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ABSTRACT 
With the rapid rise of digital payment platforms, online transaction fraud has become a major barrier to ensuring financial security. Fraudsters increasingly utilize advanced techniques such as phishing, identity theft, card skimming, and social engineering to bypass static rule based systems. To address these challenges, this study proposes Trust Secure, a machine learning and deep learning based real time fraud monitoring system. The system analyzes transaction patterns, behavioral attributes, and contextual features to detect anomalies and identify fraudulent activities with improved accuracy. The proposed framework integrates data preprocessing, feature aggregation, machine learning based scoring, and active learning feedback mechanisms to continuously adapt to evolving attack strategies. Experimental studies and literature reviews indicate that such intelligent systems significantly reduce false positives, enhance fraud detection rates, and contribute to building a secure and reliable digital payment environment.
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I. INTRODUCTION 
Online payment systems have grown rapidly due to increasing smartphone usage, internet availability, and digital banking services. This surge in digital transactions has also led to a significant rise in fraud cases across banking, e-commerce, and mobile payment platforms. Fraudsters now use advanced techniques such as phishing, SIM swapping, card skimming, malware, and social engineering to carry out unauthorized transactions. Traditional rule-based fraud detection methods rely on fixed thresholds and predefined conditions, making them ineffective against evolving attack patterns and resulting in high false positives, which inconvenience genuine users and reduce customer trust.
To overcome these limitations, machine learning offers adaptive models that learn transaction behavior from historical data and identify hidden fraud patterns. Deep learning further enhances detection capabilities by analyzing sequential and complex transaction behaviors that rule-based systems cannot capture. However, fraud detection remains challenging because fraudulent transactions are extremely rare compared to legitimate ones, leading to a severe class imbalance problem. Additionally, user behavior changes over time due to factors such as travel, salary cycles, holidays, and lifestyle changes, which can affect model accuracy.
Real-time decision-making is crucial, as fraudulent transactions must often be detected and stopped within milliseconds before authorization is completed. Attackers continuously evolve their strategies, introducing new fraud techniques that require frequent model updates. Moreover, the limited availability of labeled fraud data makes it difficult to train robust machine learning and deep learning models. Techniques such as device spoofing, IP masking, and automated bot attacks add further complexity to accurately classifying transactions. In financial systems, explainability of model predictions is essential to meet regulatory requirements and enable human auditors to verify alerts. To address these challenges, Trust Secure integrates machine learning, deep learning, behavioral analytics, and anomaly detection to provide accurate and real-time fraud detection.

II. METHODOLOGY
The proposed system, Trust Secure, follows a structured methodology for detecting fraudulent transactions using Machine Learning and Deep Learning techniques. Initially, historical transaction data is collected from banking systems, e-commerce platforms, and payment gateways, including details such as transaction amount, time, location, device information, and user behavior. The data is then preprocessed by handling missing values, removing noise, normalizing features, and encoding categorical variables. Feature engineering is performed to extract meaningful attributes like spending patterns, transaction frequency, and location deviations, which help distinguish normal and suspicious activities. Since fraud datasets are highly imbalanced, techniques such as oversampling or undersampling are applied to balance the data. Various Machine Learning models like Logistic Regression, Decision Trees, and Random Forest, along with Deep Learning models such as Artificial Neural Networks (ANN) or Recurrent Neural Networks (RNN), are trained to identify fraud patterns. These models are evaluated using metrics like accuracy, precision, recall, and F1-score, with emphasis on minimizing false positives and false negatives. The best-performing model is then deployed for real-time fraud detection, where incoming transactions are analyzed within milliseconds and flagged or blocked if found suspicious. Continuous monitoring and periodic model updates are carried out to adapt to evolving fraud techniques, while behavioral analytics and anomaly detection further enhance the system’s capability to identify new and complex fraud patterns.


III. MODELING AND ANALYSIS
In the modelling phase, the preprocessed and balanced dataset is used to train multiple Machine Learning models such as Logistic Regression, Decision Trees, and Random Forest, along with Deep Learning models like Artificial Neural Networks (ANN) and Recurrent Neural Networks (RNN) to capture complex and sequential transaction patterns. The dataset is typically divided into training and testing sets to ensure proper evaluation of model performance. Hyperparameter tuning and cross-validation techniques are applied to optimize model accuracy and generalization. During the analysis phase, the performance of each model is evaluated using metrics such as accuracy, precision, recall, and F1-score, with special emphasis on recall to ensure maximum fraud detection and precision to minimize false alarms. Confusion matrix analysis is also performed to understand the classification results in detail. Comparative analysis helps in selecting the best-performing model based on its ability to handle imbalanced data and detect fraudulent transactions effectively. Additionally, model explainability techniques are considered to interpret predictions, ensuring transparency and compliance with financial regulations.

IV. RESULTS AND DISCUSSION
The proposed system was tested specifically on credit card transaction data, where it demonstrated effective performance in identifying fraudulent activities. The Machine Learning and Deep Learning models were able to accurately distinguish between legitimate and fraudulent transactions despite the presence of class imbalance. Among the implemented models, ensemble techniques like Random Forest and Deep Learning models such as Artificial Neural Networks showed better performance in capturing complex transaction patterns. The evaluation results indicated high recall, ensuring that most fraudulent transactions were correctly detected, while maintaining acceptable precision to reduce false alerts for genuine users. Real-time analysis capability allowed the system to flag suspicious credit card transactions within milliseconds, enhancing security and preventing financial loss.
In conclusion, the Trust Secure system provides a reliable and efficient solution for credit card fraud detection by integrating Machine Learning, Deep Learning, and behavioral analysis. It successfully overcomes the limitations of traditional rule-based systems by adapting to evolving fraud patterns and improving detection accuracy. The system not only enhances transaction security but also maintains customer trust by minimizing false positives. With continuous model updates and real-time monitoring, it can be further improved to handle emerging fraud techniques and ensure robust protection for credit card users.
Table 1: Fraud Detection Data
	
	Total Transaction
	Suspicious Transactions
	Confirmed Frauds

	Dataset 1
	1200
	95
	18

	Dataset 2
	1450
	112
	25

	Dataset 3
	1620
	130
	37

	Total
	4270
	337
	80



The above data is pictured in the next graph : 

Figure 1: Fraud Detection Analysis


V. CONCLUSION
In conclusion, the proposed Trust Secure system provides an efficient and reliable solution for detecting credit card fraud using Machine Learning and Deep Learning techniques. Unlike traditional rule-based approaches, the system adapts to changing fraud patterns and improves detection accuracy by learning from historical transaction data. It effectively identifies fraudulent transactions in real time while minimizing false positives, thereby protecting users from financial loss and maintaining customer trust. The integration of behavioral analysis and anomaly detection further enhances its capability to detect complex and unknown fraud patterns. Overall, the system demonstrates strong potential for secure and scalable credit card fraud detection, and with continuous updates and improvements, it can effectively handle emerging fraud techniques in the future.
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