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This paper presents a multi-feature neural network-based system for banknote recognition, enhancing 

robustness and accuracy in challenging conditions such as worn, faded, and distorted banknotes. Texture 

features are extracted using Principal Component Analysis (PCA), while color information is combined 

with texture into a unified feature vector. This combined vector is then fed into a Multi-Layer Perceptron 

(MLP) neural network for classification. The system is evaluated on a dataset of 1,072 banknote images, 

including clean, faded, wrinkled, and dirty banknotes. The proposed method achieves 95% recognition 

accuracy, representing a 10% improvement over existing methods, particularly for distorted and worn 

banknotes. Experimental results demonstrate the effectiveness of combining texture, color, and size 

features for robust banknote recognition. This approach significantly improves the system's ability to 

handle discrepancies and challenges in real-world applications, such as ATMs and vending machines, 

ensuring reliable and real-time performance. 

Povzetek: Članek predstavi sistem za robustno prepoznavo bankovcev, ki združuje teksturne značilke, 

barvne in velikostne informacije v enoten vektor ter jih klasificira z MLP, da zanesljivo deluje tudi pri 

obrabljenih in popačenih vzorcih.  

1 Introduction 
 In banknote recognition systems, traditional approaches 

often focus on texture or color alone. However, we 

propose a more comprehensive system that integrates 

texture, color, and size features to improve accuracy, 

especially for banknotes in various real-world conditions, 

such as wrinkled, dirty, or faded notes. Size is an often-

overlooked but critical feature, as it provides an additional 

layer of verification to help distinguish between banknotes 

with similar textures and colors but different dimensions. 

By incorporating size information, our system can more 

reliably identify banknotes, ensuring accurate 

classification even when texture or color features are 

compromised. This makes size an integral part of our 

approach, enhancing its robustness and adaptability. 

Traditional methods of banknote recognition involve 

manual inspection, and this is laborious and bound to have 

human errors. With neural networks, the process of 

recognition has become more reliable and swifter. Neural 

networks draw their inspiration from the human brain 

structure and can learn and recognize patterns in structures 

that best fit the use in banknote recognition tasks [1], [2], 

[3], [4]. 

The whole recognition system of banknote papers 

using a neural network requires diversified data training in 

various images of banknotes. These images are labeled 

with a particular denomination of banknotes so that, after 

training, the neural network should learn unique features 

and characteristics of each note. The training in this regard 

has to be done w.r.t minimizing the error between  

predicted and actual denomination by adjusting the  

 

network parameters. The training of the neural network 

will enable it to classify banknotes into different series by 

their appearance, which includes but is not limited to 

color, size, patterns, and other security features [5], [6]. 

The system uses different image processing techniques to 

extract features from banknote images and then feeds 

them into a neural network for their classification. The 

output from the neural network would, therefore, be the 

denomination of the banknote that is being estimated. 

Therefore, this solution permits fast and reliable 

recognition. One of the major benefits of the neural 

network-based system is its ability to handle variations 

and deformations in banknote images. Banknotes might be 

creased, folded, and under different lighting conditions. Its 

robustness allows the neural network to recognize 

banknotes correctly in difficult situations [7], [8], [9]. 

Conclusion: A banknote paper recognition system, 

based on a neural network, is one of the high-performance 

and effective ways of banknote recognition. In this 

system, the features of artificial intelligence and neural 

networks enhance the reliability and speed of banknote 

recognition. The capability for banknote image variations 

and deformations makes this technology essential in many 

industries. Another application for banknote recognition 

utilized a neural network [10]. In this recognition system, 

images scanned by low-cost optoelectronic sensors are fed 

to a multilayer perceptron trained by a backpropagation 

algorithm. Axis-symmetric masks were used to reduce the 

network size in the pre-processing stage [11]. To avoid 

dealing with large amounts of image pixels and to reduce 

calculations, several blocks of the banknote image were 

divided into several blocks. Through the use of neural 
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networks, a method for universal recognition was 

developed [12]. To minimize false alarms, a technique 

based on multi-kernel support vector machines was 

developed for counterfeit banknote recognition [13]. The 

edges of the input notes were correlated to match database 

notes using a precious paper currency recognition method 

[14]. The same field has presented a method that utilizes 

Euclidean distances and neuronal networks [15]. 

Considering that the input images were affected by 

different lighting changes, a Mexican currency 

recognition system was proposed. Color and texture were 

extracted from the banknotes and then characterized using 

a local binary model [16]. The amount of currency paper 

can be determined by a method proposed. Matching neural 

networks and regions of interest extracted from the 

extracted dataset. According to [17], different pixel levels 

were used for different quantities of notes. To recognize 

the Pakistani paper currency, a smart system was 

provided. The features were then identified, and three 

layers of backpropagation neural networks were employed 

for intelligent classification [18]. Pakistani currency 

recognition systems began incorporating image 

foreground segmentation and histogram equalization to 

adjust contrasts based on image histograms, modifying the 

brightness of the image and enhancing the clarity of the 

image [19]. Using radial basis function networks to 

classify Saudi Arabian paper currency based on interesting 

features and correlations between images is a proposed 

method [20]. The equivalent value of the Indian Rupee 

was displayed using a pattern matching and recognition 

system [21]. There have been three proposed frameworks 

for vision-based recognition of banknote denominations 

that employ competitive neural networks [22]. To 

determine the monetary value, an automatic system was 

recommended [23]. The neural network pattern 

recognition tool was used to demonstrate a technique for 

recognizing Indian currency [24]. To optimize the 

similarity mapping result for different classes of 

banknotes, a method was proposed to determine the 

discriminatory regions on a one-dimensional image 

captured by a visible light sensor [3]. An efficient 

counterfeit banknote detection algorithm was developed 

and evaluated based on 20 different denominations of the 

European Euro, the Indian rupee, and the US dollar [25]. 

Also, an automatic and reliable currency recognition 

system for Myanmar currency denominations was 

introduced [26]. Using color momentum, SIFT, GLCM, 

and a combination of SIFT, color, and GLCM, and a 

convolutional neural network (CNN), a classifier, and 

FFANN for feature extraction; scientists developed 

Ethiopian banknote recognition system [27]. The 

Generative Adversarial Network (GAN) was used to 

classify single-digit images using banknote serial numbers 

[28]. It was proposed to use a machine-assisted system 

called Deep Money to distinguish between fake notes and 

genuine ones. GANs were employed and applied to 

banknotes [29]. We emphasized that the neural network 

has been trained to recognize banknotes under varying 

lighting conditions and damage. The system's robustness 

is strengthened by the integration of texture, color, and 

size features, making it resilient to such challenges. 

Considering the importance of correct banknote 

recognition, this article presents a method that is highly 

reliable concerning banknote recognition. As part of the 

design process for banknotes, it has always been the 

objective to incorporate visual elements such as designs 

and distinctive colors for each banknote. For this reason, 

it is important to consider more image characteristics, 

including color and design, when making a diagnosis. In 

this paper, we propose a new framework for banknote 

classification based on image texture and color 

information and neural networks. The purpose of this 

study was to: First, extract these texture and color features 

more favorably and efficiently. Second, the combination 

of information and characteristics of texture and color will 

allow for more and more complete characteristics of the 

image of the banknote to be incorporated into the 

recognition process as a single package of information. 

The accuracy and reliability of banknote recognition are 

significantly improved by this action. The novelty of the 

proposed banknote recognition method is that it combines 

more than one feature in one single feature vector: image 

texture and color. Traditionally, in banknote recognition, 

most work is done either on texture or color; however, we 

are combining both to have better accuracy in recognition. 

First, we extract the texture information from the Principal 

Component Analysis (PCA) method, which reduces the 

dimension of the data without much loss of valuable 

information. In parallel, the color information is encoded 

on the feature vector, with another degree of detail added. 

After combining the features above, the combined vector 

is fed into a neural network to classify. 

The proposed system integrates texture, color, and 

size features into a unified multi-feature and multi-step 

process, significantly improving recognition accuracy 

across all types of banknotes. While the system performs 

exceptionally well with clean banknotes, the integration of 

additional features—such as size—becomes particularly 

beneficial for banknotes that are wrinkled, faded, or dirty. 

The use of size as an additional verification step helps 

mitigate errors that could arise from damaged or degraded 

textures and colors, ensuring that the system remains 

accurate even when features are compromised. Thus, the 

multi-step process enhances the overall robustness of the 

system, making it more reliable for both clean and 

degraded banknotes. The organization of the paper is as 

follows: The second section discusses previous research. 

In the third part, we will describe the proposed method. 

Then, in the fourth section, we will discuss the results 

obtained when implementing the proposed system and 

compare those with existing systems, in addition to the 

evaluation of their results. Fifth, this paper concludes and 

summarizes. The major contributions of the study can be 

enumerated below: 

1. Novel feature extraction method: We propose a 

new method that combines both texture and color 

information into a unified feature vector, which is 

then processed by a neural network to improve the 

accuracy of banknote recognition. 

2. Size-based verification: In addition to using texture 

and color, the size of the banknote is introduced as a 
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final verification step to further enhance recognition 

accuracy, especially in cases of similar patterns. 

3. Improved recognition accuracy: Our method 

achieves a 10% improvement in accuracy over 

existing methods, reaching a 95% success rate, 

particularly for distorted, wrinkled, faded, and dirty 

banknotes. 

4. Real-time applicability: The proposed system is 

optimized for real-time banknote sorting and 

recognition applications, ensuring fast and efficient 

performance suitable for practical use in devices such 

as ATMs and vending machines. 

 The goal of this research is to develop a robust banknote 

recognition system that can accurately classify banknotes, 

even in challenging conditions such as wrinkles, dirt, and 

fading. To achieve this, the following research questions 

are addressed: 

1. How can multiple features, specifically texture, 

color, and size, be effectively integrated into a 

unified feature vector for banknote recognition? 

2. What impact does the combination of texture, 

color, and size features have on the accuracy of 

banknote recognition, particularly in cases of 

distorted or degraded banknotes? 

3. How does the proposed method perform in 

comparison to existing banknote recognition 

techniques, and what are the advantages of the 

multi-feature approach? 

4. What are the challenges and limitations of the 

proposed system, and how can the system be 

optimized for real-time applications in real-world 

scenarios? 

By answering these questions, this study seeks to 

advance the field of banknote recognition and propose a 

method that is more resilient to variations in banknote 

quality. 

2 Methodology 
This paper presents a novel approach in recognizing 

banknotes by considering three significant features: color, 

texture, and size. Most traditional approaches in banknote 

recognition depend mainly on the image of banknotes' 

texture as its base feature for identifying various types of 

banknotes. Sometimes, these methods involve other 

features, such as color histograms or the size of banknotes, 

but they usually use them for comparing results to verify 

the accuracy of recognition. However, these methods may 

have some limitations when banknotes are worn out, 

faded, or distorted, which may lead to misclassification 

when relying on only a single characteristic. 

The deficiencies mentioned above have been removed 

from the proposed system by incorporating several 

features. The patterns, about color and texture, as shown 

in Figure 1, are combined into a single vector. This feature 

vector is further fed into a neural network to process the 

data for recognition. By including both color and texture, 

the neural network can handle images where one feature 

is corrupted due to noise, distortion, or damage but the 

other remains relatively intact. This multi-feature 

approach enhances the robustness of the system, hence 

allowing it to achieve higher accuracy even in challenging 

conditions such as faded or wrinkled banknotes. 

In addition, the method involves a final step in 

verification by analyzing the size of the banknote. This 

added verification ensures that the process of recognition 

will be accurate for those cases where color or texture 

patterns may lead to ambiguity. Through verification, 

confirmation of the size of the banknote at issue reduces 

misclassifications by the system. The two-stage 

verification in this system, first with the neural network 

for color and texture pattern recognition, followed by the 

verification using size, provides greater diversification in 

banknote recognition, including banknotes that have 

similar designs yet vary in their dimensions. 

In other words, it results not only in increased 

correctness within the recognition process itself but also 

contributes to enhancing the system's ability to cope with 

an extended range of banknotes, like partially destroyed or 

discolored ones. On the whole, these advantages make the 

advantages provided by the suggested approach suitable 

for practical applications where reliability and speed are 

important-for example, in banking or automated teller 

machines, vending machines, and other forms of 

automatic cash handling. 

2.1 Image texture detection using principal 

component analysis (PCA) 

PCA is a statistical procedure for data analysis and pattern 

recognition. This is a procedure for reducing the number 

of dimensions in such a way that it can transform a set of 

correlated variables into an equal number, or fewer, of 

uncorrelated variables called principal components. These 

principal components explain the highest variability in the 

data. The main goal of PCA is to reduce the data sets into 

the most important features or patterns, hence the most 

informative. Dimensionality reduction may help with 

visualization and understanding the underlying structure 

of the data. The basic idea of PCA is that it seeks a new 

coordinate system in which, when data are projected along 

the new axes, the variance of the data is maximized. 

Therefore, the first principal component describes the 

direction of maximum variance in the data. The other 

principal components are orthogonal to each other in such 

a way that the captured variance is much smaller. 

Applications include but are not limited to image and 

signal processing, data compression, and exploratory data 

analysis. The most important case when it can be 

particularly helpful is that of high-dimensional data when 

variables are large concerning the number of observations. 

The algorithm PCA includes the following steps: 

centering by subtraction of the mean for each variable. 

Next, the covariance matrix is calculated from the 

centered data. Then, the eigenvectors and eigenvalues of 

the covariance matrix are computed. Eigenvectors here 

correspond to the principal components, while the 

corresponding eigenvalues correspond to the amount of 

variance explained by each principal component. Finally, 

the data is transformed into the new coordinate system 

defined by the principal components [30], [31], [32]. 
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Figure 1: Flowchart of the proposed method 

PCA has several advantages. It can help in reducing 

the dimensionality of data, which can be beneficial for 

visualization, computational efficiency, and avoiding 

overfitting in machine learning models. Additionally, 

PCA can reveal hidden patterns and relationships in the 

data, which can be valuable for exploratory data analysis. 

One of the most important characteristics of banknote 

images is the texture of images of designs and shapes in 

the banknote. It is obvious that comparing the images’ part 

by part is also very time-consuming and complicated due 

to the large amount of information, and because of the fact 

that image effects affect each of these parts, it is 

impossible. Therefore, the use of the PCA method causes 

the amount of information on an image to be reduced, and 

due to the presence of image noises, its information is not 

completely changed. In order to reduce the amount of 

information, only a part of eigenvectors with large 

eigenvalues are used for each image. 

In this research, a Wiener filter is applied during the 

preprocessing stage to reduce noise and remove unwanted 

artifacts, such as dirt and distortions, from the banknote 

images. This filter is particularly effective in handling 

decentralized noise, improving the quality of the images 

before feature extraction and classification. To determine 

the optimal vector dimensions for texture feature 

extraction, we experimented with PCA on a dataset of 
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banknotes from various countries (as shown in Table 1). 

The dimensions of the PCA feature vectors were varied 

between 70 and 90 to find the most effective 

representation of the banknote textures. Based on our 

testing, the best performance was achieved with vector 

dimensions between 70 and 90, yielding an average 

accuracy of 79%. This optimal range was found after 

testing on 1,072 banknote images from 10 different 

countries, including Turkey, Japan, Russia, Afghanistan, 

and others. The banknotes were classified into four 

categories: clean, faded, wrinkled, and dirty. It is worth 

noting that the performance slightly decreased for heavily 

damaged banknotes (e.g., those that were severely 

wrinkled or torn), but the optimal PCA dimensions 

provided the best balance between accuracy and 

computation time. 

PCA is applied to reduce the dimensionality of texture 

features and preserve the most significant variations in the 

banknote images. The images are first converted to 

grayscale and normalized to a standard range. A Wiener 

filter is used for noise reduction, especially in degraded 

banknotes. The covariance matrix of the pixel values is 

computed, and the top eigenvectors corresponding to the 

highest eigenvalues are selected, capturing the most 

important features. Dimensionality is reduced to 70-90 

components, based on experimental results, to balance 

accuracy and computational efficiency. These PCA 

features are then used as input to the neural network, 

ensuring a compact yet effective representation of the 

texture, which improves the model’s robustness, 

especially for wrinkled or faded banknotes.

Table 1: Types of banknotes used in the research 

# Country Types of banknotes Unit 

1 Chinese 100, 50, 20 CNY 

2 Japan 10000, 5000, 1000 Yen 

3 Russian  1000, 500, 100, 50, 10 Ruble 

4 Afghanistan 1000, 500, 100, 20 Afghani 

5 Iraq 1000, 500, 100, 20 Dinar 

6 Azerbaijan 100, 10, 5, 1 Manat 

7 Armenia 10000, 5000, 200 Dram 

8 Bahrain 1000, 500, 100, 20 Dinar 

9 Kuwait 1, 1.2, 1.4 Dinar 

10 Malaysia 100, 50, 10, 5 Ringgit 

 

2.2 Color information 

The background color of each banknote is independent of 

the design and minor pattern. In order to distinguish 

banknotes using their colors, it is not sufficient to identify 

the dominant color of the banknote. Each banknote image 

consists of several parts with the same color or a few 

colors that change. These regional colors can serve as a 

good diagnostic guideline (Figure 2). Each image is 

divided into 20 x 10 horizontal and vertical strips, and the 

dominant color of each block is determined. It is also 

important to note that the color level of each image is also 

quantized and reduced. 

Equation 1 is then used to determine the information 

difference between the colors of the individual blocks of 

the test banknote image using information from all of the 

banknotes in the banknote database. This information can 

be normalized so that if the highest match occurs, its value 

becomes one, and if the lowest match occurs, its value 

becomes small or zero. The equation used to calculate the 

difference between the feature set and reference images is 

as follows: 

𝐷𝑖𝑓𝑓𝑖 = 𝐴10×20 − (RefrenceImages)𝑖 (1) 

where: 

• Diffi: The difference value for the i-th banknote 

image, representing how much the test image differs 

from the reference image. 

• A10×20: Represents the feature set extracted from a 

specific region of the test banknote image, divided 

into 10 vertical and 20 horizontal sections (resulting 

in 200 regions). A10×20 as the specific region in the 

banknote image that is divided into smaller sections, 

and how it relates to the difference calculation 

between the test image and reference images. 

• ReferenceImagesi: The corresponding feature set for 

the i-th reference image, against which the test image 

is compared. 

This equation is used to calculate the differences in 

features between the test image and the reference images, 

which assists in determining the closest match for 

recognition. The G, R, and B components of the colors can 

be considered approximately independent, and therefore 

the results of the comparison of these matrices can be 

multiplied for each block. The resulting numbers were 

then added together. There is a correlation between the 

number of matches and the quality of the image. 
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Figure 2: Extracting regional colors of banknotes 

Color recognition is part of the banknote recognition 

process, and the image texture should be used in the final 

neural network. The results of the color recognition 

process should be incorporated into the MLP neural 

network. As part of the final main network, some of the 

features relate to texture, while others relate to color 

recognition. Therefore, the output of the color recognition 

component should be a set of distinct numbers and 

patterns rather than a set of comparative numbers. The 

result is decoded as a set of binary numbers (n is the 

number of images) after identifying which color of the test 

banknote image is closest to which of the set. The output 

numbers for several banknotes may, in some cases, be 

large at the same time, so a threshold value is defined to 

ensure that all banknotes whose color is closest to the test 

banknote are included in the competition. A single neural 

network (MLP) is trained using the combined set of color 

and texture features. Both features are processed together 

as part of the input vector, with the network learning to 

classify the banknotes based on the integrated information 

from color and texture. 

Occasionally, the test image is the same as an image, 

but due to the wear of the banknote, the color test differs 

slightly from the original image. Due to the fact that the 

considered color detection algorithm is a comparative 

algorithm, this is the case. In this case, the algorithm will 

not declare them to be completely different. Instead, this 

method measures the degree of matching and proximity 

between colors. 

Moreover, the extraction of color information requires 

a filtering step, which is described in this article as a 

median filter. It is important to understand that when 

extracting color information, the aim is to obtain the 

general colors of each block, and there may be sudden 

changes in the color of the image within one block. In 

contrast to the general color of each block, the color of 

each block is different. By applying this filter, we can 

achieve consistency in the color changes of the image and 

avoid sudden changes, resulting in a color that is closer to 

the overall color of the block (Figure 3a). After applying 

the median filter (Figure 3b), the image is evened out and 

the sudden changes have been reduced. 

 
(a) 

 
(b) 

Figure 3: Using median filter to even out the colors of the 

image and reduce sudden changes in several steps (a) the 

original image and (b) the image after applying the filter 

2.3 Image size 

The size of the banknote is one of its characteristics. As a 

result of the light shining on the banknote, the image of 

the banknote is very distinct from the background when it 

is scanned. Due to this, it is possible to detect the edges of 

a banknote by setting the appropriate threshold value and 

light intensity and applying a black-and-white filter with a 

high threshold value. It is necessary to consider a range of 

permissible changes for banknotes in horizontal and 

vertical directions since the size of banknotes changes 

over time due to tearing, folding, and wrinkling. We 

clarified that lighting is most effective in controlled 

conditions for edge detection and initial processing, where 

the contrast between the banknote and the background is 

high. The features of the banknote images are extracted 

using techniques such as PCA for texture, and other 

methods for color and size. These features are then 

combined into a single feature vector and fed into the 

neural network for classification. The integration of these 

features enhances the model's ability to identify banknotes 
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under various conditions, including those that are faded, 

wrinkled, or dirty. 

2.4 Final diagnosis 

Following the extraction of texture and color information 

from the images, this information is transformed into a 

feature vector, with the first m components representing 

the texture of the images. In the following n components, 

color information is included. The feature vector is applied 

as an input to an MLP neural network with input, hidden, 

and output layers of dimensions 134, 150, and 137, 

respectively. A confirmation of the answer is made by 

matching the size of the banknote with the size of the 

answer. The same issue applies to the color recognition 

algorithm. To minimize the effect of the wrong 

information about texture in the images, we should add a 

set of color features to the inputs of the texture detection 

algorithm by a neural network. This point should also be 

mentioned: usually, some image effects have a greater 

impact on the texture, while their impact on the color is 

less, and vice versa; this also has an impact on the 

improvement of the final result. 

Table 2 outlines the specifics of the network 

architecture, including the number of layers, activation 

functions, optimizer choice, and hyperparameter settings. 

Additionally, it details the image preprocessing methods, 

such as resizing and aspect ratio handling, to ensure 

consistent feature extraction across banknotes of varying 

sizes. These steps are crucial for preparing the data and 

optimizing the model's performance. Neural network 

architecture diagram is shown in Figure 4. Neural network 

consists of an input layer with 134 features, two hidden 

layers each containing 150 neurons with ReLU activation, 

and an output layer with 137 neurons and Softmax 

activation for multi-class classification. The architecture 

also includes dropout layers with a rate of 0.5 after each 

hidden layer to prevent overfitting. The model was trained 

using a batch size of 32 and Adam optimizer with a 

learning rate of 0.001. This network configuration 

contributes to the model's performance in recognizing 

banknotes across various conditions. 

2.5 Data augmentation 

To improve the robustness and generalization of our 

model, data augmentation techniques were applied to the 

dataset. The following augmentation methods were used: 

• Rotation: Random rotations between -10° and +10°. 

• Scaling: Random scaling with a factor between 0.8 

and 1.2. 

• Translation: Random horizontal and vertical 

translations by up to 10% of the image width and 

height. 

• Flip: Horizontal flipping of images. 

• Noise Addition: Random noise (Gaussian noise) was 

added to simulate real-world distortions. 

These augmentations were applied to increase the 

variability in the training data, particularly for the 

wrinkled, faded, and dirty categories, where obtaining a 

large variety of real-world images may be challenging. 

 
Figure 4: Neural network architecture diagram 

2.6 Feature fusion 

In our method, color and texture features are combined 

into a single unified feature vector. First, the texture 

features are extracted using PCA, which reduces the 

dimensionality of the texture data while retaining the most 

significant variations. Simultaneously, the color features 

are extracted by capturing the dominant colors and their 

distribution across the banknote image. After extracting 

both types of features, the color and texture features are 

concatenated into one feature vector, which is then fed into 

the neural network for further processing. This approach 

allows the model to simultaneously consider both color 

and texture information in a single joint feature space, 

making it more robust and accurate, particularly for 

banknotes in various conditions, such as faded, wrinkled, 

or dirty banknotes. 

2.7 Dataset partitioning 

The dataset was split into three subsets for training, 

validation, and testing as follows: 

• Training Set: 80% of the data (861 images) was used 

for training the model. 

• Validation Set: 10% of the data (107 images) was 

used for hyperparameter tuning and model evaluation 

during training. 

• Test Set: 10% of the data (107 images) was used to 

evaluate the final performance of the trained model. 

This partitioning ensures that the model is trained on 

a large portion of the data, while the validation and test 

sets are used to assess the model’s performance on unseen 

data. 

2.8 Evaluation metrics 

In addition to accuracy, we have also evaluated the 

performance of the model using the following metrics: 
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• Precision: The proportion of correctly predicted 

positive observations to the total predicted positive 

observations. 

• Recall: The proportion of correctly predicted positive 

observations to all the actual positives. 

• F1-score: The weighted average of precision and 

recall, which gives a more balanced measure of the 

model's performance. 

These metrics provide a more comprehensive 

understanding of the model's ability to classify banknotes 

accurately, especially in cases where class imbalance may 

exist. 

2.9 Cross-validation 

To ensure the robustness of our results and account for 

variability in the data, we conducted 5-fold cross-

validation. In this process: 

• The dataset was randomly partitioned into 5 

subsets (folds). 

• For each fold, 80% of the data was used for 

training, 10% for validation, and 10% for testing. 

• The model was trained and evaluated 5 times, 

once for each fold, and the average 

performance across all folds was reported. 

This cross-validation approach helps mitigate the risk 

of overfitting and ensures that the model's performance is 

consistent across different subsets of the data. 

3 Results and evaluation 
In this section, we present the results of the banknote 

recognition system and evaluate its performance using a 

diverse set of banknotes from various countries. Table 1 

summarizes the types of banknotes used in this study, 

which include different denominations and conditions 

(clean, faded, wrinkled, and dirty). These banknotes form 

the basis for evaluating the system's robustness under 

various real-world conditions. 

Following the introduction of the dataset, we discuss 

the feature vectors extracted for each banknote, which 

include texture, color, and size information. The neural 

network processes these combined features to classify the 

banknotes. The performance of the system is then 

evaluated based on accuracy, precision, recall, and F1-

score, which are detailed in the subsequent tables and 

figures. The performance of the algorithms was then 

evaluated on a test set of 1,072 banknote images, divided 

into four categories: clean (268 images), pale (268 

images), wrinkled (268 images), and scratched/dirty (268 

images). 

Table 2: Details of network architecture, hyperparameter tuning, and banknote size normalization 

 

Aspect Details 

Network Architecture Multi-Layer Perceptron (MLP) 

Number of Layers 3 layers: 

 - Input layer: 134 features (texture, color, size combined) 

 - Hidden layer: 150 neurons 

 - Output layer: 137 output neurons (corresponding to different banknote classes) 

Activation Functions ReLU (hidden layers), Softmax (output layer) 

Optimizer Choice Adam (adaptive learning rate optimizer) 

Loss Function Categorical Cross-Entropy (for multi-class classification) 

Hyperparameter 

Tuning 
- Grid search approach for optimal hyperparameters: 

 - Learning Rate: 0.001 

 - Batch Size: 32 

 - Epochs: 50 

Resizing Method All images resized to 224 x 224 pixels to ensure consistent input dimensions. 

Aspect Ratio Handling 
Letterboxing (padding shorter side with black pixels) to maintain aspect ratio of the 

banknote images. 

Size Normalization 
- Normalized size features (height and width) relative to the average size of banknotes in 

the training dataset. 

 
- Prevents distortion and ensures consistent feature representation across different 

banknote sizes. 

Initially, PCA was used to investigate the banknote 

detection method. Using the PCA method, an n-

dimensional vector of the special vectors of the 

information matrix is considered to be representative of 

each banknote image in order to reduce the volume of 

image texture information. Table 3 presents the results 

obtained from using special vectors for banknote 

recognition. The dimensions of these vectors play a crucial 

role in the performance of the detection algorithm. Figure 

5 illustrates the percentage change in recognition accuracy 

as the dimensions of the eigenvector vary. Reducing the 

vector dimensions results in smaller differences between 

images, leading to a higher number of incorrect 

classifications. Therefore, the dimensions of the input 

layer must be carefully balanced. After adjusting the 

parameters of the image texture detection and testing it on 

wrinkled, dirty, and pale banknotes, the optimal 

performance was achieved with vector dimensions 

between 70 and 90, with an average accuracy of 79%.
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Table 3: PCA accuracy for different numbers of banknotes 

Number of banknotes 
Banknote Type 

Clean Faded Wrinkled Dirty 

10 100±0.0 85±2.5 93±2.0 74±4.3 

20 100±0.0 82±3.0 91±2.3 71±4.0 

40 98±1.5 82±3.2 91±2.0 71±3.8 

60 95±2.2 78±2.9 90±2.5 70±3.2 

70 95±2.0 76±2.7 90±2.0 68±3.5 

80 92±3.0 71±3.1 90±2.3 60±4.2 

 

According to the results of the color detection 

algorithm test, the algorithm's detection power is 

adequate. Using this method, correct banknotes are 

distinguished from other banknotes with a high degree of 

accuracy.  Figure 6 illustrates the matching percentage 

between the test banknote and the sample banknotes in 

three conditions: discoloration, wrinkles, and dirt. The 

horizontal axis represents the number of banknote images 

in the database, while the vertical axis shows the matching 

percentage of each test banknote with the database 

collection. Due to the presence of color traces and the 

partial loss of color in some areas of the banknotes, the 

matching is not always 100% accurate. When both the test 

and reference banknote blocks exhibit high color 

similarity, the color algorithm achieves the best match, 

resulting in a 100% conformity score. As seen in Figure 6, 

the degree of alignment between the test banknote and its 

corresponding reference banknote in the database is 

clearly distinguishable from other images. 

 

Figure 5: Diagram of the effect of the dimensions of the eigenvector on the number of correct answers 

  
(a) (b) 

 
(c) 

Figure 6: Comparison chart between the reference banknote and the test banknotes (a) Clean, (b) Faded, and (c) 

Wrinkled 
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There is a direct correlation between the number of 

color levels and the performance of this system. In 

conclusion, our method, which combines texture, color, 

and size features, proves highly effective in banknote 

recognition, even in the presence of visual noise (e.g., 

wrinkles, fading, or dirt). While texture plays a crucial role 

in detection, it is susceptible to visual noise, which can 

impact accuracy. However, as shown in Figure 7, the 

optimal dimensions of the PCA feature vector (between 70 

and 90) help the model achieve high accuracy by 

balancing the trade-off between the amount of information 

retained and the effects of noise. The findings demonstrate 

that the proposed system is robust to various conditions, 

including damaged banknotes, and can effectively 

distinguish banknotes even under challenging real-world 

scenarios. It may be difficult to recognize the banknote 

correctly if the number of color levels is too large because 

the number of colors increases. The color of the block of 

the test banknote and the reference banknote may differ 

slightly due to smell if the number of color levels is too 

large. A most optimal outcome would result in 85% of 

correct answers and 81%, 92% and 85% of pale, wrinkled, 

and dirty bills, respectively.

 

Figure 7: The effect of the dimensions of the input vector on the detection rate 

Table 4 shows the comparison of accuracy for 

different algorithms across multiple sets of banknote 

images, with varying numbers of banknotes (10, 20, 40, 

60, 70, and 80 images) per set. Each row corresponds to 

the performance of different algorithms on varying sets of 

banknote images. Due to the use of all image information, 

the proposed algorithm, especially the color and texture 

combination algorithm, has a very high detection rate 

(about 95%). As a result, the performance of the 

symmetric mask method is acceptable only in a small 

interval, and that of the Markov chain method is slightly 

inferior to those of the proposed methods. The 180-degree 

rotation of the banknote does not affect recognition in both 

Markov methods and symmetric masks. These methods 

are independent of the direction in which the banknote is 

inserted. Therefore, necessary to reduce the number of 

patterns available by half. To be able to detect the 

banknote in all situations, a minimum number of reference 

patterns should be doubled to detect color and texture. 

Additionally, the direction of entering the banknote affects 

the methods of color detection and the combination of 

texture and color. Using the Markov chain method of color 

recognition, the number of banknotes increases gradually 

with a gentle slope since the recognition is based on the 

comparison. As the number of banknotes increases, the 

number of patterns also increases, as does the number of 

neural network inputs in the method of combining 

information. This increase is possible to some extent, but 

its excessive increase will severely degrade the 

performance of this method. It is also important to note 

that neural networks offer the advantage that instead of 

examining and comparing information part by part, they 

examine the pattern of information in an image as a whole. 

Table 4: Comparison of the accuracy of different algorithms for 4 sets of banknote images 

Recognition 

method 
Banknote’s type 

Number of banknotes 

10 20 40 60 70 80 

Markov Chain 

Clean 100 ±0.0 100 ±0.0 99 ±1.2 99 ±3.1 98 ±1.4 98 ±2.1 

Faded 84 ±3.2 84 ±0.8 86 ±0.8 83 ±1.5 82 ±2.5 79 ±1.8 

Wrinkled 90 ±2.2 90 ±1.7 90 ±1.6 89 ±1.4 86 ±1.2 86 ±1.5 

Dirty 70 ±1.9 70 ±1.2 69 ±1.8 64 ±2.2 64 ±2.4 62 ±0.5 

Symmetric mask 

Clean 90 ±1.6 90 ±1.4 85 ±0.5 80 ±1.7 57 ±1.6 50 ±1.7 

Faded 67 ±2.2 60 ±1.5 52 ±1.9 40 ±1.4 32 ±1.9 32 ±1.0 

Wrinkled 61 ±0.9 56 ±1.4 59 ±1.5 50 ±1.1 48 ±2.2 30 ±2.4 

Dirty 78 ±0.8 64 ±1.0 52 ±1.6 52 ±1.7 50 ±1.3 42 ±1.4 

PCA 
Clean 100 ±0.0 100 ±0.0 98 ±0.8 95 ±1.2 95 ±1.3 92 ±1.5 

Faded 85 ±2.0 82 ±1.5 82 ±1.6 78 ±1.7 76 ±1.8 71 ±1.2 



Multi-Feature Neural Network-Based Currency Authentication…                                               Informatica 49 (2025) 235–252     245                                                                                                                                      

Wrinkled 93 ±1.6 91 ±1.3 91 ±1.8 90 ±1.4 90 ±1.6 90 ±1.7 

Dirty 74 ±1.3 71 ±1.2 71 ±2.3 70 ±1.9 68 ±1.4 60 ±1.0 

Proposed method 

Clean 100 ±0.0 100 ±0.0 100 ±0.0 99 ±0.3 99 ±0.8 99 ±0.2 

Faded 89 ±1.3 89 ±2.3 88 ±2.4 85 ±2.1 85 ±2.8 88 ±1.5 

Wrinkled 96 ±1.3 96 ±0.5 96 ±0.8 95 ±1.6 95 ±1.4 94 ±0.3 

Dirty 92 ±2.2 92 ±2.5 91 ±2.8 91 ±2.1 90 ±2.6 92 ±2.3 

In the next, we provide a detailed evaluation of the 

proposed model's performance using various metrics, 

including accuracy, precision, recall, F1-score, and 5-fold 

cross-validation. The results of these evaluations are 

shown in Table 5.The model achieves an overall accuracy 

of 95.0%, indicating strong performance in recognizing 

banknotes across different conditions. Specifically, the 

precision and recall vary between 93.5% and 98.5%, 

demonstrating the model's ability to accurately classify 

clean, faded, wrinkled, and dirty banknotes. Furthermore, 

the F1-score, which balances both precision and recall, 

consistently exceeds 94%, reflecting a well-balanced 

performance. Additionally, the use of 5-fold cross-

validation ensures the robustness of the model by 

evaluating it across multiple subsets of the data. The 

average performance across all folds is reported to be 

95.0%, further validating the model's ability to generalize 

well to unseen data. These comprehensive evaluations, 

which include multiple performance metrics and cross-

validation, demonstrate that the proposed model is both 

accurate and reliable for real-world banknote recognition 

tasks, capable of handling various types of banknote 

degradation. 

Table 6 compares the accuracy of various algorithms 

across different banknote conditions (clean, faded, 

wrinkled, dirty) and various datasets of banknotes. The 

banknote conditions are explicitly defined and 

systematically tested to evaluate the robustness of the 

algorithms under varying real-world scenarios. Our 

method demonstrates superior accuracy, especially in 

recognizing faded and dirty banknotes, achieving an 

overall accuracy of 95%—a 10% improvement compared 

to existing methods. The significant performance boost 

can be attributed to the combination of texture and color 

information in the feature vector, along with the size 

verification step. Additionally, as shown in Figure 7, our 

method consistently outperforms the others across all 

conditions, making it particularly robust in real-world 

scenarios where banknotes are frequently damaged. 

The PCA-based texture recognition method typically 

achieves an accuracy in the range of 80-85% depending 

on the dataset and preprocessing steps. In particular, the 

PCA method focuses solely on texture features, which are 

effective for clean and well-maintained banknotes but 

struggle when the banknotes are distorted, faded, or dirty. 

The texture features alone do not capture the variations in 

color or the size of the banknotes, which are critical in 

real-world scenarios. In comparison, our multi-feature 

approach, which integrates texture, color, and size 

information, increases the recognition accuracy by 10-

15%, reaching 95%. This improvement highlights the 

complementary nature of combining multiple features in 

handling banknotes with different degrees of wear and 

tear. 

A color-based method typically achieves 85-90% 

accuracy when applied to clean and well-illuminated 

banknotes. However, the color-only approach faces 

limitations when dealing with faded or discolored 

banknotes, as slight variations in color can lead to 

misclassification. Unlike the color-only method, the 

proposed system incorporates both texture (captured via 

PCA) and size, which significantly improves performance 

by addressing distortions in appearance due to wear. By 

combining color with texture and size, our method 

achieves an accuracy of 95%, marking a 5-10% 

improvement over color-based approaches. The 5-10% 

accuracy improvement over PCA-only and color-only 

methods is highly significant, especially in the context of 

real-world applications where banknotes are often 

damaged or degraded. The ability to recognize wrinkled, 

faded, or dirty banknotes is a key challenge in banknote 

recognition systems, and our method’s ability to integrate 

multiple features—texture, color, and size—makes it 

particularly robust in such scenarios. The inclusion of the 

size feature adds an extra layer of validation, which helps 

to reduce misclassifications, especially for banknotes with 

similar visual patterns but different dimensions. 

To validate the claim that our system operates in real-

time, we conducted performance benchmarks to measure 

the inference time required for processing a single 

banknote. The experiments were carried out on a system 

with the following specifications: 

• Processor: Intel Core i7-9700K (3.6 GHz, 8 

cores) 

• RAM: 16 GB DDR4 

• GPU: NVIDIA GeForce GTX 1080 Ti 

On this setup, the inference time for processing a 

single banknote (including feature extraction and 

classification) was found to be approximately 50 

milliseconds per banknote. This result indicates that the 

model can handle 20 banknotes per second, which is well 

within the acceptable range for real-time applications, 

such as ATMs, vending machines, and currency sorting 

systems. 

Furthermore, the system maintains consistent 

performance even when processing multiple banknotes in 

a batch, which is typical for real-time systems where batch 

processing is often used to improve efficiency. The real-

time performance ensures that the model can be applied in 

environments requiring rapid processing and minimal 

latency. 
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Table 5: Performance evaluation of the proposed model using accuracy, precision, recall, F1-score, and 5-fold cross-

validation across multiple currencies 

Evaluation 

Metric 
Clean Banknotes 

Faded 

Banknotes 

Wrinkled 

Banknotes 
Dirty Banknotes Average 

Accuracy 98.5% 91.3% 96.0% 94.1% 95.0% 

Precision 98.0% 92.5% 96.7% 93.5% 95.2% 

Recall 97.2% 90.0% 95.3% 95.0% 94.4% 

F1-Score 97.6% 91.2% 95.9% 94.2% 94.7% 

5-Fold Cross-

Validation 
95.3% 92.1% 96.0% 94.1% 95.0% 

Table 6: Clarifies the specific conditions (clean, faded, wrinkled, dirty) under which the algorithms were tested, 

ensuring that there is no ambiguity in the data 

Recognition Method Clean Faded Wrinkled Dirty 

Markov Chain 98% 79% 86% 62% 

Symmetric Mask 85% 32% 48% 42% 

PCA 92% 71% 90% 60% 

Proposed Method 99% 88% 94% 92% 

 

4 Error analysis 
Although the proposed model achieves a 95% accuracy, 

there are certain types of banknotes where the system’s 

performance is less reliable. The primary challenges occur 

with faded, dirty, and severely damaged banknotes, where 

specific features that the model relies on (such as texture 

and color) become less distinct or obscured. This section 

discusses these failure cases in detail. 

Faded banknotes: Faded banknotes present a 

significant challenge, as the color information crucial to 

the model's recognition becomes degraded. The proposed 

system relies on a combination of texture, color, and size 

features, but when the color fades, it becomes difficult for 

the model to distinguish between faded and dirty 

banknotes. In particular, a faded clean banknote may 

closely resemble a slightly dirty banknote, leading to 

misclassifications. The model's reliance on color features 

in these cases is less effective, and while the texture 

features remain intact to some extent, they cannot always 

compensate for the loss of color contrast. This results in a 

decrease in recall for the faded category, where the system 

misidentifies faded notes as dirty or other categories. 

Dirty banknotes: Dirty banknotes, especially those 

with significant staining or dirt, are also problematic for 

the model. While texture features still provide useful 

information, the presence of dirt can obscure important 

design elements of the banknote, which are critical for 

accurate classification. Additionally, dirt can introduce 

false positives in color-based recognition, especially when 

dirt areas resemble the color features of other banknotes. 

As a result, the system may misidentify a banknote as 

faded or wrinkled rather than recognizing it as dirty. This 

issue reduces precision for the dirty category, as the 

system may incorrectly classify non-dirty banknotes as 

dirty due to visual similarities caused by dirt or stains. 

Banknotes with extreme damage: Banknotes that 

have suffered extreme physical damage, such as large 

tears, heavy creases, or missing sections, pose another 

challenge. The model relies on size normalization and  

 

texture analysis to identify features, but when large parts 

of the banknote are missing or obscured by folds, the 

model struggles to classify the banknote accurately. For 

instance, a banknote that is heavily folded may appear 

distorted, leading to incorrect classification or failure to 

recognize the note at all. Although size normalization 

helps mitigate minor distortions, extreme damage often 

causes misclassification due to missing visual cues. This 

issue results in both lower classification accuracy and 

recall for severely damaged banknotes, especially those 

that lack key security features or distinctive design 

elements. 

5 Related work 
In the related work, various approaches have been 

proposed for banknote recognition, each focusing on 

different feature types such as texture, color, and size. 

Most traditional methods rely on texture-based features or 

color information, with some also incorporating machine 

learning models such as support vector machines (SVMs) 

or neural networks. However, the majority of existing 

methods focus on a single feature type, either texture or 

color, which limits their performance when dealing with 

distorted, faded, or dirty banknotes. 

Table 7 summarizes key studies, highlighting the 

feature types used, dataset sizes, and reported accuracies. 

As indicated, while many methods report high accuracy 

under ideal conditions (e.g., clean banknotes), they often 

fall short in real-world scenarios involving wrinkled, 

faded, or damaged banknotes. This is where the novelty of 

our approach lies. By combining texture, color, and size 

into a unified feature vector, our method outperforms 

existing techniques, particularly in recognizing 

challenging banknote conditions. Our approach addresses 

the gap identified in many studies regarding the need for a 

multi-feature system that can effectively handle the 

variability and deformations of banknotes in practical 

applications. For instance, methods using PCA for texture 

extraction (as seen in studies by Oyedotun & Khashman, 
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[35], and Yeh et al. [36]) achieve high accuracy for clean 

banknotes but struggle when the banknotes are damaged 

or have complex features like wrinkles or fading. 

Similarly, approaches utilizing convolutional neural 

networks (CNNs), such as in Sadyk et al. [33], 

demonstrate superior performance but do not explicitly 

address the combined use of multiple features like texture, 

color, and size for more robust recognition. 

Furthermore, the reported 95% accuracy in our study, 

achieved with a diverse dataset of 1,072 images, shows a 

10% improvement over previous methods, especially for 

distorted or heavily damaged banknotes. This makes our 

method highly relevant for real-time banknote sorting and 

recognition applications, such as ATMs and vending 

machines, where speed and accuracy are critical. 

In conclusion, while prior work has contributed 

valuable insights into banknote recognition, there remains 

a gap in integrating multiple features for improved 

robustness in handling various types of banknote damage 

and degradation. Our proposed method fills this gap, 

offering a more comprehensive and reliable solution for 

banknote recognition. 

Table 7: Comparison of existing banknote recognition methods: feature types, dataset sizes, reported accuracy, and 

identified gaps 

Study Feature Types Used Dataset Size Reported Accuracy Key Methodology 

Sadyk et al. [33] - 

Deep Learning in 

Fake Banknote 

Recognition 

Convolutional 

Neural Networks, 

RNNs, GANs 

Various datasets 

from multiple 

countries and 

currencies 

Superior 

performance with 

CNNs, but no 

specific numerical 

value given 

Deep learning 

approaches 

including CNNs, 

RNNs, and GANs 

for counterfeit 

detection 

Pachón et al. [34] - 

Fake Banknote 

Recognition Using 

CNN 

Convolutional 

Neural Networks 

(ResNet18, 

AlexNet) 

Colombian 

Banknote Dataset 

(varied sizes for TL 

vs Custom CNN) 

ResNet18: 100%, 

AlexNet: up to 99% 

depending on 

orientation 

Comparison of 

transfer learning vs 

custom CNN 

architectures in 

banknote 

recognition 

Oyedotun & 

Khashman [35] - 

Banknote 

Recognition with 

Neural Networks 

Competitive Neural 

Networks (CNNs) 

Nigeria Naira 

Banknotes (75% 

occlusion) 

Competitive neural 

network: High 

accuracy with 

occlusion tested 

Cognition-based 

competitive neural 

networks for robust 

recognition, even 

with occlusion 

Yeh et al. [36] - 

Multiple-Kernel 

SVM for Counterfeit 

Banknote 

Recognition 

Multiple-Kernel 

SVMs, Luminance 

Histograms 

Taiwanese 

Banknotes 

(luminance 

histograms per 

partition) 

Outperforms single-

kernel SVMs with 

higher accuracy and 

reduced false 

positives 

Multiple-kernel 

SVM to reduce false 

positives by using 

partitioned banknote 

images 

Sufri et al. [37] - 

Banknote 

Recognition using 

ML and DL 

Color Features 

(RGB values), 

CNNs (AlexNet) 

Malaysian Ringgit 

Banknotes (168-672 

images depending 

on orientation) 

SVM and BC: 100% 

accuracy, AlexNet: 

orientation 

dependent (best with 

similar training) 

Analysis of region 

and orientation 

effects on 

performance of ML 

and DL models 

Proposed Method - 

Banknote 

Recognition Using 

Texture, Color, and 

Size Features 

Texture (PCA), 

Color (RGB), Size 

1,072 images from 

various countries 

95% accuracy, 10% 

improvement over 

existing methods, 

particularly for 

distorted, wrinkled, 

and dirty banknotes 

Combination of 

texture, color, and 

size features in a 

unified vector 

processed by a 

Multi-Layer 

Perceptron (MLP) 

neural network 

 

6 Discussion 
In this section, we compare the performance of our 

proposed method, which integrates texture, color, and size 

features, with the results of the state-of-the-art methods 

reviewed in the Related Work section. The following 

points highlight the key findings from this comparison: 

1. Accuracy comparison: 

• Our method achieved 95% recognition accuracy, a 

significant 10% improvement over many existing 

techniques. For example, Sadyk et al. [33] report 

excellent performance with CNNs, but their 

accuracy results are not numerically specific. 

Moreover, Pachón et al. [34] report up to 99% 

accuracy using CNNs (ResNet18 and AlexNet), but 

this performance is dependent on the orientation of 

the banknotes, and does not fully account for the 

variability found in real-world conditions such as 

faded or wrinkled banknotes. 
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• In contrast, our method performs consistently well 

across different types of banknotes, including 

wrinkled, faded, and dirty banknotes, where the 

performance of previous methods often decreases 

significantly. For instance, Oyedotun & Khashman 

[35] demonstrate high accuracy with competitive 

neural networks, but their method struggles with 

heavily occluded banknotes, a scenario where our 

approach excels due to the integration of the size 

feature. 

2. Handling of distorted banknotes: 

• One of the major advantages of our method is its 

ability to handle distorted, wrinkled, and dirty 

banknotes effectively. For example, Yeh et al. [36] 

use multiple-kernel SVMs and achieve improved 

accuracy over single-kernel SVMs, but their method 

still faces challenges in the presence of extreme 

distortions or damage to the banknotes. In contrast, 

our method integrates texture, color, and size 

features, which allows for robust classification even 

when one feature (e.g., texture) may be corrupted due 

to noise or distortion. 

3. Feature integration: 

• While several state-of-the-art methods, including 

those by Pachón et al. [34] and Sufri et al. [37], focus 

on single features like texture or color, our method is 

unique in its ability to integrate three distinct 

features—texture, color, and size—into a single 

feature vector. This multi-feature approach provides 

superior accuracy, especially in challenging real-

world scenarios, where the quality of banknotes can 

vary significantly. 

4. Dataset size and generalization: 

• Our approach was evaluated using a large and 

diverse dataset of 1,072 banknote images from 

multiple countries, which includes clean, faded, 

wrinkled, and dirty banknotes. This size and 

diversity allow our model to generalize well to real-

world applications. Many of the state-of-the-art 

methods, such as those by Sufri et al. [37], use 

smaller datasets, which may limit their ability to 

handle a wider range of banknote types. Our 

method's larger dataset enables better handling of 

variability in banknote appearances. 

5. Real-world applicability: 

• Sadyk et al. [33] and Yeh et al. [36] primarily focus 

on counterfeit detection, which often involves clean 

banknotes or ideal conditions. However, in practical 

scenarios, such as ATMs and vending machines, 

banknotes are often damaged or dirty, requiring a 

more robust recognition system. Our method is 

designed to handle such conditions, making it highly 

suitable for real-time banknote recognition 

applications. 

7 Limitations and avenues for future 

improvements 
While the proposed method demonstrates significant 

improvements in banknote recognition, particularly in 

handling distorted, faded, and dirty banknotes, there are 

several limitations that need to be addressed for its broader 

applicability and real-time implementation. One of the 

primary challenges is the computational complexity 

introduced by the combination of texture, color, and size 

features. While this multi-feature approach enhances 

robustness, it also increases the computational overhead, 

which may not be ideal for real-time applications in 

devices with limited processing power, such as ATMs and 

vending machines. To address this limitation, future work 

could focus on optimizing the feature extraction and 

classification processes, potentially by leveraging lighter 

neural network architectures or exploring model pruning 

techniques to reduce the processing time while 

maintaining accuracy. 

Another limitation is the dependence on high-quality 

training data. While the dataset used in this study is 

diverse, the model’s performance could degrade in 

scenarios involving extreme damage or very low-quality 

images. In real-world settings, banknotes may exhibit 

significant variations in quality, and images captured in 

poor lighting conditions or from non-ideal angles could 

lead to misclassifications. To improve generalization, 

future research could explore data augmentation 

techniques, including the use of Generative Adversarial 

Networks (GANs) for synthesizing realistic variations of 

damaged banknotes, thereby enriching the training 

dataset. Additionally, multi-view or 3D imaging could be 

considered to improve the model’s ability to handle 

varying angles and partial occlusions. 

The size verification step in our method, while 

beneficial, can be sensitive to variations in scanning 

conditions, such as resolution or angle. Future 

improvements could involve the development of more 

adaptive size verification techniques that can account for 

such variations. Additionally, depth sensing technologies 

could be explored to provide more accurate and robust size 

measurements, which would further strengthen the 

system’s reliability. 

In conclusion, the proposed method shows significant 

potential for robust and accurate banknote recognition, but 

addressing these limitations through optimization, dataset 

expansion, and enhanced feature extraction techniques 

could further improve its performance and applicability in 

real-world, real-time environments. 

While the current study evaluates the model's 

performance on multiple currencies, future work will 

involve extending the dataset to include more diverse 

banknotes from additional countries, allowing for further 

assessment of the model's robustness in real-world 

applications. 

8 Conclusion 
Banknote image processing differs from other image 

processing applications, such as facial recognition or 

object detection, due to the complexity of the design, 

patterns, and colors that cover the entire surface of 

banknotes. Traditionally, banknote recognition relies on 

extracting one feature—often the texture—from the 

images. However, due to visual discrepancies and noise, 
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the test images are rarely 100% accurate when compared 

to the original banknote in the database. 

It is important to note that the texture and color 

information extracted from the test image may not 

perfectly match the reference banknote. Noise tends to 

affect one of these characteristics more than the other. For 

example, when noise impacts the texture, the extracted 

texture information may change slightly, which can cause 

the neural network to make an incorrect diagnosis if these 

changes exceed a certain threshold. Although filtering 

techniques can reduce the effect of noise, they cannot fully 

eliminate it. Additionally, different noise types require 

different filters, and not all filters will be equally effective 

for every type of distortion. 

When only texture or color information is used in the 

recognition process, the neural network becomes more 

sensitive to unwanted changes, increasing the risk of 

misclassification. To address this, we combined both 

texture and color information in our approach. By feeding 

the neural network with both characteristics, the system is 

less affected by changes in one feature alone, making it 

easier for the neural network to recognize the correct 

pattern. This combination improves the robustness of the 

system, allowing it to handle discrepancies more 

effectively and improving overall recognition accuracy. 
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