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Abstract

Advanced detection techniques are necessary to stop fraudulent transactions because counterfeit currency
continues to pose a danger to financial security. Conventional verification methods, such UV scanning
and hand examination, have not been able to keep up with advanced counterfeiting techniques. This study
investigates machine learning and image processing methods for detecting counterfeit currency to
overcome these difficulties. To distinguish between real and fake banknotes, image processing techniques
such as edge detection, texture analysis, color segmentation, and hyperspectral imaging extract vital
security information from the notes.

These methods do have several drawbacks, though, namely their high processing demands and
susceptibility to changes in lighting. While deep learning models like CNNs (VGG16, ResNet, Efficient
Net) do away with the need for manual feature extraction by learning complex patterns directly from
banknote images, machine learning models like SVM, k-NN, and Decision Trees automate classification
using extracted features to increase accuracy. Furthermore, by producing artificially created fake images,
Generative Adversarial Networks (GANs) enhance training datasets and boost model resilience.
Additionally, real-time authentication and decentralized security provided by blockchain and loT
integration lower the risk of fraud in financial transactions. Notwithstanding these developments, issues
including data accessibility, real-time processing limitations, and the dynamic nature of counterfeiting
methods still exist. To improve the precision, scalability, and effectiveness of counterfeit detection, future
studies must concentrate on federated learning, adaptive Al models, and lightweight deep learning
architectures. To protect international financial systems, this study compares current counterfeit detection
techniques, emphasizing their benefits, drawbacks, and possible future advancements.
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1. Introduction

Because it undermines confidence in financial transactions, counterfeit cash continues to pose a danger to
economies, businesses, and financial institutions worldwide. As counterfeiters use more sophisticated
printing and forging techniques, conventional detection procedures including human verification, UV
scanning, and watermark examination have become inadequate. Consequently, automated counterfeit
detection systems that use machine learning and image processing have become more dependable. Key
security elements including microtexts, holograms, and ink compositions can be extracted from banknotes
using image processing techniques like edge detection, texture analysis, color segmentation, and
hyperspectral imaging.

These techniques aid in distinguishing between real and counterfeit notes, but they are limited by things
like picture noise, illumination fluctuations, and the intricacy of counterfeit patterns. Machine learning
models like SVM, k-NN, and Decision Trees have been used with image processing to improve detection
efficiency and accuracy. This allows for automated classification using features that have been retrieved.
Furthermore, by removing the requirement for manual feature engineering and instead learning complex
patterns straight from raw banknote photos, deep learning models like CNNs (VGG16, ResNet Efficient
Net) have completely changed the identification of counterfeit currency. By creating artificially created
fake samples, enhancing datasets, and bolstering model resilience, Generative Adversarial Networks
(GANSs) further enhance detection. But even with these developments, problems like real-time processing
limitations, expensive computational requirements, and restricted access to high-quality training data still
exist.

Aim of the Paper

The purpose of this article is to examine developments in deep learning and blockchain integration for
enhanced security and real-time verification, as well as to compare and analyze image processing and
machine learning methods used in counterfeit identification and assess their efficacy.

1. Image Processing Techniques for Counterfeit Detection

As image processing techniques have advanced, automated systems that can swiftly and precisely identify
counterfeit banknotes have been developed. Using machine learning models and algorithms, these systems
can examine currency photos to find textures and patterns that point to fake money. Researchers are
investigating several novel techniques as image processing technology develops, such as the application of
terahertz technology and hyperspectral imaging. Potential advantages of these novel techniques include
improved precision and dependability in identifying counterfeit money. As technology has developed,
image processing methods for identifying counterfeit currencies have grown in popularity. The most recent
studies on the use of image processing methods for counterfeit currency detection will be covered in this
review.

The authors of a paper by [1] suggest using a Deep CNN (Convolutional Neural Network) model to identify
fake currency. The method uses Python's Keras deep learning module to create CNN. Tensor drift is an
open-source software library that can be installed. A popular Python package for math and machine learning
applications like neural networks is called Theano. Its goal is to enhance mathematical expression
manipulation. Theano uses a vocabulary similar to NumPy to define calculations, which are then compiled
to run effectively on CPU and GPU architectures. Once the necessary libraries have been installed, train
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the output model as previously mentioned. Adjust an epoch value during model testing and training to
improve the accuracy of the AFCRS as epoch values increase.

Table 1: Image Processing Techniques for Counterfeit Detection

Recent

Technique  |Method Advantages |Limitations Use Cases Studies References
Enhances
security Imoroved Akbar et al.
Canny, Sobel,feature Affected byFeature P . (2013),
Edge ; o _ i detection  of
: Prewitt visibility, lighting extraction, . .. [Babu et al.
Detection . fine  security
Operators  |useful fonvariations, maywatermark lines an d(2022),
microtext s &detect falseldetection microtexts Ballado et al.
watermarks |edges (2015)
r Level r
Gray eve C_:aptu es_ Alekhya et al.
Co- fine- grained
. . : e (2014),
occurrence  |printing Requires high-Classifying |Successfully Bhatia et al
Matrix details, resolution genuine  vs.differentiate (2021) '
(GLCM), robust  forimages, counterfeit |between real’ '
Texture i . . Hariharan &
Analvsis Local Binarygenuine- computationally notes  basedjand fakeElan ovan
y Pattern currency expensive on texture  [textures @ 028)
(LBP) patterns
!Effectlvely Hariharan &
isolates e
Lecurity Sensitivity 1o Distinguishes |[Elangovan
RGB, features likejillumination and variations - in(2020),
HSV,YCDbCr, Multi- featurejink andRathee et al.
Color hologram s &lfaded notes can - .
. |K-means . authenticationjsecurity color|(2016),
Segmentation . security reduce accuracy
clustering features Patel (2019)
threads
Eg?j?eces Increases DN~ &V
. Pre- (2024),
I extraction . accuracy  of
Dilation, processing g . _|Santhanam et
: . : removesProne to . “ledge detection
MorphologicallErosion, . i . . ... [to refing| al. (2013),
. . noise, refinesdistortion  with and feature
Processing  [Opening, securit oisv images extracted cecoanition Shokeen et al.
Closing y yimag features g (2023)
features
Near-infraredDetec.ts Mukundan et
material : .
(NIR), roperties Differentiates [al. (2023),
Ultraviolet | P . |High cost/Advanced  [original  inkiSanyal et al.
, ink| . . .
(UV), ... |requires security composition (2024),
Hyperspectral : composition, . .
. Multispectral | .. specialized feature from Sundravadivelu
Imaging . invisible . .
Imaging . hardware detection counterfeit et al. (2023)
security
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features
Fast Fourier Detects
Transform counterfeit  |Babu et al.
(FFT), Identifies  |[Computationally notes by|(2022),
Fourier Discrete minute intensive, Frequency l|analyzing Kumar et al.
Transform Cosine \variations inrequires  high-domain frequency-  |(2020),
Analysis Transform  |print patterns jquality images [analysis based Yadav et al.
(DCT) inconsistencies|(2021)
Requires  large Hybri_d Neeraja et al.
Automate Jatasets techniques (2019),
Machine SVM, k- NN, [classification, L Real-time  [combining  [Yadav et al.
) . . sensitive to .
Learnlng Decision improves L dversarial autor_nz_;lted_ image _ (2021),
Integration  [Trees accuracy counterfeiting classification |processing &Kamble et al.
Al (2019)
Laavanya &
Learns Vijayaraghavan
features Requires high'g:zirzi;eﬁondSuperior (2019),
\VGG16, without computational i performance |Kara et al.
Deep LearningResNet, manual power, prone toreal-worl q over (2023),
(CNNs) Efficient Net |extraction, |dataset bias applications traditional Shokeen et al.
high accuracy methods (2023)
Secure Real-time  |Implementation Strengthen s
. e . . - . . Yadav et al.
transaction  |verification, [complexity, Authenticity [financial (2021)
Blockchain &jverification, |prevents requires \validation atjecurity, ’

. . . . Patel (2019),
loT decentralized [fraudulent  [financial transaction [prevents fake sundravadivelu
Integration  [authenticationcirculation  |infrastructure  [points currency et al. (2023)

support circulation

Such components include Image processing techniques are instrumental in counterfeits detection since they
help in the extraction of security features of real banknotes. Currently, it is possible to use edge detection
algorithms, feature extracts, morphological processes, as well as hyperspectral imaging as effective means
for determining the structural and spectral characteristics of banknotes. These techniques have enhanced
the detection of the counterfeit products through improving the performance of the accuracies with some
of the challenges as lighting variation, limitation of datasets as well as counterfeit techniques that are
evolving and complex.
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2.

Machine Learning Approaches in Counterfeit Detection

Machine learning has significantly enhanced counterfeit detection by providing automated, high-accuracy
solutions for identifying fake banknotes. Supervised learning models, such as SVM, k-NN, and Decision
Trees, rely on labeled datasets to classify real and counterfeit currency. These models are widely used due
to their interpretability and effectiveness in detecting counterfeit money through extracted features like
texture, watermark, and edge sharpness [2, 3, 4]. However, these methods require large, well-annotated
datasets and can be sensitive to data imbalances, which may limit their generalization capabilities. To
improve robustness, feature fusion models, including GLCM, LBP, and edge detection, integrate multiple
feature extraction techniques to enhance accuracy by capturing both textural and structural differences in
banknotes [5].

Table 2: Machine Learning Approaches for Counterfeit Detection

T Recent
Approach [Method Advantages [Limitations Use Cases Studies References
. Classification
High accuracyRe uires large,of real vs fakelrm:)mw}S
Supervised |[SVM, k- NN, with  labeled q ge, detection
. . labeled datasets,banknotes Alekhya et al.
Learning  |Decision datasets, . through
. sensitive to databased on (2014)
Models Trees interpretable | pattern
imbalance extracted .
models recognition
features
Improves
P e . Enhances
Increases Computation classification cecision in
Feature GLCM, robustness by _p . accuracy byp .
. . . ally intensive, . detecting Colaco et al.
Fusion LBP, Edgelintegrating . merging
: . requires feature subtle (2021)
Models Detection multiple . . fextural  and
selection tuning currency
features structural .
. differences
details
Image . Effective in
. . Combines . ..
Hybrid processing nultiole Requires (:arefulReal time combining
Machine |+ SVM, k- p feature e . feature Gaikwad et al.
. techniques forl . classification .
Learning NN, engineering and extraction  |(2017)
. better ; of banknotes .
Models Decision preprocessing with Al for
accuracy :
Trees detection
Learns . Banknote Outperform
Deep CNNs Requires large e p .
. features . classification fraditional [Hariharan &
Learning |[(VGG16, . training datasets,| . . .
automatically, . with minimal |machine Elangovan
Based ResNet, . .” ' lcomputation ally .
.. high detection . feature learning (2020)
Models Efficient Net) expensive . .
accuracy engineering  |methods
. Generates .
. |Synthetic data . . Needs careful  [Expands Helps in
Generative . realistic . . . .
augmentation, . tuning, risk ofdataset  size,training Sanyal et al.
Models . counterfeit .
adversarial model improves robust (2024)
(GANS) . samples, e . e
training . overfitting generalization [classifiers
improves
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training
Protects
Decentralized Enhances Computation  [Securely trainsfinancial data
Federated fraining onprivacy, ally intensive, |models withoutwhile Sundravadivelu
Learning  multiple improves requires security [centralizing  |[improving et al. (2023)
datasets generalization |infrastructure  sensitive data (detection
models
. Strengthens
Secure Implementation . .
. . Prevents . Authenticating [financial
Blockchain transaction complexity, .
e fraud, adds . currency security, Thennavan et
& loT \verification . requires .
: . |decentralized |. . during prevents al. (2023)
Integration |, real- time . financial .
... security layer . transaction s  [fraud
authentication adoption . .
circulation

Machine learning has greatly helped in anti-counterfeit measures since it is used in the classification of
banknotes with the help of features extracted from them. The classification models described herein include
SVM and k-NN and decision trees and k-NN and Decision trees have been commonly used for
classification and detection has been enhanced by the feature fusion models. Integration of image
processing with machine learning techniques has also added more robust and efficient aspects in the
counterfeit detection techniques.

3. Deep Learning-Based Detection Models

By using strong models like CNNs, transfer learning, and GANSs to increase classification accuracy and
automate feature extraction, deep learning has completely changed the identification of counterfeit goods.
By learning hierarchical picture features, CNN-based models like VGG16, ResNet, and Efficient Net have
outperformed manual feature engineering in the identification of counterfeit notes [6, 3]. By using
pretrained models (such as ImageNet-based CNNs), transfer learning further improves efficiency by cutting
down on training time and enhancing generalization across several currencies [2].

Table 3: Deep Learning-Based Approaches for Counterfeit Detection

T Recent
Approach [Method Advantages |Limitations Use Cases Studies References
Learns Automate  dImproves
CNN- VGGL6, features_ Requires Iargecounte_rfelt clgssmcatlon Kamble et al.
automatic datasets, detection without (2019),
Based ResNet, : .
. ally, highcomputation allybased onmanual Colaco et al.
Models Efficient Net . . .
detection expensive visual feature (2021)
accuracy patterns extraction
Pretrained Faster Requires  fine-Multi- Enhances
Transfer models training, tuning, limitedcurrency detection Alekhya et al.
Learning (ImageNet  |better adaptability  tocounterfeit  without (2014)
-based CNNs) [generalization|unseen detection extensive
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across counterfeit training data
banknotes  |patterns
Augmentin Generates
Generative Svnthetic data Expands Risk of datgsets gtorealistic Kara et al.
Adversarial y . dataset, overfitting, . counterfeit  |(2023),
generation for |. . improve )
Network rainin improves requires carefulmo del images toMukundan et
(GANS) g robustness  ftuning learnin enhance modelial. (2023)
g accuracy
Enables real-
. . Optimized forReduced . .
Mobile Deep [Mobile Net P . Mobile time
. real- time jaccuracy . e . Upadhyaya et
Learning , counterfeit  [classification
low-  powercompared to . al. (2018)
Models Squeeze Net . detection embedded
devices large CNNs
systems
Useful for
Recurrent . . Enhances
sequential Less Serial number e -
Neural . . .. .. . [classification |Santhanam et
LSTM, GRU [counterfeit  effective forverification in| .
Network . . using temporaljal. (2013)
detection static images  |banknotes
S (RNNs) features
patterns
Improves Strengthens
. .. [robustness  |[ComputationallyDetecting Al- model
. [Training with . .
Adversarial . against expensive, needsgenerated defenses Yadav et al.
.. adversarial . .
Training examples Al- frequent counterfeit  jagainst (2021)
P generated updating banknotes  |evolving
counterfeits threats
Enhances Requires Extracting  |{Improves
Attention  [Self- attention,feature extensive fine  detailsmodel Sanyal et al.
Mechanisms [Transformers |detection andcomputation alfrom interpretability|(2024)
classification [resources banknotes  [and accuracy
Lightweight |Reduces . ATM and
Edge Al for g g . Limited byl . Enhances local :
.. deep learninglatency, real- point-of- salg .. . Sundravadivelu
Counterfeit . hardware .. |verification of
: models ontime . counterfeit et al. (2023)
Detection . . constraints . banknotes
edge devices [processing detection
Preventing
Blockchain- . . counterfeit
Blockchain- |Secure, High Strengthen s
Integrate  d . . lcurrency . Yadav et al.
based currencytamper- proof implementation | . . . security of
Deep . e . . circulation in . (2021)
. authentication |verification |complexity . . transactions
Learning financial
institutions
. . Enables
Multi- Domain . . . Improves
. detection Requires International -
Currency  |adaptation, . . applicability to
) across extensive counterfeit Patel (2019)
Detection  [cross currency|,. . . global
. different dataset diversity |detection
Models learning markets
banknotes
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. Distribute  dPrevents data
Federate d |[Decentralized [Enhances . .
. . - : counterfeit |leaks  while . .
Learning forlearning withprivacy, Requires secure . . . Gaikwad et al.
. . . . detection improving
Counterfeit |multiple data (improves infrastructure i (2017)
. R without data |model
Detection  sources generalization o
centralization jaccuracy
Explainable [Feature Enhances : . .
P S Complexity inBanking and [Improves trust .
Al (XAl) forvisualization, transparency . . Bhatia et al.
| | ..~ lexplaining CNN|regulatory  |in Al- based
Counterfeit |interpretabilitylin  decision-, . . ) .. |(2021)
: : decisions agencies authentication
Detection ~ models making
Real-time
Cloud- BasedRemote  Al- Requires cloud .
Enables large-. . .. |[Improves Sundravadivelu
Deep based internet authentication -
. e . Scale . scalability andet al.
Learning verification of rocessin Connectivity, ffor fraud detection(2023)
Models banknotes P g potential latency|retailers and
banks
Real-tim nn
loT- vee:ilfigatizn ATM ar]dlc;ZrniiCtS e
Enabled Smart sensors. . " High cost oficash g ... [Shinde et al.
. integration . models  with
Counterfeit [+ Al . . |deployment register . (2023)
i with banking e . banking
Detection verification |
systems infrastructure
One-  ClassDetects novel Learns
NN nterfei - D ing newdeviation
CNNs counte e_t Works  withHigh false etect g_ ewdeviations Kara et al.
for types without . counterfeit  from normal
: small datasets [positive rate (2023)
Anomaly  extensive patterns currency
Detection  fraining patterns
Classifying Improves
Few- Shot [counterfeit  |Reduces needRequires Rapid trainingadaptability toYa dav et al
Learning notes withifor largeeffective featureon limited  |rare '
.. . . (2021)
Models minimal datasets selection data counterfeit
samples cases
Captures Detectin
. P . g. Handles small
Capsule hierarchical ~ [Better . counterfeit .
. . ... |Computationally] .., variations Kamble et al.
Network  sfrelationships |generalization . currency with
. expensive . better than/(2019)
(CapsNet) jin  banknotethan CNNs minimal CNNS
images distortions

The latest developments in counterfeit detection models have reached new heights of accuracy and
reliability thanks to CNNs, transfer learning, and GANSs. Features in CNN-based classifiers have shown a
high ability in identification of hierarchical features extracted from the images of banknotes, while the
concept of transfer learning helps in time saving of the training procedure and in getting better
generalization performance. GANs have improved on the notion of counterfeit detection by synthesizing
more counterfeit samples, thus enriching the datasets and making them less prone to errors. However, some
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factors, which include availability of databases, the speed of the computations, and the dynamism of
counterfeit methods remain key inhibitors to the implementation of the optical measure.

4. Conclusion

Counterfeit detection has evolved from traditional manual verification to sophisticated Al- powered image
processing and machine learning techniques. While edge detection, texture analysis, and hyperspectral
imaging have improved feature extraction, machine learning and deep learning models have significantly
enhanced classification accuracy. However, challenges such as high computational costs, dataset
limitations, and real-time detection constraints persist. Future advancements should focus on federated
learning, self-learning Al models, and blockchain-based verification systems to enhance security,
adaptability, and scalability. By integrating these advanced technologies, counterfeit detection systems can
become more robust, efficient, and resilient against evolving counterfeit strategies, ensuring a secure global
financial ecosystem.
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