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Abstract: Accurately distinguishing Indonesian banknote denominations remains challenging for 

older adults and people with visual impairments, especially after the recent release of a redesigned currency. 

To address this gap, we propose an intelligent recognition system based on deep transfer learning with 

systematic hyperparameter optimization. Our approach fine-tunes a pre-trained ResNet-50 backbone while 

simultaneously calibrating the learning rate, batch size, and training epochs via an am-optimized grid search. 

Extensive experiments across multiple convolutional neural-network architectures confirmed that the 

ResNet-50 model, trained with a learning rate of 0.0001, batch sizes 20 and 15 epochs, achieved state-of-

the-art performance: 99.29 % accuracy, 99.32 % precision, 99.29 % recall, and 99.29 % F1-score. These 

findings demonstrate that carefully tuned transfer-learning pipelines can deliver near-perfect classification 

of the new Indonesian banknote series while retaining strong generalization to previously unseen images, 

thereby offering a practical assistive tool for the visually impaired and elderly. 
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基于 Adam 优化的深度迁移学习在印度尼西亚纸币面额识别中的超参数

分析 

摘要 

对于老年人和视障人士而言，精准区分印度尼西亚纸币面额依然颇具挑战，尤其在新版纸币发行

后这一问题更加突出。为弥补研究空缺，本文提出一种整合深度迁移学习与系统化超参数优化的

智能识别系统。我们以预训练 ResNet-50 为骨干网络实施微调，并借助 Adam 优化的网格搜索同时

校准学习率、批量大小和训练轮数。对多种卷积神经网络架构展开的大量实验表明，当学习率设

定为 0.0001、批量大小为 20、训练 15 轮时，ResNet-50 模型取得了业界领先的性能：准确率 

99.29%，精确率 99.32%，召回率 99.29%，F1 分数 99.29%。结果显示，经过精细调参的迁移学习

流程不仅能对新版印度尼西亚纸币实现近乎完美的分类，还能在未见样本上保持优异的泛化能力

，从而为视障人士与老年人提供实用的辅助工具。 

关键词 

深度迁移学习；ResNet-50；卷积神经网络；印度尼西亚纸币识别；超参数优化；辅助计算机视觉 

1. Introduction

Daily cash transactions constitute a fundamental 

component of both individual and national economic 

activity. As Lubis [1] notes, routine exchanges of goods 

and services rely on the smooth use of currency as a 

medium of exchange. While handling money is 

effortless for sighted people, older adults and those with 

visual impairments often struggle to distinguish 

banknote denominations because of age-related vision 

decline or a total loss of sight. This difficulty can erode 

confidence in social interactions and expose vulnerable 

users to fraud and financial exploitation. The recent 

introduction of redesigned Indonesian banknotes has 

further complicated the task of quick and reliable 

banknote identification. 

Over the past decade, computer vision systems powered 

by deep learning have revolutionized object recognition 

in images (Chen et al. [2]; Chai et al. [3]). Convolutional 

neural networks (CNNs) can automatically learn 

hierarchical visual features, enabling robust 

classification of complex image data.  

Pribhdas [4] and Górriz et al. [5] highlighted how 

refinements in network depth and architecture, coupled 

with advances in explainable artificial intelligence 

(Ahmed et al. [6]), have expanded the scope of assistive 

technologies. 

Banknote recognition has directly benefited from these 

advances. Sadyk et al. [7] reviewed CNN-based models 

tailored to currency identification, whereas Pham et al. 

[8] demonstrated that reflection-image analysis can

grade banknote fitness with high precision. Alzubaidi et

al. [9] provided a broader survey of CNN architectures

and noted their suitability for fine-grained visual-

classification tasks. Specific to the Indonesian rupiah,

Ramadhan et al. [10] applied fuzzy k-nearest-neighbor

methods, whereas Pham et al. [11] and Kumara et al. 

[12] showed that smartphone-captured images and

lightweight YOLOv8 detectors, respectively, could

facilitate denomination recognition for the visually

impaired.

Transfer-learning strategies further boost performance,

particularly when labelled currency datasets are limited.

Mallesh et al. [13] emphasized that knowledge transfer

improves the diagnostic accuracy in biomedical image

classification, a principle that is equally applicable to

currency. Meshram, Patil, and Meshram [14] evaluated

multiple pretrained CNNs on a banknote dataset and

identified ResNet-based models as top performers.

Similarly, Linkon et al. [15] combined a lightweight

CNN backbone with transfer learning to recognize

Bangladeshi banknotes and achieved state-of-the-art

results with a modest computational overhead.

Building on this literature, the present study investigates

how systematic hyper-parameter tuning, specifically

learning rate, batch size, and epoch count, affects the

performance of an Adam-optimized ResNet-50-based

transfer-learning pipeline for recognizing the latest

series of Indonesian banknotes. By focusing on end-user

needs and leveraging recent advances in deep learning,

we aim to deliver an accessible, high-accuracy assistive

tool that restores financial autonomy to the elderly and

visually impaired individuals.

This combination makes deep learning and CNN 

powerful technologies in various image processing 

applications, including recognizing Indonesian 

banknotes. 



Journal of Hunan University (Natural Sciences）  Vol. 52 No. 5, May 2025         

Page | 240 

Previous research related to the application of 

technology for recognizing paper currency includes the 

application of the Fuzzy K-nearest neighbor method to 

identify paper currency [10]. These methods often rely 

on manually provided feature representations, which 

may not be robust enough to capture the richness of 

features present in banknote denomination images. 

Other studies have identified banknote denominations 

by applying deep learning methods [11]. Furthermore, 

other researchers detected banknotes for blind 

communities using the Yolo8 algorithm. The results of 

this previous research have helped the blind because and 

even some research results have achieved a very high 

accuracy of 99%  [12]. However, the applied algorithm 

has weaknesses in overcoming the problem of large 

variations, such as banknote denominations under 

different conditions. 

Related to deep learning, this method also has several 

weaknesses, including a lack of knowledge transfer 

capability [13], limitations in adapting to new tasks, and 

a lack of robustness to limited data. Next, we applied the 

deep transfer learning method to overcome this 

weakness. These previous studies applied deep transfer 

learning with a different focus; for example, applying 

this method to the classification of Indian currency so 

that the process is faster and accuracy increases [14], for 

a lightweight model so that the model can be developed 

into an IoT-based system for detecting banknotes [15], 

detecting counterfeit money [16], detecting banknotes, 

and then converting them to audio forms aimed at the 

blind [17], [18]. These studies applied the deep transfer 

learning method to banknote identification owing to the 

various advantages of deep transfer learning. For 

example, it can leverage existing knowledge from 

previous models, reduce reliance on large training 

datasets, and increase a model's adaptability to new tasks 

or domains. With the learned features, the learning 

results can be transferred to a new task by utilizing a 

smaller dataset, thereby accelerating the training 

process. This occurs because of the use of a network that 

has previously been trained and can extract a variety of 

features [19], so that it has a better ability to recognize 

special features. 

Therefore, our research also applied deep transfer 

learning to identify nominal banknotes. To develop the 

pre-trained model, we explored several architectures:  

VGG-16, ResNet50, and EfficientNetV2M. Next, 

training and fine-tuning are performed on the pre-trained 

model with the Adam Optimizer. This was intended to 

produce the most optimal pre-trained model for 

recognizing Indonesian banknote denominations. Our 

research also carried out further testing and analysis of 

existing parameters to produce a model that could 

identify banknote denominations with the best 

performance. 

2. MATERIAL AND METHOD
This chapter explains the data collection process and

the techniques used in this research. This describes how 

the data were systematically gathered to ensure 

relevance. In addition, this chapter outlines the specific 

methods employed to support the research objectives. 

This study used a quantitative experimental research 

method that focused on the systematic testing and 

evaluation of deep transfer learning models. This 

process involved structured experiments using three pre-

trained CNN architectures (VGG-16, ResNet50, and 

EfficientNetV2M), followed by fine-tuning using the 

Adam optimizer. Key hyperparameters, including the 

learning rate, batch size, and number of epochs, vary 

across controlled trials. Model performance was 

measured using standard metrics such as accuracy, 

precision, recall, F1 score, and AUC to ensure rigorous 

analysis. This scientific method allows for 

reproducibility and supports empirical conclusions 

regarding the most effective model configuration for 

Indonesian banknote classifications. 

2.1. Data Collection 

The primary data used in this research were 

obtained by taking pictures directly using a cell phone 

camera. The image data used in this research were 

obtained from images of Indonesian banknotes for the 

year 2022. Image data were taken from banknotes in 

good condition and in conditions with signs of folding 

or damage. The research population included all images 

of Indonesian banknotes for the 2022 issue of seven 

nominal values, and the sample data consisted of 840 

images. 

The sampling process involves photographing 

images of banknotes under various conditions, such as 

Figure 1. Sample of Indonesian banknotes issued in 2022 

Source: Developed by the authors 
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upside-down, folded, and with poor lighting. An 

example of the sample image data is shown in Figure 1. 

The objective of this study, namely the 2022 edition 

of Indonesian banknotes, was chosen because of its 

relevance and urgency in the real world. The newly 

launched banknotes pose significant challenges for the 

elderly and the blind in identifying denominations 

owing to changes in color, layout, and security features. 

By addressing this issue, this study makes a practical 

contribution, especially to the development of assistive 

technology, such as mobile applications or embedded 

systems that help users identify banknotes accurately 

and independently in daily financial transactions. 

2.2. Proposed Method 

The method proposed in this study consists of 

several steps, as shown in Figure 2. After the dataset 

containing image data of Indonesian banknote 

denominations is formed, the next step is data pre-

processing. Preprocessing is the process of carrying out 

steps on data before it is used for training or further 

analysis, and aims to prepare the image so that it is ready 

for processing at the next stage. Good preprocessing will 

have a positive effect on the model performance. The 

desired features in an image are expected to become 

more prominent [17]. At this stage, the images are 

resized to 224 × 224 pixels in RGB color format and 

categorized into appropriate class labels. Next, the 

image data are saved in pickle format, and the class 

labels are saved in a CSV file for the analysis and 

training of banknote nominal recognition models. 

Deep transfer learning involves leveraging models 

trained on large and diverse datasets and fine-tuning 

them for a specific task. In this study, we focus on three 

popular pre-trained models, VGG-16, ResNet50, and 

EfficientNetV2M, highlighting their architecture and 

implementation steps in the context of Indonesian 

banknote identification. 

• VGG-16

VGG-16 is a convolutional neural network model 

proposed by the Visual Geometry Group at the 

University of Oxford. It is known for its simplicity and 

effectiveness and is characterized by its deep 

architecture with 16 layers. This architecture requires an 

input size of 224 × 224 × 3, and consists of 13 

convolutional layers, five max-pooling layers, and three 

Fully Connected layers. The output of the convolutional 

layer can be formulated using Eq. (1).  

𝑂 = (
𝑊−𝐹+2𝑃

𝑆
+ 1) × (

𝐻−𝐹+2𝑃

𝑆
+ 1) × 𝐾     (1)  

where W, H is the Width and Height of the input, 

respectively, F is the Filter size, P is the Padding, S is 

the Stride, and K is the Number of filters. The output of 

the pooling layer is formulated as in Equation (2). 

𝑂 = (
𝑊−𝐹

𝑆
+ 1) × (

𝐻−𝐹

𝑆
+ 1) × 𝐷    (2)  

Where D is the Depth of input (number of channels) 

• ResNet50

ResNet50 (Residual Network) is a deep neural

network that introduces residual learning to solve the 

vanishing gradient problem in very deep networks. The 

architecture consists of 50 layers. It consists of residual 

blocks that utilize identity blocks and convolution with 

skip connections to bypass the nonlinearity. Its 

convolution layers included 49 convolution layers, 

followed by fully connected layers. Batch normalization 

Figure 2. The proposed method to identify the Indonesian banknote nominal 

Source: Developed by the authors 

        

                    

            

                       



Journal of Hunan University (Natural Sciences）  Vol. 52 No. 5, May 2025         

Page | 242 

was applied after each convolution to normalize the 

activations, and the activation function used was the 

ReLU activation function [20]. The output of the 

residual block is given by Equation (3): 

𝑂 = 𝑅𝑒𝐿𝑈(𝐹(𝑥) + 𝑥)      (3)  

Where F(x) is the convolutional operations, and x is the 

input tensor.  

• EfficientNetV2M

EfficientNetV2M is an efficient neural network

architecture with a 224 × 224 × 3 input size that utilizes 

compound scaling for adaptive depth, width, and 

resolution adjustments. It employs MBConv and Fused-

MBConv layers, optimized for efficient feature 

extraction, and achieves high performance across 

diverse computational resources. The formula for the 

MBConv block output is given by Equation (4): 

𝑂 = 𝐶𝑜𝑛𝑣2𝐷 (𝐷𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣2𝐷(𝐶𝑜𝑛𝑣2𝐷(𝑥)))  (4)  

Where Conv2D is the standard convolution, and 

DepthwiseConv2D is Depthwise separable convolution. 

The formula for compound scaling is defined by 

Equation (5).  

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑁𝑒𝑡 𝑆𝑐𝑎𝑙𝑖𝑛𝑔: {𝑑 = 𝛼2, 𝑤 =  𝛽2, 𝑟 = 𝛾2}       (5)  

where d is the network depth, w the network width, and 

r the input resolution. 

Training and fine-tuning a pre-trained model with 

the Adam optimizer involves leveraging transfer 

learning capabilities to adapt a model's parameters to our 

dataset. Adam, an adaptive learning rate optimization 

algorithm, adjusts the learning rates for each parameter 

individually, resulting in efficient optimization and 

faster convergence. By initializing the model with pre-

trained weights learned from ImageNet and fine-tuning 

it on a target dataset using Adam, our model can 

effectively learn specific features while benefiting from 

the general knowledge captured during pre-training. 

The next step, testing and analyzing the 

performance of a pre-trained model, involves a 

systematic evaluation to determine how well the model 

generalizes to new, unseen data. This process started by 

using the pre-trained model to make predictions on a 

separate test dataset that was not used during training. 

Performance was quantified using metrics such as 

accuracy, precision, recall, F1-score, AUC, and 

computation time. These steps generate the best pre-

trained model. 

Related to hyperparameters, this research involves 

testing and analyzing the performance of different 

learning rates, batch sizes, and the number of epochs. 

First, testing and analysis were performed to determine 

the impact of various learning rate settings on the 

training process and model performance. This process 

begins by training the model multiple times using 

different learning rates. After each training session, key 

metrics such as accuracy, loss, and convergence speed 

were recorded. A lower learning rate might result in 

slow convergence, whereas a higher learning rate might 

cause the model to overshoot the optimal point or result 

in unstable training. By comparing these results, we can 

determine the most effective learning rate that balances 

fast convergence with stable and accurate training 

outcomes, ultimately enhancing the performance of the 

model on the validation or test dataset. 

Second, testing and analyzing the performance of 

different batch sizes involves evaluating how various 

batch sizes affect the training efficiency and model 

performance. This process includes training the model 

multiple times using different batch sizes and recording 

metrics such as training time, model performance, and 

loss. Smaller batch sizes may lead to more stable updates 

and better generalization; however, they can be slower 

and more computationally intensive. Larger batch sizes 

can speed up training; however, they might result in less 

accurate gradient estimates and poorer generalization. 

By comparing these results, the optimal batch size can 

be determined by balancing the training speed, resource 

utilization, and model performance on the validation or 

test dataset. 

Third, testing and analyzing the performance of the 

number of epochs involves evaluating how varying the 

number of epochs affects the model training and 

performance. This process includes training the model 

multiple times with different epoch counts and tracking 

key metrics such as training loss, validation loss, and 

accuracy. Fewer epochs might result in underfitting, 

where the model has not learned enough from the data, 

whereas too many epochs can lead to overfitting, where 

the model performs well on training data but poorly on 

unseen data. By examining these metrics across different 

epoch settings, the optimal number of epochs can be 

identified, ensuring that the model learns sufficiently 

without overfitting, thereby maximizing performance on 

the test dataset. 

The next step was to evaluate the performance of the 

classification to assess the model’s performance and 

effectiveness in correctly identifying different 

denominations. This process includes the use of a test 

dataset of banknote images that the model had not seen 

before. The performance metrics used were accuracy, 

precision, recall, F1-score, and AUC, which were 

calculated to determine how well the model 

distinguished between various denominations. 

Confusion matrices were analyzed to identify specific 

misclassifications. This comprehensive evaluation 

ensures that the model is reliable and accurate for 

practical applications in the identification of Indonesian 

banknotes. 

Then, if the optimal model is not generated, the 

training and fine-tuning of the pre-trained model using 

the Adam Optimizer are repeated. If the optimal model 
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has been generated, it can be used to identify Indonesian 

banknote denominations that help the elderly and blind. 

3. EXPERIMENTAL RESULT

This section describes the data mined for this 

research. It also presents test results and evaluates the 

performance of the model. Finally, this chapter provides 

an analysis of the results. 

3.1. Data Description 

This research uses a total of 840 Indonesian banknote 

images for the 2022 issue year with nominal values of 

IDR 1,000.00, IDR 2,000.00, IDR 5,000.00, IDR 

10,000.00, IDR 20,000.00, IDR 50,000.00, and IDR 

100,000.00. The data consist of seven classes based on 

nominal currency, and each class has 120 images. This 

research uses balanced data because dataset imbalance 

is a crucial aspect of model training that needs to be 

addressed, as in previous studies [21], [22], [23], [24]. 

In addition, with a balanced dataset, the model can better 

generalize and learn the features that represent each 

class, ultimately improving model performance [25], 

[26]. 

3.2. Implementation of Deep Transfer Learning 

The first step that must be taken is importing all 

libraries needed to build the model. Next, the dataset 

saved in Google Drive in pickle format is loaded. The 

dataset containing the images was converted into an 

array using the Numpy library. Image data are stored in 

the data array and label data are stored in the label data 

array. Next, One-hot encoding is performed, which is 

important in classification because it converts 

categorical variables into a format that the model can 

understand and allows it to process categorical data 

effectively to produce more accurate results [27], [28], 

[29], [30], [31]. Next, the dataset was divided into 80% 

training data and 20% testing data, which were used for 

model training. Once the data are ready to be processed, 

pre-training model initialization is performed. In this 

study, VGG-16, ResNet50, and EfficientNetV2M were 

used. The top layer of the model was then removed. The 

previous weights used the ImageNet dataset, and the 

input size expected by the model was 224 × 224 pixels 

with three RGB color channels. The base model is 

flattened, and custom layers are added, consisting of 

Dense, Batch Normalization, and Dropout. It ends with 

the Softmax activation function to perform classification 

with seven nominal currency classes. After the new 

model was built, the next step was to determine the 

optimizer for training the model. In this study, we used 

the Adam Optimizer by changing the learning rate 

values to 0.001, 0.0001, and 0.00001. The model is then 

compiled with metric accuracy and categorical cross-

entropy for multiclass classification. Next, the model 

was trained for 5, 10, and 15 epochs. The batch size was 

varied between 10, 20, and 30. After the training process 

is complete, the next step is to calculate the resulting 

evaluation metric values.This research uses a total of 

840 images of Indonesian banknotes for the 2022 issue 

year with a nominal value. 

3.3. Testing and Analyzing the Performance of the 

Pre-trained Model   

This study built a model using several pre-trained 

models. The next step is to test these models to find the 

most suitable one for identifying the nominal value of 

Indonesian banknotes. The pre-trained models used in 

this study were VGG-16, ResNet-50, and 

EfficientNetV2M. In addition to using pre-trained 

models, fine-tuning is required by adding additional 

layers. Therefore, this process also involves testing the 

effects of fine-tuning to determine the influence of the 

base pre-trained model and the pre-trained model with 

fine-tuning.  

The testing of the pre-trained models was 

conducted using seven scenarios: the pre-trained models 

from the three architectures without tuning, the pre-

trained models from the three architectures with tuning, 

and the pre-trained models with tuning. 

After seven combination trials of pre-trained models 

with and without tuning were performed, evaluation 

results for accuracy, precision, recall, f1-score, and AUC 

metrics were obtained. The evaluation metric results 

obtained after several experiments are listed in Table 1.  

Based on the test results that have been carried out, the 

performance of the three pre-trained models is measured 

using evaluation metrics, namely accuracy, precision, 

recall, f1 score, and AUC. Based on the combination of 

testing the pre-trained model and parameters without 

tuning, the performance of pre-trained model ResNet50 

had the highest performance, producing accuracy values 

of 98.57%, precision of 98.64%, recall of 98.57%, f1-

score of 98.56%, and AUC of 99.99%.  

Based on this performance comparison, it is known that 

not all pre-trained models are suitable for Indonesian 

banknote classification and the 2022 emission 

Indonesian currency dataset. Next, the ResNet50 pre-

trained model was chosen for implementation in 

building the Indonesian banknote classification model. 

To improve the model performance, fine-tuning is 
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performed by adding several layers and adjusting the 

hyperparameters. In this research, fine-tuning is 

performed by adding dense layers with values of 200, 

100, and 50 by the RELU activation function. A layer is 

also added to prevent overfitting, namely batch 

normalization, which normalizes the output of the 

convolution such that it can increase the stability and 

generalization of the model. To reduce the number of 

neurons randomly, A dropout value of 30% was 

required. A visualization of the results from comparing 

the accuracy of the three pre-trained models with fine-

tuning is shown in Figure 3. 

 From this figure, it can be seen that fine-tuning can 

improve the model's accuracy and performance. The 

accuracy of The EfficientNetV2M base model had an 

accuracy of 96.43%, after fine-tuning, it has increased 

by 2.14%, resulting in an accuracy of 98.57%. The 

ResNet50 base model had an accuracy of 98.57%, after 

fine-tuning, the model's performance increased by 

0.72%, resulting in an accuracy of 99.29%. However, 

the accuracy decreases when the VGG16 base model is 

fine-tuned. The VGG16 base model had an accuracy of 

94.29%; after fine-tuning, it became 89.29%. The 

performance of the VGG16 model decreased by -5%. 

Next, the experiment was performed without using a 

pretraining model. Experiments without a pre-trained 

model produced lower performance, with an accuracy of 

87.14%. 

Based on the results of the various experiments 

above, the ResNet50 model pre-trained with fine-tuning 

has the most optimal performance with a faster 

computation time than the other models pre-trained, 

namely 137,703 s. Implementing a suitable pre-trained 

model architecture and correct dataset can increase the 

accuracy of the resulting classification model. It is also 

known that the performance of the pre-trained model 

will be more optimal if fine-tuning is performed. It is 

important to adapt the previously trained model 

architecture to a new case or task, namely, classification 

of Indonesian banknotes. Adding a fine-tuning layer 

must be precise because not all pre-trained models are 

trained with the same dataset beforehand. This requires 

adjustment by changing the parameters. Meanwhile, if 

we do not use a pre-trained model, the performance will 

be lower because the model has not learned sufficient 

patterns with a small dataset. Therefore, transfer 

learning is required using a pre-trained model, which 

can improve model performance. 

 Table 1. The result of Pre-trained Model Testing 

Source: Developed by the authors 

No 
Pre-trained 

Model 
Parameter 

Metrics Evaluation 
Time 

(second) Accuracy Precision Recall 
F1-

Score 
AUC 

1 VGG16 without tuning 0.9429 0.9501 0.9429 0.9426 0.9984 167.941 

2 ResNet50 without tuning 0.9857 0.9864 0.9857 0.9856 0.9999 163.46 

3 EfficientNetV2

M

without tuning 0.9643 0.9659 0.9643 0.9645 0.9994 396.841 

4 VGG16 tuning 0.8929 0.9263 0.8929 0.8906 0.9999 206.178 

5 ResNet50 tuning 0.9929 0.9931 0.9929 0.9928 0.9999 137.702 

6 EfficientNetV2

M

tuning 0.9857 0.9865 0.9857 0.9858 0.9999 383.815 

7 without 

pretraining

tuning 0.8714 0.8746 0.8714 0.8716 0.9672 28.622 

Figure 3. Comparison of the difference in accuracy levels of all pre-trained models after tuning 

Source: Developed by the authors 
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3.4. Testing and Analyzing the Performance of 

Learning Rate 

After the optimal pre-training model is obtained, the 

next step is to test various learning rate values. When 

using the Adam optimizer, it is necessary to adjust the 

learning rate hyperparameter to achieve optimal 

performance. In this research, experiments with four 

variations were carried out, namely, without learning 

rate, using learning rates of 0.001, 0.0001, and 0.00001, 

which are presented in Table 2. 

The results of the learning rate testing that has been 

carried out are presented in Table 3. The model 

performance results were measured using six measures: 

accuracy, precision, recall, f1-score, AUC, and 

computation time. The learning rate controls the extent 

to which a model learns from the training data. The 

learning rate is very influential on model performance, 

if you don't use the learning rate the ResNet50 model 

produces poor performance, namely only being able to 

produce accuracy values of 61.71%, precision of 

70.35%, recall of 60.71%, f1-score 62.45%, and AUC 

79.67% with a computation time of 163,195 seconds. 

Meanwhile, a learning rate of 0.001 produced better 

performance with a computation time difference of only 

0.891 s, namely 164,086 s, which can produce accuracy 

values of 72.14%, precision 76.99%, recall 72.14%, f1-

score 68.22%, and AUC 95.10%.  

The learning rate test results of 0.0001 and 0.00001 

had the same performance, namely producing accuracy 

values of 99.29%, precision 99.31%, recall 99.29%, f1-

score 99.28%, and AUC 99.99%. Although it produces 

the same performance, the computation time required is 

different. A learning rate of 0.00001 requires a longer 

computation time, namely 138,162 s, or a difference of 

1 s with a learning rate of 0.0001. Based on the learning 

rate test results described above, we can see that 

choosing the correct learning rate is crucial in model 

training. The more optimal the chosen learning rate 

value, the better the model's performance in predicting 

the test data. Moreover, if the learning rate is too low, 

the model learns slowly. Meanwhile, if it is too large, 

divergence can occur, and the model cannot converge to 

a good solution. Therefore, a learning rate of 0.0001 was 

chosen for application in building a classification system 

for Indonesian banknotes because this learning rate 

provides a good balance between performance and 

computation time. 

3.5. Testing and Analyzing the Performance of Batch 

Size 

This subsection discusses the batch size testing of 

deep transfer learning and continues with the analysis. 

The batch size in deep transfer learning is the number of 

data samples processed simultaneously in each model 

training iteration. An appropriate batch size is important 

because it can speed up training and prevent overfitting. 

This study tested various batch sizes to determine the 

batch size that produced the most optimal performance. 

Testing started with no batch size and then continued 

with batch sizes of 10, 20, and 30. Each configuration 

was analyzed to understand its impact on the system 

performance by focusing on factors such as accuracy, 

precision, recall, f1-score, AUC, and required 

computation time. It can be seen that the use of a certain 

batch size can increase the efficiency and effectiveness 

of training the Indonesian banknote classification 

model. The batch size test scenario is presented in Table 

4. 

In connection with the results of this batch size 

testing, the model performance results were also 

measured using six metrics, namely, accuracy, 

precision, recall, f1-score, AUC, and computation time, 

 Table 2. The Scenario of Learning Rate Testing 

Source: Developed by the authors 

Pre-trained 

Model 

Hyperparameter 

Learning Rate 

(LR) 

Batch 

Size 
The number of Epochs 

ResNet50 Without LR 20 15 

ResNet50 0.001 20 15 

ResNet50 0.0001 20 15 

ResNet50 0.00001 20 15 

Table 3. The Result of Learning Rate Testing 

Source: Developed by the authors 

Learning Rate Accuracy Precision Recall F1-Score AUC Time (second) 

- 0.6071 0.7035 0.6071 0.6245 0.7967 163.2 

0.001 0.7214 0.7699 0.7214 0.6822 0.9510 164.09 

0.0001 0.9929 0.9931 0.9929 0.9928 0.9999 137.7 

0.00001 0.9929 0.9931 0.9929 0.9928 0.9989 138.16 
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which are presented in Table 5. The batch size refers to 

the number of data samples processed in one iteration of 

a machine learning algorithm. In model training, data are 

divided into batches so that they can be processed 

efficiently using a computer. The batch size can vary 

depending on the requirements. Based on the test results 

in Table 5, using a smaller batch size allows the model 

to reach the optimal values more quickly than using a 

larger batch size. A large batch size was chosen because 

it can increase computing speed. This can be seen in tests 

using a batch size of 30, which requires a computation 

time of 171.1 seconds, while a small batch size of 10 

requires a faster computation time of 158 s. Batch sizes 

10 and 30 had the same performance, namely 97.86% 

accuracy, 98.70% precision, 98.57% recall, 97.90% f1-

score, and 98.59% AUC.  

However, when model training was carried out 

without using a batch size, the model performance 

decreased and only achieved an accuracy of 97.86%, 

precision of 98.14%, recall of 97.86%, f1-score of 

97.90%, and AUC of 99.99%. If a batch size is not used, 

the computation time is not significantly different from 

testing using a batch size, that is it takes 163.2 seconds. 

The ideal batch size configuration used in this research 

was a batch size of 20. This produces a higher 

performance than batch sizes of 10 and 30. Batch size 

20 obtained an accuracy value of 99.29%, precision 

99.31%, recall 99.29%, f1-score 99.28%, and AUC 

99.99%. Requires fast computation time, namely 137.7 

seconds. These results also show that the more optimal 

the batch size, the higher is the model performance. 

3.6. Analyzing the Performance of the Number of 

Epochs 

This subsection explains the testing of the number 

of epochs on the model performance and continues with 

the analysis. An epoch is an iteration cycle carried out 

by the system to learn the training data. If the ability to 

understand the training data increases, the system's 

performance in predicting test data will also improve 

[6]. In this research, various variations of epochs were 

compared, namely, the number of epochs 5, 10, 15, and 

without using epochs whose test scenarios are presented 

in Table 6. 

The results of testing the number of epochs were 

measured using the following measures: accuracy, 

precision, recall, f1-score, AUC, and computation time, 

as presented in Table 7. Based on the results in the table, 

the ideal epoch value with the best performance is 15 

epochs. The average accuracy values achieved were 

99.29%, precision 99.31%, recall 99.29%, f1-score 

99.28%, and AUC 99.99%. Whereas. The computation 

time required was not significantly different from the 

other variations of epochs, namely 137,702 s. A 

difference of 16 s from epoch 10 required a computation 

time of 121,105 seconds. Epochs 10 produced lower 

performance, an accuracy 98.70%, precision 98.70%, 

recall 98.57%, f1-score 99.28%, and AUC 99.99%. 

Meanwhile, the lowest epoch value, namely 5, produced 

poor performance with an accuracy of 97.86%, precision 

of 98.04%, recall of 97.86, f1-score 97.84%, and AUC 

of 99.99% with a required computation time of 104,324 

s. This is because the system was not sufficient for

learning the training data. As the number of epochs

increases, the model has more opportunities to learn

from the training data and fit more complex patterns,

which can ultimately improve the model performance.

3.7. Evaluating of Model Performance 

Based on the results of the experiments carried out 

in the previous sub-section, optimal model performance 

results can be achieved for the pre-trained ResNet50 

 Table 4. The Scenario of Batch Size Testing 

Source: Developed by the authors 

Pre-trained Model 
Hyperparameter 

Learning Rate (LR) Batch Size The number of Epochs 

ResNet50 0.0001 - 15 

ResNet50 0.0001 10 15 

ResNet50 0.0001 20 15 

ResNet50 0.0001 30 15 

Table 5. The result of Batch Size Testing 

Source: Developed by the authors 

Batch Size Accuracy Precision Recall F1-Score AUC Time (second) 

- 0.9786 0.9814 0.9786 0.9790 0.9999 163.2 

10 0.9857 0.9870 0.9857 0.9859 0.9999 158 

20 0.9929 0.9931 0.9929 0.9928 0.9999 137 

30 0.9857 0.9870 0.9857 0.9858 0.9999 171.1 
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model, with a learning rate of 0.0001, batch size 20, and 

number of epochs 15. The ResNet50 architecture adds 

additional layers in the form of dense batch 

normalization, and dropout with a value of 30%. Then, 

training with Adam optimization was carried out, 

resulting in a diagram of the evaluation results during 

training, as shown in Figure 4. (a). 

Based on this graph, the accuracy and validation 

graph gradually increased consistently and approached 

or even reached the desired maximum value of 1. This 

indicated that the model performance was good. 

Moreover, the graph shows a consistent and steady 

upward trend, indicating that the model learned well 

from the training dataset. Additionally, the difference 

between the accuracy and validation scores decreased 

over time, indicating that the model not only 

remembered the training data but was also able to 

generalize well to new, never-before-seen data. This 

illustrates the reliability and effectiveness of the model 

for making accurate predictions. Furthermore, the graph 

shows a consistently improved performance, and both 

the accuracy and validation scores are close to the 

desired maximum values. This indicates that the model 

did not experience overfitting. Furthermore, to gain a 

more complete understanding of model performance, 

training and validation loss graphs are discussed, as 

shown in Figure 4. (b). The training and validation loss 

graphs depict the changes in loss values during the 

model training process. Both loss curves show a stable 

decreasing trend as the number of epochs increases, and 

the curves slowly approach 0. Then, there is a meeting 

point between the training and validation loss curves, 

where the difference between the two decreases with 

time. This indicates that the model can generalize well 

to new data that has never been seen before and shows 

that there is no overfitting. 

The next step was to carry out test data testing on 

the 140 images. Testing was performed to measure how 

well the model could classify the images. The total 

number of test data was 140, with 20 images for each 

Table 6. The Scenario of the Number of Epochs Testing 

Source: Developed by the authors 

Pre-trained Model 
Hyperparameter 

Learning Rate (LR) Batch Size The number of Epochs 

ResNet50 0.0001 20 Without Epochs 

ResNet50 0.0001 20 5 

ResNet50 0.0001 20 10 

ResNet50 0.0001 20 15 

Table 7. The result of the Number of Epochs Testing 

Source: Developed by the authors 

The number of Epochs Accuracy Precision Recall F1-Score AUC Time (second) 

Without Epochs 0.3643 0.6379 0.3643 0.3397 0.8809 60.914 

5 0.9786 0.9804 0.9786 0.9784 0.9999 104.324 

10 0.9857 0.9870 0.9857 0.9858 0.9999 121.105 

15 0.9929 0.9931 0.9929 0.9928 0.9999 137.702 

Figure 4. The Graph of (a). Accuracy and Validation, (b). Loss During Training 

Source: Developed by the authors 



Journal of Hunan University (Natural Sciences）  Vol. 52 No. 5, May 2025         

currency nominal class. Testing was performed to 

measure how well the model could classify images. The 

classification results display the confidence scores of the 

prediction results. The average confidence scores from 

the nominal predictions of SERIBU, DUA RIBU, LIMA 

RIBU, SEPULUH RIBU, DUA PULUH RIBU, LIMA 

PULUH RIBU, and SERATUS RIBU are 0.9932, 

0.9944, 0.9703, 0.9939, 0.9760, 0.9945, and 0.9850, 

respectively. This indicates that the built model is 

effective at predicting Indonesian banknotes. Of the total 

140 image data tested, there was one image that was 

mispredicted, namely a nominal value of IDR 20.000, 

which was incorrectly predicted at IDR 100.000. Other 

images can be correctly predicted under various image 

conditions, such as folded banknotes, low lighting, and 

shots from various angles. 

Next, the classification results were visualized 

using a confusion matrix, as shown in Figure 5. After 

obtaining the confusion matrix, the evaluation metrics 

can be calculated, namely, accuracy, precision, recall, 

f1-score, and AUC. This calculation was performed for 

each nominal class of Indonesian currency. The above 

steps are carried out so that the evaluation metric values 

can be obtained for all currency classes. The evaluation 

metric results for each nominal banknote based on the 

results of the image data testing are presented in Table 

8. 

Based on this table, the results of the evaluation 

metrics when testing using test data show that the model 

can predict the image of rupiah banknotes for the 2022 

emission year well. The model prediction results 

produced an average accuracy value of 99.29%, 

precision of 99.32%, recall of 99.29%, f1-score of 

99.29%, and AUC 100%. The evaluation results 

demonstrate that the model performed exceptionally 

well. In detail, The average accuracy of the model was 

99.29%, indicating that the model could accurately 

classify images of banknotes.  The Precision, recall, and 

F1-score also showed nearly perfect performance, with 

an average precision of 99.32%, recall of 99.29%, and 

F1-score of 99.29%. This indicates that the model is 

accurate and consistent in recognizing different classes 

of banknotes. The AUC value for all classes was 1.0000, 

which indicates that the model has the perfect ability to 

distinguish between different classes. Further, the model 

was evaluated for each banknote denomination (1,000, 

2,000, 5,000, 10,000, 20,000, 50,000, and 100,000). The 

evaluation results show that the model has an almost 

perfect performance for each class, although there is a 

slight decrease in recall for the 20.000 class (0.9500) and 

precision for the 100.000 class (0.9524). Overall, the 
Page | 248 

Figure 5.  Confusion Matrix Classification Results 

Source: Developed by the authors 

Table 8. The result of the evaluation metrics for each Nominal Indonesian Banknote 

Source: Developed by the authors 

Nominal Accuracy Precision Recall F1-Score AUC 

SERIBU (IDR 1,000) 0.9929 1.0000 1.0000 1.0000 1.0000 

DUA RIBU (IDR 2,000) 0.9929 1.0000 1.0000 1.0000 1.0000 

LIMA RIBU (IDR 5,000) 0.9929 1.0000 1.0000 1.0000 1.0000 

SEPULUH RIBU (IDR 10,000) 0.9929 1.0000 1.0000 1.0000 1.0000 

DUA PULUH RIBU (IDR 20,000) 0.9929 1.0000 0.9500 0.9744 1.0000 

LIMA PULUH RIBU (IDR 50,000) 0.9929 1.0000 1.0000 1.0000 1.0000 
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model is highly effective in recognizing and classifying 

Indonesian banknote images with high accuracy and 

reliability. Thus, this model can help elderly and blind 

people identify Indonesian banknote denominations. 

Furthermore, the implications of these findings are 

important for real-world applications such as financial 

automation systems and counterfeit money detection. 

By leveraging transfer learning, organizations can 

develop more effective solutions even with limited 

datasets. However, this study also highlights the need for 

experimentation with larger datasets to ensure the 

generalizability of the results. 

4. DISCUSSION
This study adds new insights into banknote image

classification using deep transfer learning, in line with 

previous research trends that emphasize the 

effectiveness of pre-trained models for domain-specific 

classification tasks. In comparison, Prajwal and Ilavarasi 

(2023) [32] showed that ResNet and its variants have 

demonstrated excellent results in numerous image-

processing tasks, including classification and 

segmentation. However, this study extends these 

findings by showing that the fine-tuning performance 

can vary based on the specific dataset used. 

In addition, our results regarding the influence of 

hyperparameters support those of Smith and Topin 

(2019), which highlights the importance of choosing the 

learning rate and batch size to achieve optimal accuracy 

[33]. In the context of our study, a lower learning rate 

allows for more stable learning, especially for very 

complex models, such as EfficientNetV2M. However, 

this study also adds that the optimal combination of 

hyperparameters can vary depending on the 

characteristics of the dataset, such as the lighting 

variations and shooting angles. 

This study also faced common limitations in small 

datasets, such as overfitting, as highlighted by 

Goodfellow et al. (2016) [34]. However, the transfer 

learning implementation successfully overcomes this 

limitation by leveraging knowledge from large datasets, 

such as ImageNet. This allowed the model to learn more 

representative features, even though the training data 

used were relatively small. However, this study 

recognizes that the developed model still needs to be 

tested on more diverse datasets to improve its 

generalization and external validity. 

5. CONCLUSION
This study demonstrates that, among several deep

transfer learning architectures, the fine-tuned ResNet50 

model with optimal hyperparameters yields the best 

performance in classifying Indonesian banknotes. The 

application of transfer learning significantly improves 

the accuracy and generalization, particularly when 

dealing with relatively small datasets. Specifically, the 

ResNet50 model, enhanced with a learning rate of 

0.0001, batch size of 20, and 15 training epochs, 

achieved the highest classification accuracy of 99.29%. 

The addition of custom layers, such as dense, batch 

normalization, and dropout, further improves the 

model’s ability to robustly distinguish between different 

banknote denominations. 

This study makes a meaningful academic 

contribution by demonstrating how fine-tuned deep 

transfer learning, particularly using ResNet50, can 

effectively classify complex visual characteristics in 

Indonesian banknotes. The novelty lies in the structured 

analysis of hyperparameters, which has not been 

extensively explored in previous studies of local 

currency recognition. The findings not only enhance 

model performance but also enrich the literature on 

inclusive financial technology, particularly for visually 

impaired users. 

Based on the results, it is recommended that future 

work focus on deploying the proposed model in real-

time applications, such as mobile or embedded systems, 

to assist visually impaired individuals in financial 

transactions. Furthermore, future research could benefit 

from using more varied and real-world datasets, 

including worn or damaged banknotes, and exploring 

lightweight architectures suitable for resource-limited 

environments, such as IoT-based devices. 

The outcomes of this study are expected to 

contribute to the development of intelligent recognition 

systems with broad implications for assistive 

technologies, automation, and financial security. 
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Appendix A 

The appendix is an optional section that can contain 
details and data supplemental to the main text, for 
example, explanations of experimental details that 
would disrupt the flow of the main text, but nonetheless 
remain crucial to understanding and reproducing the 
research shown; figures of replicates for experiments of 
which representative data is shown in the main text can 
be added here if brief, or as supplementary data. 
Mathematical proofs of the results not central to the 
paper can be added as an appendix. 
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