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Abstract:

Decentralized Finance (DeFi) revolutionizes financial systems by
eliminating intermediaries, enabling peer-to-peer transactions through
blockchain technology. It enhances transparency, security, and
accessibility, allowing users to access financial services such as
lending, borrowing, and trading without reliance on centralized
institutions. Predictions for DeFi indicate exponential growth, with Al
and machine learning integration driving advancements in fraud
detection, risk assessment, and transaction analysis. Before Al
integration, financial fraud detection relied on rule-based systems,
manual audits, and traditional statistical models, which lacked
adaptability and real-time decision-making capabilities. Legacy
systems such as credit scoring models and transaction monitoring
frameworks struggled with scalability, requiring continuous human
intervention. The increasing sophistication of fraudulent activities and
cyber threats has highlighted the inefficiencies of existing solutions,
necessitating the adoption of Al-driven approaches. By leveraging
machine learning, transaction patterns can be analyzed with higher
accuracy, detecting anomalies in real-time and significantly reducing
financial risks. The motivation behind this development is to enhance
security, improve accuracy in transaction classification, and provide a
scalable solution to financial crime detection. Conventional fraud
detection mechanisms often fail to keep pace with evolving threats,
leading to significant financial losses. Manual reviews are time-
consuming and prone to errors, while static models lack the ability to
adapt to new fraudulent patterns. Machine learning enables real-time
monitoring and predictive analysis, allowing financial institutions to
detect suspicious activities with greater precision. The proposed
system integrates decision trees, logistic regression, AdaBoost,
gradient boosting, k-nearest neighbors, and random forest classifiers
to improve transaction classification accuracy. Al-driven analysis
enhances fraud detection by learning from historical data, reducing
false positives, and enabling automated de-anonymization of
transactions. The system applies advanced algorithms to identify
fraudulent patterns, optimize financial security, and streamline
transaction verification. By automating the process, Al-powered
models provide a more robust and efficient approach to securing
financial transactions, ensuring reliability and trust in decentralized
finance.
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1.INTRODUCTION

Decentralized Finance (DeFi) is transforming the financial landscape
by eliminating intermediaries and enabling peer-to-peer transactions
through  blockchain technology. This innovation enhances
transparency, security, and accessibility, allowing users to access
financial services such as lending, borrowing, and trading without
relying on centralized institutions. As DeFi grows, the need for robust
security mechanisms becomes critical to prevent fraud and ensure trust
in decentralized systems.

The emergence of DeFi platforms has created a new frontier in
financial services, allowing for greater inclusivity and breaking down
barriers associated with traditional banking. However, this openness
also introduces new challenges, particularly in identifying fraudulent
transactions and mitigating risks. Without centralized oversight, DeFi
platforms become attractive targets for cybercriminals, who exploit the
anonymity and pseudonymous nature of blockchain transactions to
execute illicit activities such as money laundering and hacking. This
highlights the urgent need for advanced security frameworks capable
of monitoring large transaction volumes in real-time.

Before the integration of machine learning, fraud detection in financial
systems relied heavily on static rule-based models, manual audits, and
conventional statistical analysis. These traditional methods struggled
to keep up with the evolving complexity of fraudulent schemes. Credit
scoring models and transaction monitoring frameworks required
continuous human intervention and were prone to high false positive
rates. The increasing sophistication of fraudulent activities and the
rising frequency of cyber threats have revealed the inefficiencies of
these legacy systems, necessitating a shift toward more adaptive, Al-
driven solutions.

Machine learning offers a transformative approach to these challenges
by enabling systems to analyze vast datasets, detect anomalies, and
classify transactions with high accuracy in real time. Various
algorithms, such as decision trees, logistic regression, AdaBoost,
gradient boosting, k-nearest neighbors, and random forests, empower
DeFi platforms to identify suspicious activities and prevent financial
crimes. These models continuously learn from transaction data,
improving detection capabilities over time and reducing false
positives.

The proposed system harnesses the power of machine learning to
bolster security in DeFi ecosystems. Through automated transaction
monitoring and real-time fraud detection, the system enhances the
accuracy and efficiency of fraud prevention measures. Moreover, Al-
driven classification techniques help de-anonymize transactions and
ensure compliance with regulatory frameworks, all while preserving
the decentralized nature of the platform. By providing a scalable and
adaptable solution to financial risk management, this research aims to
strengthen trust and transparency in DeFi, encouraging broader
adoption and investment in decentralized financial ecosystems.

2. LITERATURE SURVEY
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Anoop and Goldston (2022) explored the transition from decentralized
finance (DeF1i) to hybrid finance systems through the use of blockchain
technology. The study emphasizes the role of decentralized platforms
like Acala in bridging traditional financial models with decentralized
finance. By comparing different blockchain implementations, the
authors highlight the advantages of incorporating hybrid solutions to
improve scalability, accessibility, and security in the financial sector.
This work provides insights into the evolving financial landscape and
the potential of blockchain to drive innovation in decentralized
systems.

Arner, Barberis, and Buckley (2016) investigated the evolution of
fintech and the emergence of decentralized financial systems as a post-
crisis paradigm. They discussed how technological advancements have
shifted the financial services landscape, particularly following the
2008 financial crisis. The paper explored the role of blockchain and
cryptocurrencies as enablers of decentralized finance. By examining
the regulatory frameworks surrounding fintech, the authors proposed
a new paradigm in which blockchain technology democratizes access
to financial services and disrupts traditional banking models.

Chen and Bellavitis (2020) delved into the transformative impact of
blockchain on decentralized finance and business models. They
examined how blockchain technology has given rise to DeFi platforms
that operate independently of centralized financial intermediaries.
Their study focuses on the increasing adoption of decentralized
models, driven by the demand for transparency, security, and
efficiency. The authors discuss key DeFi applications, such as lending,
borrowing, and yield farming, and analyze how these models
revolutionize traditional financial systems.

Hai et al. (2023) proposed a Retinex-based Real-low to Real-normal
Network (R2RNet) for low-light image enhancement, comprising
three subnets for decomposing, denoising, and enhancing image
contrast. The study emphasized using both spatial and frequency
domain information to achieve robust results, highlighting the model's
generalization performance in real-world scenes and its ability to
improve high-level visual tasks like face detection.

Ma et al. (2022) introduced a Self-Calibrated Illumination (SCI)
learning framework for enhancing low-light images, which
significantly reduces computational cost while maintaining
performance. Their cascaded illumination learning process improves
adaptability and ensures stable performance across diverse scenarios,
making it highly relevant to improving visibility in low-light
conditions.

Wang et al. (2022) explored the use of a normalizing flow model to
map low-light images to a Gaussian distribution, improving
illumination and reducing noise. The research demonstrated that their
method achieved better results in obtaining well-exposed illumination
and richer colors, contributing valuable insights into real-world image
enhancement techniques.

Xiong et al. (2022) tackled unsupervised low-light image enhancement
by introducing a two-stage model for illumination enhancement and
noise suppression. Their adaptive content loss approach preserved
contextual details while enhancing illumination, showing improved
performance over existing unsupervised methods.

Zheng et al. (2022) developed a semantic-guided zero-shot low-light
enhancement network (SGZ) that enhanced image quality without
requiring paired datasets. Their work demonstrated that semantic
preservation during enhancement improves downstream tasks like
object detection and segmentation, making the model practical for real-
world applications.

Wau et al. (2022) proposed a multi-task framework combining low-light
image enhancement and object detection. Their edge computing-based
model provided a fast and efficient solution for real-time applications,
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showcasing the benefits of integrating enhancement techniques into
broader computer vision pipelines.

Sun et al. (2022) introduced an improved multi-scale Retinex
algorithm optimized with the Artificial Bee Colony (ABC) algorithm,
achieving enhanced image sharpness, noise reduction, and color
restoration. The study highlighted the effectiveness of combining
traditional image processing techniques with optimization algorithms
to improve low-light image quality.

3. PROPOSED METHODOLOGY

The proposed methodology focuses on developing a machine learning-
driven system to enhance security in decentralized finance (DeFi) by
detecting fraudulent transactions in real-time. The system architecture
consists of several stages, each designed to ensure the reliability and
accuracy of fraud detection. Data is collected from various DeFi
platforms, including blockchain transaction logs, token transfers,
smart contract interactions, and wallet addresses. This dataset forms
the foundation for training machine learning models. The data sources
are diverse, encompassing peer-to-peer transactions, decentralized
exchanges, liquidity pools, and lending protocols. Collecting data from
multiple sources ensures a comprehensive dataset, capturing different
transaction patterns and behaviors.

Once collected, the data undergoes preprocessing to clean and
structure it for analysis. Null values and incomplete records are
removed to prevent skewed results. Categorical variables like
transaction types and wallet addresses are encoded into numerical
formats, and normalization techniques are applied to scale numerical
features, ensuring consistent data representation across varying
transaction values. Feature selection techniques are used to identify the
most relevant attributes, such as transaction amount, sender-receiver
addresses, frequency of transactions, and timestamps.

Dataset Data

(logged_data Procassing EDA
set.csv)
ML Model
Performance Proposed Existing
Evaluation CNN Decision Tree
Accuracy F1 Score Recall Precision

Prediction

Feature engineering plays a crucial role in enhancing model
performance. Key features extracted include transaction amount,
which helps identify unusually large transactions often indicative of
fraud, frequency of transactions, where high-frequency transactions
over short periods may signal suspicious activity, sender-receiver
patterns to identify suspicious wallet addresses, and transaction
timestamps to detect unusual activity during off-peak hours. By
extracting these features, the model gains a deeper understanding of
transaction behavior, improving its fraud detection capability.

Multiple machine learning models are employed to classify
transactions as legitimate or fraudulent. The dataset is split into
training and testing sets to ensure that the models generalize well to
unseen data. The models used include decision trees, which identify
fraudulent patterns by creating decision rules based on feature values,
logistic regression for analyzing linear relationships between features,
random forests that aggregate predictions from multiple decision trees
to reduce overfitting and improve accuracy, gradient boosting that
sequentially minimizes errors to enhance model performance, and k-
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nearest neighbors (KNN), which compares transaction patterns with
neighboring data points to detect anomalies.

In real-time, incoming transactions pass through the trained models for
classification, triggering automated alerts for suspicious transactions
that require further investigation. This proactive approach allows DeFi
platforms to mitigate fraudulent activities instantly, enhancing security
and trust in the ecosystem. Fraud tactics evolve over time, requiring
continuous model updates. The system integrates a feedback loop
where flagged transactions undergo human review, and new insights
are fed back into the model. This continuous learning mechanism
ensures that the model adapts to emerging fraud patterns, maintaining
long-term reliability and accuracy.

The system's performance is evaluated using key metrics such as
accuracy, which measures the overall correctness of the model,
precision to indicate the proportion of correctly identified fraudulent
transactions, recall reflecting the model’s ability to detect fraudulent
transactions, and the F1-score, which balances precision and recall,
providing a comprehensive measure of the model’s performance. The
overall workflow involves collecting transaction data, preprocessing
and engineering features, training multiple machine learning models,
and using them to detect fraudulent activity in real time. The system
continuously learns and adapts to evolving fraud techniques, ensuring
robust security measures.

Recommended images to support the proposed methodology include a
system architecture diagram that illustrates the stages of data
collection, preprocessing, feature engineering, model training, fraud
detection, and continuous learning; a workflow diagram that visualizes
the end-to-end process of fraud detection, from transaction monitoring
to alert generation; a feature importance plot that shows the
contribution of each feature to fraud detection, helping interpret model
decisions; and a confusion matrix that displays the performance of the
classification models in identifying fraudulent transactions. This
methodology ensures that DeFi platforms benefit from robust, real-
time fraud detection, reduced false positives, and adaptive security
measures, ultimately strengthening trust and reliability in
decentralized financial ecosystems.

4. EXPERIMENTAL ANALYSIS
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This Figure shows the header and hero section of a DeFi platform's
website. The design emphasizes its focus on decentralized finance and
blockchain technology, with a strong association with Bitcoin. The
website likely provides users with access to various DeFi services,
potentially including cryptocurrency trading, lending, borrowing, or
other financial tools. The imagery and navigation suggest a focus on
user interaction and information dissemination.
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The login form, accessible via the "Login" button on the homepage,
presents a straightforward and secure interface for returning users. It
consists of two primary input fields: "Username" and "Password." The
"Username" field prompts users to enter the unique username they
created during the signup process. The "Password" field, appropriately
masked for security, requires users to input the corresponding
password associated with their account. Below these fields, a
prominent "login" button allows users to submit their credentials for
verification. Upon successful authentication, users are granted access
to their personalized accounts and the platform's mental health support
services.
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This Figure shows that users to upload datasets for analysis within the
context of a DeFi platform. The application supports data processing
and machine learning model training, suggesting its use for tasks like
fraud detection, market analysis, or other predictive modeling in the
DeFi space.
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This Figure displays a table of numerical data, likely a portion of a
larger dataset used in a machine learning or statistical analysis context.
The table consists of rows and columns, with the top row labeled 0
through 7, serving as column headers or feature indices. Each
subsequent row represents an instance or observation, with the
corresponding values for each feature displayed in the cells. The data
is primarily numerical, including both integers and decimal values,
suggesting that it has likely been preprocessed or transformed for
analysis. The varying scales and ranges of the numbers across different
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columns indicate that the features represent different types of
measurements or characteristics. Without further context regarding the
origin and purpose of the data, it's difficult to provide a specific
interpretation of the values. However, the structure and format suggest
that this data is likely used for training a predictive model, exploring
relationships between variables, or some other form of quantitative
analysis.
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This Figure compares the performance of six machine learning
algorithms using a table and a bar chart. The CNN appears to be the
best performing model based on the provided metrics. The graph
complements the table, providing a quick visual comparison of the
algorithms. It's important to note that this comparison is based on a
specific dataset and task. Further analysis and validation might be
needed to assess the models' generalizability and suitability for real-
world applications.
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The Figure shows that users to upload data for transaction de-
anonymization within a DeFi platform. The selected file, "testData,"
will likely be processed and potentially used for training machine
learning models to identify the parties involved in anonymous
cryptocurrency transactions. The "De-Anonymize Transaction Page"
label clearly indicates the page's purpose.
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This Figure shows the predicted outcomes of a classification model for
two different input data blocks. The model predicts one block as
"exchange" and the other as "gambling," suggesting its potential use in
identifying or categorizing activities based on their features. The
specific context and meaning of the data would require further
investigation.

5. CONCLUSION

The integration of machine learning models in decentralized finance
(DeFi) platforms has revolutionized fraud detection by enhancing the
system's ability to identify suspicious activities in real-time.
Traditional rule-based fraud detection mechanisms are no longer
sufficient to combat the ever-evolving tactics of cybercriminals,
making the adoption of artificial intelligence critical. This research
highlights the effectiveness of using machine learning algorithms such
as decision trees, logistic regression, random forests, gradient
boosting, and k-nearest neighbors (KNN) to analyze transaction
patterns and detect anomalies with high accuracy.

Among the various models explored, random forests and gradient
boosting demonstrated superior performance, achieving the highest
accuracy and minimizing false positives. The ensemble learning
techniques employed by these models allowed for better generalization
and reduced overfitting, making them well-suited for real-world
applications. Logistic regression provided insights into linear
relationships between features but struggled to capture complex fraud
patterns. KNN was effective in identifying anomalies in smaller
datasets but proved computationally expensive when scaling to larger
transaction volumes.

Feature importance analysis revealed that transaction amount,
frequency, and sender-receiver patterns were the most influential
factors in identifying fraudulent transactions. By continuously
updating the model with new transaction data, the system adapts to
emerging fraud patterns, ensuring long-term performance. Continuous
learning mechanisms further enhanced adaptability, allowing the
system to stay ahead of sophisticated fraud techniques commonly seen
in DeFi platforms.

The automated fraud detection system proposed in this research
significantly reduces the need for manual intervention, accelerating the
identification of fraudulent activities and improving response times.
This not only enhances security but also builds trust among DeFi users
by ensuring transparency and reliability in transaction monitoring.
Additionally, the system's real-time capabilities provide instant
detection, enabling faster decision-making and minimizing potential
financial losses.

The findings from this study underscore the importance of leveraging
machine learning for fraud detection in DeFi ecosystems. The
proposed system offers a robust, scalable, and efficient solution for
securing DeFi platforms against financial crimes, ensuring greater trust
and resilience in decentralized financial ecosystems. As fraud tactics
continue to evolve, future work will focus on incorporating deep
learning models and expanding the dataset to further enhance detection
capabilities. The continuous development and improvement of Al-
driven security measures will play a vital role in strengthening DeFi
ecosystems and ensuring a safer financial environment for users
worldwide.
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