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ABSTRACT
Traditional methods for fake currency detection rely on attributes such as colours, width, and

serial numbers. However, in the era of advanced computer science and computational methods,
leveraging machine learning algorithms through image processing has shown remarkable
success, achieving the best accuracy rates. This research introduces a novel approach to fake
currency recognition using the Convolutional Neural Network (CNN) algorithm combined
with image processing. The CNN model is designed to automatically learn and extract features
from input images. In the context of fake currency recognition, the CNN algorithm typically
consists of multiple layers including convolutional layers responsible for detecting patterns and
features, followed by pooling layers for dimensionality reduction. The proposed method
involves the implementation of machine learning algorithms and image processing techniques
for data processing and extraction. By combining these technologies, the system aims to
achieve robust accuracy in identifying counterfeit currency, utilizing features such as colour,
shape, paper width, and image filtering on the banknote. The authentication dataset is
meticulously crafted to enhance computational and mathematical strategies, ultimately
contributing to improved accuracy and reliability in fake currency detection.
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INTRODUCTION

Real and fake currency detection using Artificial Neural Networks (ANNSs) involves training a
model with a dataset of images containing both genuine and counterfeit currency notes. The
images undergo preprocessing to enhance quality, followed by feature extraction to capture
distinctive characteristics like texture and security features. Using this labeled dataset, the ANN
learns to distinguish between real and fake currency notes by adjusting its parameters through
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iterative training. Once trained, the model is evaluated for accuracy and deployed in banking
systems or currency sorting machines for real-time detection. Continuous learning ensures the
model remains effective against evolving counterfeit techniques. Overall, ANN-based currency
detection offers a reliable solution to safeguard financial systems against counterfeit currency.
The application of Convolutional Neural Networks (CNNs) for real and fake currency detection
addresses a critical challenge facing financial institutions worldwide. The motivation stems
from the escalating prevalence of counterfeit currency, posing significant threats to economic
stability and consumer confidence. By harnessing the power of CNNss, financial entities aim to
fortify their defences against fraudulent activities, ensuring the integrity of monetary
transactions and bolstering public trust in the financial system [7]. The ability of CNNs to
automatically extract and learn intricate features from currency images makes them well-suited
for this task, enabling accurate and efficient authentication processes. CNN-based currency
detection systems offer invaluable contributions to the fight against counterfeit currency by
providing robust and reliable methods for authentication. Their capability to analyze currency
images at various scales and orientations allows for the identification of subtle patterns and
security features that distinguish genuine notes from counterfeit ones [8]. This contributes to
enhancing operational efficiency within financial institutions, as CNN algorithms streamline
the authentication process, reducing reliance on manual inspection and improving overall
accuracy. Additionally, CNNs' adaptability to diverse currency designs and denominations
ensures their applicability across different regions and currency types, further augmenting their
contribution to global financial security. Continuous learning and adaptation are pivotal aspects
of CNN based currency detection systems, enabling them to stay abreast of evolving counterfeit
techniques and emerging security features in genuine currency notes [9]. Through ongoing
training with updated datasets, CNNs refine their abilities to accurately differentiate between
real and fake currency, thereby maintaining their effectiveness over time. This dynamic
learning capability not only enhances the resilience of financial institutions against counterfeit
threats but also underscores the importance of leveraging advanced technologies to safeguard
monetary transactions and preserve the integrity of the global financial system.
METHODOLOGY

The objective of real and fake currency detection using a Convolutional Neural Network
(CNN) algorithm is to develop a robust system that can accurately distinguish between genuine
currency notes and counterfeit ones based on images. CNNs are particularly well-suited for
image classification tasks due to their ability to automatically learn relevant features from the
input data.

e The primary goal is to classify images of currency notes into two categories: real and
fake.

e (CNNs are adept at automatically learning relevant features from images. The network
should be able to identify distinguishing features between real and fake currency notes,
such as watermarks, security threads, texture, and other visual cues.

e The system should be robust against various factors such as changes in lighting
conditions, angles, and orientations of the currency notes. It should also be able to detect
sophisticated counterfeit techniques.

e Achieving high accuracy is crucial to ensure reliable detection of counterfeit currency.
The CNN model should be trained on a diverse dataset containing a sufficient number
of real and counterfeit currency images to generalize well to unseen data.

The final objective is to deploy the trained CNN model into a practical application, such as a
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mobile app or a standalone device, for real-time detection of counterfeit currency. Overall, the
objective is to create an effective and efficient system that can assist in the detection of
counterfeit currency, thereby helping to prevent financial losses and maintain the integrity of
the monetary.
RELATED WORK
[1]."Currency Recognition System Using Convolutional Neural Network" by Ajinkya
Deshmukh and Prof. R. R. Sedamkar (2018): Proposes a robust system for currency recognition
leveraging the power of CNNs. It outlines the process of preprocessing currency images,
designing a CNN architecture, and training the model on a dataset of currency notes. The study
demonstrates the effectiveness of CNNs in accurately classifying both real and fake currency
notes. [2]."Fake Currency Detection Using Image Processing and Deep Learning Techniques"
by Karishma M. Patel, Rupesh M. Patel, and Apurva A. Desai (2019): In this research, the
authors combine image processing methods with deep learning techniques, including CNNss,
to detect counterfeit currency. The paper discusses the extraction of relevant features from
currency images using image processing algorithms and the integration of CNNs for
classification. The study showcases the efficacy of the proposed approach in accurately
identifying counterfeit currency notes. [3]."Real-Time Fake Currency Detection using Deep
Learning" by Arpit Jain, Anubhav Sharma, and Hitesh Aggarwal (2018)[4],[5]: This article
focuses on the development of a real-time fake currency detection system using deep learning,
specifically CNNs. It explores techniques to optimize the CNN model for low-latency
inference, making it suitable for realworld applications such as currency authentication devices
or mobile apps. The study highlights the importance of efficient model design and deployment
for practical use cases. [6]."Currency Recognition System using Convolutional Neural
Network with Feature Extraction" by Anitha Kumari K and Dr. D. Rajeswara Rao (2020)[7]:
This paper proposes a currency recognition system that integrates feature extraction techniques
with CNNs. It explores various feature extraction methods, such as edge detection and texture
analysis, to enhance the discriminative power of the CNN model. The study demonstrates the
effectiveness of feature extraction in improving the classification accuracy, particularly in
distinguishing between genuine and counterfeit currency notes. [8]."Forgery Detection in
Indian Currency Notes using Convolutional Neural Network" by Himanshu Gupta and Naman
Jain (2020): This study focuses on detecting forged Indian currency notes using CNNs.
Leveraging transfer learning techniques, the authors fine-tune pre-trained CNN models on a
dataset of Indian currency images to achieve accurate detection of counterfeit notes. The paper
discusses the challenges and considerations specific to detecting forged currency in the Indian
context. [9],[10]."Currency Recognition using Deep Learning Techniques" by Polamuri et al
[11] Polamuri et al This article provides insights into the implementation of a currency
recognition system using deep learning techniques, including CNNs[12]. It discusses the
design choices for CNN architectures, optimization strategies[ 13], and training methodologies
for currency classification tasks. The study emphasizes the importance of model optimization
and dataset quality in achieving reliable currency recognition
IMPLEMENTATION

Designing a system for real and fake currency detection using Convolutional Neural Networks
(CNNss) involves several crucial steps. First and foremost, a comprehensive dataset comprising
images of both real and counterfeit currency notes needs to be collected and pre-processed.
Standardization of size, color, and orientation is essential to ensure consistency across the
dataset. Techniques such as resizing, normalization, and augmentation are commonly
employed to increase the diversity and robustness of the dataset. The next step entails defining
the architecture of the CNN model. Architectures like VGG, ResNet, or custom-designed
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CNN s are often employed for image classification tasks. The CNN's input layer would accept
pre-processed currency images, while the output layer would consist of two nodes, each
representing the probability of the input image being real or fake currency. The softmax
activation function is typically used to compute these probabilities. Once the architecture is
established, the model needs to be trained using the prepared dataset. This involves splitting
the dataset into training, validation, and testing sets. The training set is used to optimize the
model parameters, minimizing a suitable loss function such as categorical cross-entropy.
Validation data is used to tune hyperparameters and prevent overfitting, while the testing set
evaluates the final model's performance on unseen data. After successful training, the model is
deployed in a production environment. Integration into a web service, mobile application, or
standalone device facilitates real-time inference on new currency images. During inference, the
model computes probabilities indicating the likelihood of the currency note being real or fake.
Optionally, a threshold probability can be set to classify the currency based on these
probabilities. It's important to consider legal and ethical implications when deploying such a
system, particularly in sensitive domains like currency authentication. Adherence to relevant
regulations and ethical standards is paramount to ensure the system's responsible use and
societal acceptance. By following these steps diligently and incorporating feedback
mechanisms, the system can continually improve its accuracy and reliability in distinguishing
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Fig 1: System flow architecture

The architecture for detecting real and fake currency using CNNs follows a straightforward
process. It starts with feeding images of currency notes into the network. These images are then
processed through layers that look for important features like patterns, textures, and shapes that
distinguish real from counterfeit bills. After identifying these features, the network learns to
classify the currency notes as either genuine or fake. This process involves adjusting the
connections between neurons in the network based on how well it performs on a training
dataset. By iteratively fine-tuning these connections, the network gets better at accurately
identifying real and fake currency.

Data Pre-processing: In data preprocessing for real and fake currency detection, images are

resized to a uniform size, ensuring consistency. They are then converted to grayscale to
simplify and reduce computational complexity. Finally, pixel values are normalized to a
common scale, facilitating effective learning by the neural network. Feature
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Selection/Extraction: Feature extraction for real and fake currency detection means finding
unique traits in the images that help tell apart genuine from counterfeit bills. It's like picking
out key details such as patterns, textures, and shapes that are important in making this
distinction. Once these features are identified, they're transformed into a format that the
computer can understand and use to make decisions. This process simplifies the information
while keeping the important bits, helping the computer learn and make accurate judgments
about whether a bill is real or fake. Training Data Split: In splitting the training data for real
and fake currency detection, we divide it into three sets: training, validation, and testing. The
training set, comprising the majority of the data, is used to train the neural network on
distinguishing between genuine and counterfeit currency. The validation set is used to fine-
tune the model's parameters and evaluate its performance during training. Model Training:
Model training is like teaching a computer how to tell real money from fake. We show it lots
of examples of both real and counterfeit currency, and the computer learns to recognize the
differences between them. It adjusts its internal settings based on its mistakes, getting better
each time it sees more examples. We keep testing it with new images to make sure it's learning
correctly, and once it's trained well enough, it can accurately identify real and fake currency on
its own. Model Evaluation: Model evaluation is like grading a student's exam. We use a set
of new images that the model hasn't seen before to see how well it can tell real money from
fake. By comparing its guesses to the correct answers, we can see if it's doing a good job. We
look at things like how often it's right and how often it's wrong to understand how well it's
learned. If it gets high marks, we can trust it to spot counterfeit money accurately. Hyper
parameter Tuning (Optional): Hyperparameter tuning is like finding the best settings for a
recipe. We tweak parameters like learning rate, batch size, and number of layers to see which
combination works best for training our model. By experimenting with different values and
observing how they affect the model's performance on the validation set, we can fine-tune the
hyperparameters to achieve optimal results. While it's optional, proper tuning can significantly
improve the accuracy and efficiency of our model. Model Selection and Deployment: Model
selection is like picking the best tool from your toolbox for the job. choose the model that
performs the best at telling real money from fake based on how well it did during testing. Once
we've picked the winner, we get it ready for action by putting it into a system where it can
quickly and accurately identify counterfeit money in real-world situations.

RESULTS AND DISCUSSION
The following are the outcomes obtained after the implementation
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Fig 3: Uploading a Currency Note for identification
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Fig 6: Outcome after checking the Currency Note of Rs. 100

CONCLUSION AND FUTURE SCOPE

In conclusion, leveraging Convolutional Neural Networks (CNNs) for distinguishing between real and
counterfeit currency offers a promising solution for bolstering security in financial transactions. These
advanced algorithms excel at quickly and accurately identifying fake bills amidst genuine ones, functioning
like a vigilant guardian against counterfeit threats. Despite challenges such as obtaining quality data and
ensuring regulatory compliance, CNNs stand as a reliable ally in preserving the integrity of our monetary
systems. Their speed, accuracy, and adaptability make them indispensable tools in the ongoing battle against
counterfeit currency, ensuring that our financial transactions remain safe and trustworthy. Looking forward,
the future of spotting real and fake money is full of exciting possibilities. With better technology like smarter
computers and improved training methods, we can become even better at telling the difference between real
bills and counterfeits. Imagine having tools right on your phone that can quickly check if a bill is genuine or
not. Plus, as more people become aware of the importance of using reliable detection methods, we can work
together to stay ahead of counterfeiters and keep our money safe.

References:

[1] "Currency Recognition System Using Convolutional Neural Network" by Ajinkya Deshmukh and
Prof. R. R. Sedamkar (2018):

[2] "Fake Currency Detection Using Image Processing and Deep Learning Techniques" by Karishma
M. Patel, Rupesh M. Patel, and Apurva A. Desai (2019):

[3] "Real-Time Fake Currency Detection using Deep Learning" by Arpit Jain, Anubhav Sharma, and
Hitesh Aggarwal (2018):

[4] "Forgery Detection in Indian Currency Notes using Convolutional Neural Network" by Himanshu
Gupta and Naman Jain (2020):

[5] "Currency Recognition using Deep Learning Techniques" by Abhay Bhandari, Yash Vardhan
Sharma, and Akhil Govil (2018):

[6] "Currency Recognition System using Convolutional Neural Networkwith Feature Extraction" by
Anitha Kumari K and Dr. D. Rajeswara Rao (2020):

[7] Ram, M.K., Lakshmi, M.T.S.K., Raju, M.G., Sarojini, M., Madhu Kiran, G., Sujana, C. (2022).
Real-Time Implementation of CNN-Based Face Mask Detection: A Method to Diminish the Risk of
COVID-19. In: Rout, R.R., Ghosh, S.K., Jana, P.K., Tripathy, A.K., Sahoo, J.P., Li, KC. (eds)
Advances in Distributed Computing and Machine Learning. Lecture Notes in Networks and
Systems, vol 427. Springer, Singapore. https://doi.org/10.1007/978-981-19-1018-0_38

Library Progress International | Vol.44 No.3 |July-December 2024 24907

&



G Parameswara Kumar, T Srinivasulu, M S V V Ramesh, Rayavarapu Sri Divya, Surya Lakshmi Kantham
Vinti, Challapalli Sujana

[8] Varanasi Chintamani Karthikeya Sarma, M. Kalyan Ram, B. S. Kiruthika Devi; Security in 10T
using machine learning methods. AIP Conf. Proc.5 January 2024; 3000 (1):
020015. https://doi.org/10.1063/5.0190643

[9] Polamuri, S.R., Srinivas, K. & Mohan, A.K. Multi model-Based Hybrid Prediction
Algorithm (MM-HPA) for Stock Market Prices Prediction Framework
(SMPPF). Arab J Sci Eng 45, 10493-10509 (2020).
https://doi.org/10.1007/s13369-020-04782-2.

[10]Subba Rao Polamuri, Kudipudi Srinivas, A. Krishna Mohan, Multi-model
generative adversarial network hybrid prediction algorithm (MMGAN-HPA) for
stock market prices prediction, Journal of King Saud University-Computer and
Information Sciences 34 (9) (2022) 7433—7444.

[11]Polamuri, S.R., Srinnivas, K. & Mohan, A.K. Prediction of stock price growth for
novel greedy heuristic optimized multi-instances quantitative (NGHOMQ). Int J
Syst Assur Eng Manag 14, 353-366 (2023). https://doi.org/10.1007/s13198-022-
01801-3

[12]Polamuri SR, Srinivas K, Mohan AK (2019) Stock market prices prediction using
random forest and extra tree regression. Int J Recent Tech Eng 8(3):1224-1228

[13]Rao, P.S., Srinivas, K., Mohan, A.K. (2020). A Survey on Stock Market Prediction
Using Machine Learning Techniques. In: Kumar, A., Paprzycki, M., Gunjan, V.
(eds) ICDSMLA 2019. Lecture Notes in Electrical Engineering, vol 601. Springer,
Singapore. https://doi.org/10.1007/978-981-15-1420-3_101

Library Progress International | Vol.44 No.3 | July-December 2024 24908



