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Related work 
Different research studies have applied deep learning (DL) to detect credit card fraud for example, Ibomoiye et al. [1] used different (DL) techniques, including convolutional neural network (CNN), simple recurrent neural network (RNN), long short-term memory (LSTM), and gated recurrent unit (GRU), 
The European credit card dataset : 
·  has been widely used by researchers in building robust CCFD models. This dataset contains 284,807 transactions from European countries, which have been labeled as either normal or fraudulent. Each transaction includes 28 features, such as time of the transaction, amount, and various anonymized variables. The dataset has become a benchmark for evaluating the performance of fraud detection algorithms. Of the 284,807 transactions, only a tiny fraction (0.17%) belongs to the positive class (i.e., fraud transactions), while the majority class (99.83%) represents the negative class or legitimate transactions. This imbalanced distribution poses a significant challenge for many machine learning algorithms and requires careful consideration during model development. The dataset was released in 2013, and while it is older, it remains relevant for current research due to its comprehensive nature.

Brazilian credit card dataset: 
· This dataset was obtained from a large Brazilian bank, and it contains 374,823 transactions. The fraud samples comprise 3.74% of the records. Each record in the dataset has 17 numerical features, including merchant category code, post/zip code of current and previous transactions, current transaction amount, previous transaction amount, transaction type (card present), credit limit, card type (e.g., Mastercard, Visa, Diners), local/international transaction, previous transaction fraud score, and time since last transaction. Despite its age, this dataset provides valuable insights into transaction patterns and fraud detection.
IEEE-CIS Fraud Detection Dataset: 
· Released in 2019, the IEEE-CIS dataset is one of the more recent publicly available datasets. It contains transaction data provided by Vesta Corporation and includes a mix of fraud and non-fraud transactions over a period. The dataset consists of two files: one with identity information and another with transaction details, comprising approximately 590,000 transactions. Features include device type, device information, card information, transaction amount, and timestamp. The dataset is highly imbalanced, with a small fraction representing fraudulent transactions.
PaySim Synthetic Dataset:
·  PaySim is a synthetic dataset generated using a simulation based on real transaction data. Although it is not real-world data, it was created to mimic the transaction behaviors found in a real financial institution. Released in 2017, the dataset includes features such as transaction type, amount, balance, and origin and destination accounts. PaySim is valuable for its realistic simulation of fraud scenarios, and it contains over 6 million transactions.
The results show that all models performed strongly in classifying legitimate (non-fraud) transactions, as reflected by their extremely high accuracy and specificity values. This strong performance is mainly due to the imbalance in the European credit card dataset, where the majority of records are legitimate. As a result, the models excelled at identifying the majority class.
However, performance varied when detecting the minority class (fraud cases). The GRU model outperformed all others, achieving the highest sensitivity and the best balance between sensitivity and precision, as shown by its top F1-score of 0.8254. This indicates that GRU was the most effective at detecting fraud while minimizing false positives.
The MLP model also showed strong results, especially in accuracy and specificity, but had lower sensitivity than GRU, limiting its ability to detect fraud. On the other hand, Simple RNN and CNN had the weakest results, with RNN obtaining the lowest F1-score (0.7721) due to issues like the vanishing gradient problem, and CNN performing slightly better (F1 = 0.780) but still below LSTM, GRU, and other advanced models.
The gap between high performance on the majority class and lower performance on the minority class could be addressed by applying techniques such as oversampling, ensemble learning, and cost-sensitive learning, which penalize misclassifications of the minority class more heavily.




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. It 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. In addition, we present a novel algorithm for training the aforementioned voting approach. they experimental results on two real world datasets demonstrate that the proposed model outperforms the state-of-the-art models in all evaluation criteria. Moreover, the time analysis of the proposed model shows that it is more efficient in terms of real-time performance versus the recent models in the field. they have used two real datasets provided by Pozzolo et al. and by Gadi et al.
The first one contains the transactions made by 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. The other point of this dataset, the result considered the problem of credit card fraud detection as a sequence classification task and proposed an ensemble model based on LSTM deep neural network. We deployed a FFNN as a novel ensemble voting mechanism and suggest a three-phase training algorithm for it. In addition, we have implemented the LSTM model suggested by Jurgovsky et al. and the ensemble model which is introduced by Sohony et al. and considered them as baseline solo and ensemble models. 
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