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Introduction 
The swift expansion of digital financial transactions in recent years has significantly improved worldwide business and consumer convenience.  The convenience of use has led to a rise in fraudulent activities, particularly concerning credit card transactions. International financial studies indicate that credit card theft incurs annual losses of billions of dollars for the banking and financial industry, rendering it a critical issue.
Conventional fraud detection systems depend on traditional machine learning models and rule-based approaches, which frequently fail to match the advanced tactics utilized by fraudsters. Moreover, as fraudulent transactions constitute less than 0.2% of total transactions, fraud datasets are significantly uneven, complicating the reliable detection of fraud without triggering numerous false positives. This is a critical concern for banks and other financial institutions that require precise and real-time detection capabilities.
 Recent advancements in deep learning, especially models such as Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), and Convolutional Neural Networks (CNN), have demonstrated potential in enhancing classification accuracy and interpreting intricate patterns. Currently, there is a paucity of studies systematically comparing various deep learning architectures utilizing unbalanced financial datasets.
This study addresses the identified gap by creating and assessing various deep learning models for the detection of credit card fraud. The research aims to identify the most effective models in terms of accuracy, precision, recall, and real-time application by utilizing and comparing various architectures, including CNN, RNN, LSTM, GRU, BiLSTM, and BiGRU. The outcomes are anticipated to provide valuable insights to enterprises and academic entities, facilitating the advancement of more effective fraud detection systems that can mitigate losses and enhance confidence in online payment systems.




Related work 
Ibomoiye Domor Mienye el al [1] applied many of a DL techniques, including convolutional neural network (CNN), simple recurrent neural network (RNN), long short-term memory (LSTM), and gated recurrent unit (GRU), they used many data set The European credit card dataset  , Brazilian credit card dataset, IEEE-CIS Fraud Detection Dataset and PaySim Synthetic Dataset have been widely used by researchers in building robust CCFD models. The European dataset contains 284,807 transactions from European countries, which have been labeled as either normal or fraudulent. The dataset has the 284,807 transactions, only a tiny fraction (0.17%) belongs to the positive class (fraud transactions), while the majority class (99.83%) represents the negative class or legitimate transactions.



Berhane rt al.[2] developed a hybrid CNN-SVM model to identify fraudulent credit card transactions. We assessed the effectiveness of our proposed hybrid CNN-SVM model for detecting credit card fraud using real-world, openly accessible credit card transaction data. The dataset has 284,809 transactions in total. The dataset has V1, …, V28, time, and amount among its 30 features. the results, our hybrid CNN-SVM model produced classification performances with accuracy, precision, recall, F1-score, and AUC of 91.08%, 90.50%, 90.34%, 90.41, and 91.05%, respectively



Aya Abd El Naby [3] proposed model is OSCNN (Over Sampling with Convolution Neural Network) which is based on over-sampling preprocessing and CNN (convolution neural network). The MLP (Multi-layer perceptron) was also applied to the dataset. Comparing the MLP-OSCNN results, they proved that the proposed model achieved better results with 98% accuracy



Salwa et al. [4] applied the Artificial Neural Network (ANN) and Convolutional Neural Network (CNN). The Credit-card Fraud Detection dataset at Kaggle consists of credit-card transactions made in September
2013 by the European cardholders for two days, the result was the CNN without Pooling layer offers (83.72%) better results than the CNN with Pooling layer and the ANN models (71.01%).





Sumaya S. Sulaiman et al.  [5] developed Three deep learning models: AutoEncoder (AE), Convolution Neural Network (CNN), and Long Short-Term Memory (LSTM) are proposed to investigate how hyperparameter adjustment impacts the efficacy of deep learning models used to identify credit card fraud. The experiments conducted on a European credit card fraud dataset. The results that LSTM significantly outperformed AE and CNN in terms of accuracy (99.2%), detection rate (93.3%), and area under
the curve (96.3%).



Najadat et al. [6] present our approach to predict legitimate or fraud transactions on the IEEE-CIS Fraud Detection dataset provided by Kaggle. they model is BiLSTM- MaxPooling-BiGRU-MaxPooling which based on bidirectional Long short-term memory (BiLSTM) and bidirectional Gated recurrent unit (BiGRU). they also applied six machine learning classifiers which are: Naïve base, Voting, Ada boosting, Random Forest, Decision Tree, and Logistic Regression. the results from machine learning classifiers and our model the results show that our model achieved better as we got 91.37% score. 



Lossan Bonde et al. [7] developed credit card fraud detection using modern deep learning methods. They presented a novel ensemble model combining CNN, GRU, and MLP architectures. Spatial features from transaction data were extracted through the CNN, sequential patterns they learned through the GRU, and an MLP meta learner enabled these features to function jointly to realize optimal classification. The model demonstrated magnificent results, attaining 100% accuracy, sensitivity, specificity, precision, F1 score, and AUC-ROC.  They adopted the balanced SMOTE-ENN sampling to overcome class imbalance, considerably improving the model's sensitivity, an essential aspect of fraud detection. The ensemble method outperformed existing models, such as CNN, LSTM, and transformer architectures, and achieved very high detection rates and better generalization.



Mengran et al. [8] innovatived methodologies such as preprocessing, feature scaling, and Neural Network (NN) models enhanced with Synthetic  Minority Over-sampling Technique (SMOTE). The dataset comprises European card transactions, encompassing 284,807 transactions over a two-day period in September 2013. The dataset exhibits severe imbalance, with only 492 transactions labeled as fraudulent (0.172%). Features include principal components (V1-V28), 'Time,' 'Amount,' and the target label 'Class' (1 for fraud, 0 for non-fraud). The distribution of the label is imbalance, the Results demonstrate  the  superior  efficacy  of  the NN+SMOTE model in accurately identifying fraudulent transactions, surpassing traditional models.  The study contributes to the evolving landscape of credit card fraud detection by reviewing pertinent literature and integrating insights  from  related  work.  


Javad et al. [9] proposed an ensemble model based on sequential modeling of data using deep recurrent neural networks and a novel voting mechanism based on artificial neural network (ANN) to detect fraudulent actions credit cards in September 2013 by European card holders. It exhibits transactions that happened in two days, where it has 492 frauds out of 284,807 transactions. The challenging part of this dataset is that it is highly imbalanced and the positive class (frauds) accounts for 0.172% of the all transactions.

Suresh Kumar K R et al [10] proposed a method to detect fraud in credit card transactions that is based on deep learning. They first compare it with machine learning algorithms such as k-Nearest Neighbor, Support Vector Machine. Finally, they have used the neural network, even though to train the model, which would fit fine to model for detecting fraud in credit card Transactions. In this model, using an artificial neural network (ANN), which gives an accuracy of approximately equal to 100% is best suited for credit card fraud detection. The dataset proposed system makes use of the dataset downloaded from this website: www.kaggle.com . Dataset used is the transactions made by customer in a European bank in the year 2013-14. It consist of 31 columns, in which 30 columns are the features and the one class is the target class which decides about whether the transaction is fraud or non-valid. 

Altyeb Altaher Taha et al [11] proposed an intelligent approach for detecting fraud in credit card transactions using an optimized light gradient boosting machine (OLightGBM).The performance of the proposed approach was evaluated through comparison with other research outcomes and state-of-the-art machine learning algorithms, including random forest, logistic regression, the radial support vector machine, the linear support vector machine, k-nearest neighbors, decision tree, and naive bayes. The results indicate that the proposed approach outperformed the other machine learning algorithms and achieved the highest performance in terms of Accuracy, AUC, Precision, and F1-score.


Jennifer Leach et al [12] used of various machine learning techniques was analyzed across two types of fraud: credit card fraud and cyber-attack fraud. These diverse types of fraudulent activity were then analyzed across ﬁve different machine learning techniques: Logistic Regression, RandomForest, Bagging, Support Vector Machine, and k-NearestNeighbors the result was created using the same training splits on the dataset for only categorical variables: 70%, 75%, 80%, 85%, and 90%. The model created from those splits was applied to the corresponding testing splits for each of the ﬁve machine learning techniques analyzed.

Varun Kumar K S [13] presented the prediction the fraud and reduce transaction fraud with respect to the time and amount of the transaction using classiﬁcation machine learning algorithms, and used many different algorithms Logistic Regression, Decision Tree, Random Forest, Naïve Bayes, and ANN Model. They have achieved an accuracy of 94.84% using logistic regression and 91.62% using naive Bayes, and 92.88% using a decision tree. They stepped into deep learning, and they used ANN, achieving better accuracy than all other algorithms of 98.69%

Emmanuel Ileberi et al [14] applied to the European cardholders’ credit card transactions dataset and 5 (PF, DT, ANN, NB, LR) optimal feature vectors were generated. the result that were achieved using the GA selected attributes demonstrated that the GA-RF (using v5) achieved an overall optimal accuracy of 99.98%.

Maniraj S P at al. [15] explained how machine learning can be applied to get better results in fraud detection, along with the algorithm, pseudocode, their implementation, and experimentation results. While the algorithm does reach over  99.6%  accuracy,  its precision remains only at 28% when a tenth of the data set is taken into consideration. when the entire dataset is fed into the algorithm, the precision rises to 33%.  This high percentage of accuracy is to be expected due to the huge imbalance between the number of valid and the number of genuine transactions.
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