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 This research focuses on the utilization of image processing 
techniques—the Convolutional Neural Networks (CNNs) and Extreme 
Learning Machine (ELMs)—to classify the characters of Wayang Kulit 
automatically. The Pandava characters or casts are classified in 
accordance with the characters from traditional Indonesian puppets, 
commonly known as shadow puppets. The focus is to introduce such 
rich cultural heritage to younger generations by using technology. 
Prior research has utilized classification of characters using 
Convolutional Neural Networks (CNNs), Extreme Learnings Machines 
(ELMs), and Support Vector Machines (SVMs), which led to varied 
accuracy levels. In our subsequent experiments, three proposed 
models, with varying underlying model assumptions, were evaluated. 
The proposed models generated moderate accuracies ranging from 
39 to 52%. The results suggest that our models have room for further 
development to enhance their performance. Strategies from 
parameter tuning to the in-depth analysis of the confusion matrix are 
discussed. Above all, the research is geared towards ensuring the 
appreciation and preservation of traditional cultural heritage in this 
digital era. 
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1. Introduction  

Wayang kulit is a traditional Indonesian art form originating from the Javanese ethnic group. 

It is recognized as a visual art form that embodies numerous values and profound 

philosophies. The characters in wayang kulit represent Hindu and Javanese mythology, 

crafted using dried and processed buffalo skin to hold colours and textures [1]. The early 

 
1 Corresponding Author:    
Budi Prasetiyo,  

Department of Information System, 

Universitas Negeri Semarang, 

Sekaran, Gunung Pati, Semarang, Central Java 50229, Indonesia. 

Email: bprasetiyo@mail.unnes.ac.id 

DOI: https://doi.org/10.52465/josre.v4i1.407 

https://shmpublisher.com/index.php/josre
https://creativecommons.org/licenses/by-sa/4.0/
mailto:bprasetiyo@mail.unnes.ac.id
about:blank
https://doi.org/10.52465/josre.v4i1.407


28 
 

existence of wayang kulit has been affirmed by the discovery of an inscription from King 

Balitung (889-911 After Century) [3]. To this day, wayang kulit has been listed by The United 

Nations Educational, Scientific and Cultural Organization (UNESCO) as a Representative List of 

the Intangible Cultural Heritage of Humanity in 2003. Wayang kulit is commonly used as a 

performance medium for enacting stories, primarily derived from the Ramayana and 

Mahabharata epics [2]. The performances, accompanied by messages about the meaning of 

life and how to live it, have also made wayang known as an ancient educational medium. This 

is realized through the variety of characters and traits in wayang kulit that represent common 

human characteristics, such as wisdom, generosity, greed, and humor. 

There are obstacles in the wayang kulit's preservation because public interest is waning, 

particularly among younger people. The Central Bureau of Statistics for Social and Culture's 

2021 data [4] illustrates this, revealing a 23.06% drop in the number of children five years of 

age and older who attended art exhibitions between 2018 and 2021. The state and its 

inhabitants share responsibilities for preserving cultural assets, including wayang kulit. One 

way to instil interest in wayang kulit among the younger generation is by introducing them to 

the characters in wayang kulit. One of the most popular characters in wayang is the Pandava 

from the Mahabharata epic. The Mahabharata story itself is widely known among the 

Javanese people alongside the influence of Hindu culture, which has affected many aspects 

of Javanese culture. Linguistically (in Sanskrit), Pandava means the five sons of Pandu, the 

King of Hastinapura [5]. These five sons are known as Puntadewa, Bima, Arjuna, Nakula, and 

Sadewa. The life stories of the Pandava have been frequently staged and adapted into wayang 

kulit performances because each character's story carries messages and noble values 

appreciated by the audience. 

The rapid development of technology is reaching various fields. Advanced technology is 

expected to introduce cultural heritage, such as wayang kulit, particularly the Pandava, to the 

younger generation. One branch of technology that has developed well is image processing. 

Image processing involves stages of creation, processing, and analysis to extract information 

contained in images [6]. Image classification is a form of image processing, which groups 

images based on their elements, where images are categorized according to shared traits [7]. 

Popular methods for image classification include K-Nearest Neighbour(KNNs), Convolutional 

Neural Networks (CNNs), and Support Vector Machines (SVMs). Previous studies have applied 

these methods to classify wayang kulit images. 

Transfer learning has been an important advancement in machine learning since it makes it 

possible to apply knowledge from one domain to another, improving the effectiveness and 

performance of models. This method makes use of pre-trained models on huge datasets to 

boost generalization, making it especially useful when working with sparse data in the target 

domain. Transfer learning has been shown to be useful in several applications, including 

speech recognition, natural language processing, and picture classification [20]. Researchers 

have shown that fine-tuning pre-trained models yields better results than starting from zero 

with model training. 

Convolutional Neural Networks (CNNs) are essential for applying transfer learning, 

particularly in computer vision applications. CNNs are made to use backpropagation to 
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automatically and adaptively learn the spatial hierarchies of features from input images. 

Because of these networks' capacity to capture local dependencies and scale invariance, 

significant progress has been made in picture recognition tasks [21], [22]. Moreover, the 

integration of Extreme Learning Machines (ELM) with CNNs has further enhanced model 

performance by offering a robust learning mechanism with faster training times and better 

generalization capabilities [23]. ELMs, known for their single hidden layer feedforward neural 

network architecture, provide a unique advantage in handling non-linear data efficiently, 

thereby complementing the strengths of CNNs in transfer learning scenarios [24], [25]. 

Pandava character classification has been previously conducted by Wiwit Supriyanti and 

Dimas Aryo Anggoro using the CNN (Convolutional Neural Network) method. This study 

achieved the highest accuracy rate of 93% with a loss function of 0.197, tested using 10% of 

the data for testing. Another study by Fryda Fatmayati et al. classified wayang kulit character 

types using the ELM (Extreme Learning Model) method, yielding an accuracy of 81%. This 

study used extracted results from Operation Morphology as input data. The SVM (Support 

Vector Machine) method was also employed by Muhathir et al. for the same subject, wayang 

kulit classification. In this study, features were extracted using Generalized Linear Model 

Classifiers (GLMCs), resulting in an accuracy rate of 83.2%. 

The distinction of this research from previous studies lies in its combination of CNN for feature 

extraction and ELM as the classification machine. ELM is a superior classification method for 

image classification. Compared to other more traditional classification methods, ELM offers 

advantages in speed, which is more ideal [11]. Extreme Learning Machine (ELM) assigns 

random values to the weights between the input and hidden layers, as well as the biases in 

the hidden layer. These parameters remain fixed during training [12]. For this research, the 

ELM model will be combined with CNN-based feature extraction. Compared to traditional 

methods for extracting bearing fault characteristics, deep neural networks, such as 

Convolutional Neural Networks (CNNs), can automatically extract intrinsic features without 

requiring expert knowledge[13].In such hybrid classification methods, the choice of 

classification method is crucial. The superior feature extraction capability of CNN can be 

maximized with the appropriate classification model. The optimization of CNNs with ELMs has 

been previously applied by Yusiong J. P. T. to classify tomato ripeness. The ELM model 

achieved an accuracy score of 96.67%. In waste classification by Yusiong J. P. T., the CNN-

ELMs combination model recorded an accuracy of 93.97%. Furthermore, this hybrid method 

has also been implemented in real-time parking space detection systems by Kaur R. et al., 

justifying the effectiveness of this model for classification problems. Based on previous 

research, ELMs will be used to optimize CNNs feature extraction for classifying wayang kulit 

characters, specifically the Pandava. 

 

2. Method  

This section will be explained how this research will be conducted. A dataset containing each 

character in the Pandava as label data will be required for the method to be developed. The 

following image will show the classification modelling flow along with evaluation metrics. The 
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research process will consist of three main stages: data preparation, modelling, and 

evaluation. The work flow of this research can be seen in  Kesalahan! Sumber referensi tidak 

ditemukan.Kesalahan! Sumber referensi tidak ditemukan.. 

  

 

Figure 1. Research model and flow 

Data preparation are processes that must be undergone before inputting data into the 

training model. It ensures that the data inputted into the training model meets the 

requirements of the model. This process has to be done to ensure that the model is able to 

function properly with optimal accuracy results. The classification model involves the process 

of training machine models according to the proposed method, namely CNN-ELMs. The 

evaluation stage is a review of the model's performance. Evaluation metrics used here include 

accuracy and confusion matrix consisting of precision, recall, f-1 score, and support. 

Conclusions regarding the performance of the constructed model will be drawn from the 

available evaluation metrics. 

2.1 Data Collection 

The dataset used consists of 400 images divided into 4 classes: Puntadewa, Bima, Arjuna, and 

Nakula_Sadewa. The combination of the Nakula_Sadewa characters is based on the 

consideration that they are depicted as twin brothers. The differences between them, such 

as characteristic traits and behaviours, are not measured in this research. The data was 

obtained through online scraping using Python tools and the bing_image_downloader library. 

The images were then stored in four different folders corresponding to the four distinct 
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classes. The sample data excerpts obtained from the scraping process for each Pandava 

character can be seen in Kesalahan! Sumber referensi tidak ditemukan.. 

Figure 2. Data sample 

2.2 Data Pre-Processing 

Data preprocessing is the process of preparing data to ensure that the data format to be 

inputted meets the requirements of the training model. Data preprocessing aims to improve 

image quality, normalize images, and reduce noise or artifacts in the images [17]. It includes 

data filtering, resizing, cantering images, normalization, standardization, and conversion 

processes. Data filtering involves manually removing unnecessary data after scraping. 

Subsequently, the data is resized to have a uniform size and meet the model's requirements 

in this research, the pictures resized into 224 × 224. After resizing, the main training objects 

in the images are cantered to facilitate model performance. The images are then normalized 

by normalizing pixel values to the range of 0-1. Standardization reduces the mean and divides 

by the standard deviation of pixel values. Additionally, images are imported in RGBA format, 

which stands for Red, Green, Blue, and Alpha, which are the four channels used to define a 

colour in digital images and graphics. This process does not involve removing, standardizing, 

or deleting noise backgrounds, as the presence of image noise can help the model learn to 

capture the shapes of the main characters. The after-preprocessing data samples can be seen 

in Kesalahan! Sumber referensi tidak ditemukan.. 
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Figure 3. After pre-processing data sample 

2.3 Data Augmentation 

In this study, image augmentation is used as a technique to increase the quantity and variety 

of training data by applying random transformations to images. Augmentation aims to make 

the model more robust and capable of recognizing objects under various conditions. The 

augmentation techniques used include rotation, which rotates the image at random angles; 

flipping, which flips the image horizontally or vertically; zooming, which enlarges or reduces 

the image; shifting, which moves the image horizontally or vertically; brightness adjustment, 

which changes the brightness of the image; and shearing, which applies geometric distortion 

to the image. By introducing additional variations in the data, this augmentation helps 

prevent overfitting and improves the model's generalization ability, enabling the model to 

perform better on previously unseen data. 

2.4 Data Split 

Data split is the process of dividing data into training and testing datasets. This study will 

demonstrate model performance experiments based on different data splits. The first data 

split uses a ratio of 10% testing and 90% training, followed by 20% testing and 80% training, 

and finally 30% testing and 70% training data. Diverse data splits are expected to provide 

better evaluation analysis. 

2.5 CNN Features Extraction and ELM Classification 

A deep learning model termed Convolutional Neural Network (CNN) is especially made for 

recognizing and interpreting grid-based data, such pictures [17]. Generally, CNNs consist of 

three layers of artificial neural networks, including the flattening layer, pooling layer, and 

convolutional layer. In the convolutional process, a set of kernels is convolved along the input 

data, extracting local features from the input data [17]. In the pooling layer, the size of the 

image is reduced while the efficiency of the process is continuously improved [17]. After that, 

a feature map is created by applying an activation function to the values obtained by the 

convolutional operation [18]. 

Convolutional Networks are one of the most compatible methods for extracting features from 

images, which can be utilized for various machine learning tasks, especially classification and 

regression problems. ImageNet has provided pre-trained architectures for image 

classification tasks using Convolutional Network structures. One of the ImageNet 

architectures suitable for feature extraction is the Visual Geometry Group 16(VGG16) 

architecture. Visual Geometry Group 16(VGG16) evaluates neural networks by increasing the 

depth of images using very small convolutional filters, namely 3×3. Constructing such an 
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architecture will enhance the quality of prior art configurations. By increasing the depth to 

16-19 layers, approximately 138 trainable parameters can be obtained. VGG16 has become a 

popular algorithm for image classification and is easily adaptable for transfer learning. The 

architecture of VGG16 can be seen in Kesalahan! Sumber referensi tidak ditemukan.. 

 

Figure 4. VGG16 features extraction 

VGG16 is built using 26 layers with their own weights. This architecture comprises 13 

Convolutional Layers, five Max Pooling layers, and three Dense layers. In total, there are 21 

layers, but only 16 layers have weights. In this study, the VGG16 used will remove or not 

involve the Softmax layer, which contains neurons for classification. The Softmax layer will be 

replaced with hidden layers constructed based on the Extreme Machine Learning (ELM) 

architecture. The basic architecture of ELMs can be seen in Kesalahan! Sumber referensi 

tidak ditemukan.. 

 

Figure 5. Basic architecture of extreme machine learning algorithm [19] 
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The ELM architecture consists of three layers: the input layer, hidden layer, and output layer. 

In this architecture, the input layer and hidden layer are connected by weighted vectors 

whose values are randomly determined. Biases connecting between nodes in the hidden layer 

are also randomly determined [19]. The output layer produces weights used to determine the 

class in the testing process. 

2.6 Accuracy 

Accuracy is the common evaluation metrics used to assess the performance of a classification 

model. Accuracy is computed as the ratio of correct predictions to the total number of 

predictions made by the model. Mathematically, accuracy can be expressed in Equation 1. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑆𝑢𝑚 𝑜𝑓 𝑅𝑖𝑔ℎ𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑆𝑢𝑚 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
 

 
(1) 

Accuracy provides a general overview of how effective the model classifies data correctly. 

However, accuracy alone is not sufficient to understand the model's performance, especially 

if the data is imbalanced (when some classes are more dominant than others). In such cases, 

additional evaluation metrics are needed to provide a deeper understanding of the model's 

performance. 

2.7 Confusion Matrix 

The confusion matrix, which lists the proportion of accurate and inaccurate predictions for 

each class, is a crucial tool for evaluating the performance of a classification model. It is set 

up as a table that shows the numbers of accurate and inaccurate forecasts for every category. 

Numerous important evaluation measures, including precision, recall, F1-score, and support, 

can be obtained from this matrix.  

Precision is defined as the proportion of correct positive predictions among all the positive 

predictions generated by the model in Equation 2. High precision signals a low number of 

false positives. Recall, sometimes referred to as sensitivity or true positive rate, is shown in 

Equation 3. It measures the proportion of accurate positive predictions among all actual 

positive events. A high recall means that the model is able to correctly identify most positive 

examples. The F1-score, which is the harmonic mean of recall and precision and offers a 

metric that balances both, can be computed using Equation 4. Recall and precision are well-

balanced in the model when the F1-score is high. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑠𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠(𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠(𝑇𝑃) + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠(𝑇𝑁)
 

 

(2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑃) + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠(𝐹𝑁)
 

 
(3) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑠𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

(4) 
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Support is the number of actual occurrences of each class in the dataset. Support provides 

information about the class distribution in the data and helps understand the context of other 

evaluation metrics. 

3. Results and Discussion  

The data splitting resulted in three sets with different ratios: 70%:30%, 80%:20%, and 

90%:10%. Each split produced a test set containing 232 data points and a training set 

containing 141 data points, a training set containing 368 data points and a test set containing 

95 data points, and a training set containing 414 data points and a test set containing 49 data 

points. The data splitting was performed per class to ensure a better distribution of data 

variations. 

The classification model's performance on the validation set with 70% data training and 30% 

data testing is moderately accurate, achieving an overall accuracy of 50%. This indicates the 

model can identify some validation samples correctly, but there's room for improvement. The 

confusion matrix gives a detailed information breakdown of true and predicted classes, 

revealing the model's performance for each class. The classification report can be seen in 

Table 1. 

Table 1. Classification report of 70% and 30% data split classification 

Class Precision Recall F1-score Support 

bima 0.36 0.31 0.33 30 

arjuna 0.56 0.65 0.60 30 

nakula_sadewa 0.36 0.26 0.31 30 

puntadewa 0.62 0.73 0.67 45 

accuracy - - 0.50 133 

macro avg 0.47 0.49 0.48 133 

weighted avg 0.48 0.50 0.49 133 

 

The model struggles with 'bima,' having a precision of 0.36, recall of 0.31, and F1-score of 

0.33. This suggests moderate identification of 'bima' samples with a higher rate of 

misclassification. The class‘arjuna' performs best, with a precision of 0.56, recall of 0.65, and 

F1-score of 0.60. The high recall indicates the model successfully identifies most 'arjuna' 

samples. The nakula_sadewa class underperforms with a precision of 0.36, recall of 0.26, and 

F1-score of 0.31. The low recall suggests the model misses many 'nakula_sadewa' samples. 

'puntadewa' has the best metrics with a precision of 0.62, recall of 0.73, and F1-score of 0.67, 

demonstrating reliable predictions for this class. Macro-average precision, recall, and F1-

score are 0.47, 0.49, and 0.48, respectively. Weighted averages (0.48 precision, 0.50 recall, 

0.49 F1-score) account for class imbalance by considering the number of instances in each 

class. These values better represent the model's overall performance, morever with 

imbalanced datasets. The confusion matrix highlights classes where the model struggles. 

'bima' and 'nakula_sadewa' have a high number of misclassified samples. 'puntadewa' has the 

highest number of correctly classified samples (32 out of 44), indicating better model 

performance for this class. 
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The classification model's performance on the validation set of 80% data training and 20% 

data testing demonstrates an accuracy of 52%. This suggests that the model correctly 

classifies just over half of the validation samples. The confusion matrix and classification 

report provide detailed insights into the model's performance across different classes. The 

complete classification report for this dataset can be seen in Table 2. 

Table 2. Classication report for the 80% and 20% data split classification 

Class Precision Recall F1-score Support 

bima 0.37 0.33 0.35 21 

arjuna 0.60 0.43 0.50 21 

nakula_sadewa 0.52 0.61 0.56 23 

puntadewa 0.56 0.63 0.59 30 

accuracy - - 0.52 95 

macro avg 0.51 0.50 0.50 95 

weighted avg 0.52 0.52 0.51 95 

 

The model shows a precision of 0.37, recall of 0.33, and F1-score of 0.35 for the class 'bima'. 

This indicates a moderate ability to correctly identify samples of this class but also highlights 

frequent misclassifications. The ‘arjuna’ class has a precision of 0.60, recall of 0.43, and F1-

score of 0.50. The precision is relatively higher, suggesting the model makes fewer false 

positive errors for ‘bima’ class. ‘nakula_sadewa’ class perform with a precision of 0.52, recall 

of 0.61, and F1-score of 0.56, the model shows a better balance between precision and recall 

for this class, although the recall is notably higher. ‘Puntadewa’ class achieved the highest 

recall of 0.63 and an F1-score of 0.59, indicating the model's strong performance in identifying 

'puntadewa' samples. The macro average precision, recall, and F1-score are 0.51, 0.50, and 

0.50 respectively, reflecting the performance of the model across all classes equally. The 

weighted average precision, recall, and F1-score are 0.52, 0.52, and 0.51 respectively, which 

account for the support (number of true instances) of each class. These metrics are slightly 

higher than the macro averages, indicating a slight imbalance in class distribution. The 

confusion matrix shows that the model has difficulty distinguishing between 'bima' and 

'puntadewa', as well as 'arjuna' and 'nakula_sadewa', leading to significant misclassifications. 

The class 'puntadewa' has the most correctly classified samples with 19 out of 30 samples 

correctly identified, demonstrating that the model can distinguish this class more effectively 

than others. 

The 90% data training and 10% data test set got overall 0.39 accuracy. The accuracy score of 

0.39 suggests that the classifier correctly predicts 39% of the instances in the test dataset. 

While this indicates some predictive capability, it also highlights the need for improvement. 

Achieving higher accuracy is crucial for reliable and effective classification tasks. Therefore, 

it's essential to explore strategies to enhance the classifier's performance. The complete 

classification report can be seen in Table 3. 

Table 3. Classification report for the 90% and 10% data split classification 
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Class Precision Recall F1-score Support 

bima 0.12 0.09 0.11 11 

arjuna 0.50 0.64 0.56 11 

nakula_sadewa 0.33 0.08 0.13 12 

puntadewa 0.42 0.67 0.51 15 

accuracy - - 0.39 49 

macro avg 0.34 0.37 0.33 49 

weighted avg 0.35 0.39 0.34 49 

 

The 'bima' class, the precision stands at a mere 0.12, with recall and F1-score registering at 

0.09 and 0.11, respectively, indicative of limited ability to accurately identify instances of this 

class. Conversely, the 'arjuna' class exhibits more promising metrics, with precision, recall, 

and F1-score reaching 0.50, 0.64, and 0.56, respectively, suggesting relatively better 

performance in correctly classifying 'arjuna' samples. 'Nakula_sadewa' class, however, 

displays lower precision at 0.33, with recall and F1-score at 0.08 and 0.13, respectively, 

indicating challenges in both accurately identifying and recalling instances of this class. 

'Puntadewa' class demonstrates a precision of 0.42, recall of 0.67, and F1-score of 0.51, 

showed a relatively balanced performance in both precision and recall. The accumulation 

accuracy recorded at 0.52, indicating correct predictions for 52% of instances in the test 

dataset. Macro-average metrics, encompassing precision, recall, and F1-score, yield values of 

0.34, 0.37, and 0.33, respectively, highlighting the overall model performance across all 

classes. Similarly, the weighted average metrics, accounting for class support, are marginally 

higher at 0.35, 0.39, and 0.34 for precision, recall, and F1-score, respectively. These results 

underscore the necessity for targeted improvements, particularly in classes with lower 

precision and recall, to enhance overall classifier efficacy and predictive accuracy. 

In summary, the performance of the classification model varies across different validation 

sets. For the 70% data training and 30% data testing validation set, the model achieves a 

moderate accuracy of 50%, indicating its ability to correctly identify some validation samples 

but also highlighting areas for improvement. Similarly, with 80% data training and 20% data 

testing, the model demonstrates an accuracy of 52%, suggesting slightly improved 

performance in correctly classifying validation samples. However, the validation set with 90% 

data training and 10% data testing yields a lower accuracy score of 39%, indicating the need 

for further enhancement to achieve more reliable and effective classification. Therefore, it is 

imperative to explore strategies aimed at improving the model's performance, such as fine-

tuning model parameters, optimizing feature selection, or addressing class imbalances. 

Additionally, conducting a thorough analysis of the confusion matrix and classification reports 

across different validation sets can provide valuable insights for refining the model and 

achieving higher accuracy in future iterations. 

4. Conclusion  

We have observed the classification model of wayang kulit using CNN-ELM method. The 
classification model is built by integrating the CNN image features extraction and ELM 
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classification architecture. The model's performance across different validation sets varies, 
with accuracy scores ranging from 39% to 52%. While the accuracies achieved on the 70% 
data training and 30% data testing, and 80% data training and 20% data testing sets indicate 
moderate performance, correctly classifying around half of the validation samples, the lower 
accuracy of 39% on the 90% data training and 10% data testing set suggests poorer 
performance. We have explained how the CNN-ELM method used has good performance in 
classifying images, but this research has not provided evidence of how this method will have 
significant performance in classifying Wayang Kulit images. This may be due to the quality of 
the data used, the complexity of the sample images, and the suboptimal model development. 
This research can be used as a reference for future researchers, so that the application of 
CNN-ELM in a certain way can be significantly beneficial in broader fields, including Wayang 
Kulit. We are open to extensive future improvements regarding the method we used. For 
future research, broader exploration can be conducted in the application of the CNN-ELM 
method. The shortcomings produced by this method for specific cases such as Wayang Kulit 
can open up space for greater improvements that will provide exciting possibilities for 
advances in the field of machine learning, especially image classification. Thus, this method 
can be applied in broader fields and contribute more to society in general and future 
researchers. 
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