on mobile devices, particularly in the development of a model that can be optimized 

for on-device deployment. The results demonstrate that a CNN model with 94.21% validation accuracy 

can be implemented directly on Android devices while maintaining offline classification capability. This 

provides a practical approach for developing mobile-based deep learning applications for BISINDO 

recognition. 

The application testing also showed that prediction performance can be affected by real-world 

conditions, particularly inadequate lighting, complex backgrounds, and visual similarities between 

certain BISINDO alphabet gestures. Future research may therefore focus on increasing the diversity of 

training data to represent more varied lighting, backgrounds, distances, and hand positions. Improving 

the model's ability to distinguish visually similar gestures is also important to reduce classification 

errors. Further research may also conduct ablation studies and benchmark comparisons with lightweight 

architectures such as MobileNet and EfficientNet-Lite to evaluate the effectiveness of the developed 

CNN architecture for mobile deployment. In addition, the system can be extended to support real-time 

gesture recognition using video streams or live camera input, enabling recognition beyond alphabet 

letters to words and sentences while maintaining offline inference on mobile devices. 
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                             Precision =   T P  T P + F P                                                                                   ( 2 )


                             Recall =   T P  T P + F N                                                                                               ( 3 )


                 F1-Score = 2 ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l                                                     ( 4 )

