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Abstract 

For deaf or hard of hearing people, sign language is a primary means of communication, but 

low public understanding makes social engagement difficult. Researchers now use computer 

vision technology and Convolutional Neural Network (CNN) to detect sign language 

movements. Problems such as overfitting and missing gradients still exist. Using CNN and 

ResNet-34 architecture, as well as image augmentation to overcome this problem, this 

research builds a deep learning-based sign language detection model. The Indonesian Sign 

Language System (SIBI) dataset was used to test the model. The test results show that the 

model with image augmentation trained for more than 50 epochs obtained an accuracy of 

99.4%, precision of 99.5%, recall of 99.5%, and an F1 score of 99.5%. The model without 

image augmentation produced an accuracy of 99.4%, recall of 99.3%, F1 score of 99.3%, and 

precision of 99.4%. ResNet-34 architecture overcomes the problem of missing gradients, 

while image augmentation avoids overfitting and improves model accuracy. 

Keywords: Augmentation, Convolutional Neural Network, Overfitting, ResNet-34, 

Vanishing Gradient 
 

1 Introduction 

Humans utilize language as a tool to communicate with one another. Language can 

take many different forms, including signs, symbols, codes, and noises that are given 

meaning after being converted into human language according to predetermined rules [1], 

[2]. Using hand movements that follow the PUEBI Guidelines, people with hearing and 

speech disabilities can communicate through sign language [3]. 

The issue with using sign language as a communication tool is that not everyone 

fully understands this system of communication because there is a dearth of knowledge 

and resources about learning sign language, including books, courses, teachers, and other 

resources that can be a barrier for those who wish to take sign language classes [4]. Using 
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deep learning technology to create a photo image identification model that can assist in 

sign language translation is one way to address this issue. The aid of deep learning 

technology a model that is capable of self-learning computational procedures [5], to help 

those who are unable to communicate through sign language, this technology is intended 

to recognize hand motions and translate them into a language that they can understand 

sign language [4]. In earlier studies carried out by [6], Convolutional Neural Network 

(CNN) were used to create a sign language categorization system, and the accuracy rate 

was 99.82%. 

Increasing the depth of the network in deep convolutional neural networks does not 

always lead to improved training accuracy, there are instances when training accuracy 

decreases [7], [8], [9], [10]. This is the vanishing gradients problem, which is a common 

impediment in CNN. This is because not all networks are simple to optimize, which leads 

to network degradation. Using residual networks, or ResNet, to add identity mapping will 

lessen degradation in deeper networks ResNet [11]. Previous research on the application 

of the ResNet architecture by [9], [12], [13], [14], [15] has successfully overcome the 

vanishing gradient problem in the CNN algorithm. 

The possibility of overfitting arises from CNN models' memorization of specific, 

non-generalizable details of training images, which is another issue frequently associated 

with CNN algorithms digeneralisasi [16], [17], [18], [19], [20]. Therefore, by adjusting 

the dimensional transformation of the photos, image augmentation techniques were 

applied to the training samples in this study to increase the variety of images [21]. In 

earlier studies by [22], [23], [24], [25] on the application of augmentation techniques on 

datasets, has effectively addressed CNN models overfitting issue. 

The primary research gaps in this study are related to the CNN algorithm's potential 

for vanishing gradient and overfitting in the final model, as indicated by the research 

references pertaining to the development of digital image detection models using this 

algorithm that were mentioned in the previous paragraph. Therefore, the goal of this 

research is to use the ResNet-34 architecture to create a detection model that can solve 

the disappearing gradients problem [26] because it may be applied to validation data and 

has a low error rate value, to produce the best accuracy outcomes, and enhancing the 

dataset with augmentation methods to prevent the model from becoming overfit  along 



 

 

   

 

 

 
 

 
435 

 
  

Hilal et al., IJASST, Volume 07, Issue 02, 2025 

with incorporating dataset augmentation methods to prevent the model from becoming 

overfit  [21], [22], [23].  

The contribution of this research is to develop a ResNet-34 model combined with 

the application of augmentation techniques on the dataset to overcome the problems of 

overfitting and vanishing gradients in the model in the process of detecting the Indonesian 

Sign Language System (SIBI). Compared to other studies, which are limited in their use 

of model architecture and dependent on limited datasets, this study provides evaluation 

and improvement using deeper residual networks. 

2 Material and Methods 

The steps or procedures utilized in research are referred to as the research stages 

[27]. To guarantee that every step of the research is conducted in an orderly fashion, this 

stage offers direction and arranges every step from start to finish. The phases of the 

research that will be done are based on earlier studies that [19], the research stages is 

shown in Fig. 1. 

 

 

Figure 1. Research Stages 
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2.1  Data Collection 

The collected dataset consists of digital photos of Indonesian sign language systems 

that were published to Kaggle in 2022 by Alvin Bintang. The dataset consists of 5280 

images in total, grouped into 24 alphabetic classes (A–Y, except J and Z). There are 220 

Sistem Isyarat Bahasa Indonesia (SIBI) photos per class. 

2.2  Data Augmentation 

The original dataset used in this study consisted of 5280 images, with 220 images 

in each class. To increase the variety of the dataset, augmentation techniques were 

applied. The augmentation techniques are based on earlier studies by [25] and [28] that 

employed rotation, shear horizontal and vertical, grayscale, saturation, brightness, and 

exposure. The arrangement of the augmentation values is shown in Table 1. 

Based on the augmentation process in Table 1, the number of datasets increased to 

7582 with the distribution of each class increasing by 96 images, so that the total number of 

datasets in each class was 316 images after the augmentation process. The augmentation 

technique was applied evenly to each class with the aim of maintaining class balance and 

avoiding class imbalance issues. 

 

Table 1. Augmentation Technique 

No. Techniques Description 

1 Rotation The rotation technique used is -10° and +10°. 

2 Shear horizontal 

& vertical 

The horizontal and vertical shear techniques used are 

±10° horizontal and ±10° vertical. 

3 Grayscale Grayscale technique used is 15% of the total dataset. 

4 Saturation Saturation technique used is -30% and +30%. 

5 Brightness The brightness technique used is -15% and +15%. 

6 Exposure The exposure technique used is -15% and +15%. 
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2.3  Data Splitting 

Following the preprocessing phase, datasets are separated into training and test 

subsets. The split_indices function from the FastAI library is used to divide the dataset. 

The technique is based on earlier research by [29] utilizing a ratio of 80% for training 

data and 20% for test data. 

2.4  Modelling ResNet-34 

ResNet-34 architecture, which has several convolution layers and residue layers, is 

used for modeling in Fig. 2. The method of entering a 224 by 224pixel picture is the first 

step. With an output of 128 x 128 pixels, the input image is passed through 64 filters into 

the first convolution layer in the second stage. Furthermore, there are four residual layers 

with the following output sizes 28 x 28 pixels with 4 residual blocks using 128 filters, 14 

x 14 pixels with 6 residual blocks using 256 filters, and 7 x 7 pixels with 3 residual blocks 

using 512 filters. The size of the residual layers is 56 x 56 pixels with 3 residual blocks 

using 64 filters. After the residual layer, an average pooling layer reduces the output size 

to 1 x 1 pixels, followed by a fully connected layer with 256 and 128 neurons. The final 

stage is the softmax classifier layer which produces a classification with accuracy (E = 

0.99). Each residual layer has skip connections that allow direct information flow, helping 

to overcome the vanishing gradient problem [12], [30]. 

 

2.5  Model Evaluation 

Model evaluation is crucial for identifying the optimal model combination. It 

involves using matrices, considering factors like accuracy and the confusion matrix. The 

confusion matrix serves as a visual evaluation tool in machine learning [31].  

 

Figure 2. ResNet-34 Architecture 
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Its columns represent predicted class outcomes, while its rows depict actual class 

outcomes, facilitating the examination of all potential cases in classification problems 

[28]. Various metrics such as precision, recall, and F1 score are utilized within the 

confusion matrix. This matrix encompasses 4 key terms [32]: 

a. True Positive (TP): correctly classified positive data. 

b. True Negative (TN): the number of correctly classified negative data. 

c. False Positive (FP): the number of negative data classified as positive. 

d. False Negative (FN): the number of positive data classified as negative. 

Accuracy and the confusion matrix can be formulated as shown in Equation (1)-(4) 

[31]. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝑻𝑷 +  𝑻𝑵

𝑻𝑷 + 𝑻𝑵 +  𝑭𝑷 + 𝑭𝑵
 

Accuracy is the ratio of correct predictions to the total data. 

 

(1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Precision is the ratio of true positive predictions to the total number of positive 

predictions. 

(2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Recall is the ratio of true positive predictions to the total number of actual positive 

instances. 

(3) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑠𝑖𝑠𝑖

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑠𝑖𝑠𝑖
 

The F1 score is the weighted average of precision and recall. 

(4) 

3 Results and Discussions 

3.1  Data Augmentation 

This method generates a final dataset of 7582 datasets by using 12 picture data from 

each class. The augmentation techniques are expected to test the model's robustness 

against diverse data. An example of the application of augmentation techniques can be 

seen in Fig. 3. 
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(a) (b) 

Figure 3. (a) Rotation augmentation technique, (b) Rotation augmentation technique. 

 

3.2  Data Splitting 

Data utilized in the model training phase is referred to as training data or train data. 

Up to 80% of the entire dataset was randomly selected for the training data utilized in this 

study, yielding a training dataset of 6056 data in total. Data used in the models testing 

phase is called test data or testing data. With a final test dataset consisting of 1526 data, 

the test data used in this study accounted for up to 20% of the entire dataset. 

3.3  Modelling ResNet-34 

Before entering the modeling stage, the model is subjected to hyperparameter 

tuning by considering the most optimal learning rate. Analyzing the model for vanishing 

gradient and overfitting is done by comparing the visualization when tuning the model by 

comparing the values of train loss, valid loss and error rate. 

This research uses the one-cycle policy optimization method developed by Leslie 

Smith in 2018. By modifying the learning rate to hasten convergence and avoid 

overfitting, this technique seeks to train the model effectively [33]. The best weight decay 

value is first 1e-6 (0.000001) and eventually 1e1 (10). Fig 4 illustrates how to use the 

learning rate finder approach to get the ideal learning rate. The process of finding the 

optimal learning rate using the learning rate finder method is shown in Fig. 4. 
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Figure 4. The Most Optimal Learning Rate Value 

 

The Learning Rate Finder produced the curve shown in Fig. 3, where loss is shown 

on the y-axis and learning rate is plotted on the x-axis. The “valley” point on the loss 

curve denotes the ideal learning rate and is the lowest point. The optimal point shown as 

“valley” in the figure, is used to determine the lr_max value. Based on Fig. 3. Lr_max 

value of about 1.13×10-3 was chosen, as it shows a sharp increase in loss after the optimal 

point, indicating it is the best before the loss increases again. 

Visualizations of train loss, valid loss and error rate at 25, 50 and 100 epochs are 

shown in Fig. 5 shows the training using 25 epochs, (a) without augmentation (b) with 

augmentation, Fig. 6 shows the training using 50 epochs, (a) without augmentation (b) 

with augmentation, Fig. 7 shows the training using 100 epochs, (a) without augmentation 

(b) with augmentation. 
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(a) (b) 

Figure 5. Training and validation loss and error rate at 25 epoch for (a) without 

augmentation and (b) with augmentation 

  

(a) (b) 

Figure 6. Training and validation loss and error rate at 50 epoch for (a) without 

augmentation and (b) with augmentation 

  

(a) (b) 

Figure 7. Training and validation loss and error rate at 50 epoch for (a) without 

augmentation and (b) with augmentation 
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Comparison of visualization train loss, valid loss, and error rate at 25, 50, and 100 

epochs is shown in Table 2. From the results of the comparison value in Table 2. It can 

be concluded that the model using augmentation techniques at 50 epochs is the best 

performing model by looking at the results of train loss and valid loss which tend to be 

balanced, indicating that the model can generalize new data well and the model also does 

not occur overfitting. 

3.4  Model Evaluation 

To determine the ideal model combination, model evaluation is required. A matrix 

can be used to evaluate a model by taking into account many factors, including accuracy 

and confusion matrix findings. A visual assessment tool for machine learning is the 

confusion matrix [31]. To calculate all potential cases of classification difficulties, the 

confusion matrix's columns reflect the predicted class results, while its rows represent the 

actual class results [34]. The calculation results and Comparison of precision, recall, f1-

score, and accuracy is shown using confusion matrix are shown in Fig. 8. 

 

Table 2. Comparison of Visualization Result Values 

Variable 

Without 

augmen. 

(25 epoch) 

With 

augmen. 

(25 

epoch) 

Without 

augmen. 

(50 epoch) 

With 

augmen. 

(50 

epoch) 

Without 

augmen. 

(100 

epoch) 

With 

augmen. 

(100 

epoch) 

Train 

loss 
0.008626 0.007812 0.002607 0.002599 0.008523 0.006596 

Valid 

loss 
0.048414 0.014932 0.045147 0.021599 0.054004 0.033828 

Error 

rate 
0.006629 0.004617 0.006629 0.004617 0.005120 0.000175 
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Figure 8. Visualization of Confusion Matrix 

 

3.5  Error Analysis 

Error analysis was conducted to identify limitations in the classification model. This 

analysis aimed to identify factors causing the model to fail in making predictions, 

particularly for letters of the alphabet that are similar in shape. Examples of images that 

were incorrectly classified by the model are shown in Table 3. 

 

Table 3. Misclassified Alphabet Images 

No. Techniques Actual Label Predicted Label 

1 

 

E S 

2 

 

N S 
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3 

 

C X 

 

Table 3 shows cases where the model failed to classify image objects. Most 

classification errors occurred because identical alphabet letters in the images indicated 

that the model tended to make mistakes when distinguishing between similar object 

structures. Minimal lighting on objects also affected the generalisation of the model's 

classification results. 

The results of this analysis indicate that the model still struggles to generalise under 

low-light conditions, with objects that have high noise levels, and characters with similar 

shapes. To address these shortcomings, the model can be improved by adding more 

representative training data for alphabet classes with identical shapes and enhancing the 

image quality of the dataset. 

 

3.6  Benchmarking with Previous Studies 

The model evaluation was conducted by comparing the performance of the 

developed ResNet-34 model with the results of other relevant research models. The model 

evaluation is shown in Table 4. 

 

Table 4. Benchmarking Model Results 

Model / 

Study 

Dataset 

Type 
Architecture Accuracy Augmentation Year 

Arisandi et al. 

2022 [6] 
BISINDO CNN 5-layer 93.00% No 2022 

Niswati et al. 

[11] 

Cervical 

cancer 

image 

ResNet-50 91.00% No 2022 

Ridhovan et 

al. 2022 [31] 

Leaf 

disease 

ResNet-

152V2 
95.00% Yes 2022 
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This study 
SIBI (24 

classes) 
ResNet-34 99.50% Yes 2025 

 

Based on the model comparison results in Table 4, the developed model shows 

competitive accuracy compared to previous studies. These comparison results show that 

the use of augmentation techniques on the dataset contributes significantly to improving 

model performance. 

4 Conclusions 

The best model performance CNN was found in the 50 epoch process using 

augmentation techniques with results precision 99.5%, recall 99.5%, F1-score 99.5%, and 

accuracy 99.5%. From these results it can be concluded that the ResNet-34 architecture 

used by the CNN algorithm effectively prevents vanishing gradient, and image 

augmentation approaches effectively prevent overfitting and increase the accuracy of the 

final model. The system could be a communication aid for the general public, especially 

those with speech and hearing impairments, provided it undergoes more real-world 

testing. 
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