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Abstract- The increasing complexity of fraud strategies, combined with the rapid increase in transaction
volumes, makes credit card fraud detection an important area of consideration in the banking sector. Due to
the complexities of fraudulent behavior in the context of large transaction sizes, traditional techniques for
fraud detection based on rules have become incapable of meeting the challenge. Cloud-based Al solutions
based on Feedforward Neural Networks (FNNs) provide the best option when looking for an advanced
adaptive approach. This solution benefits from cloud storage to provide highly efficient management of large
volumes of transactional data with maximum scalability and flexibility. FNNs aid in differentiating and
recognizing complex fraud patterns, while cloud technology ensures that such a system is proficient in
adjusting to transaction volume fluctuations. The integration of these technologies resulted in the model
achieving a 99.89% accuracy, 98.67% precision, and 95.76% recall. The F1-score of 96.78% shows a balanced
performance in precision versus recall. This convergence of Al and cloud technologies promotes accurate
fraud transaction detection with reduced false-positive responses and the possibility of continuous adaptation
to new fraud schemes. All said, Cloud-Based Al with FNNSs is a system that is most potent to secure financial
transactions and customers' interests in the banking sector.

Keywords: Feedforward Neural Networks, Banking Sector, Fraud Detection Systems, Transaction Data,
Cloud-Based Al

1. Introduction

Credit card fraud has emerged as a major concern for the financial sector, causing significant economic losses
and eroding consumer confidence [1]. The increasing frequency and sophistication of fraudulent transactions
underscore the need for advanced fraud detection methods [2]. Fraudulent activities typically involve
unauthorized access to sensitive credit card information, which results in illegal purchases [3]. These criminal
acts compromise the integrity and trustworthiness of digital payment infrastructures [4]. Financial institutions
face substantial challenges in combating these threats while maintaining seamless user experiences [5].
Traditional rule-based fraud detection systems, though effective to some extent, lack the agility to deal with
dynamic fraud patterns [6]. Many of these methods depend heavily on predefined heuristics that are often
inadequate against novel or evolving fraud tactics [7]. The rapid proliferation of online banking and digital
transactions has further complicated fraud detection processes [8].

A key contributor to credit card fraud is the widespread availability of personal data on public and dark web
platforms [9]. Weak security frameworks and insufficient authentication mechanisms leave users vulnerable to
identity theft and misuse [10]. Fraudsters commonly exploit stolen credit card numbers obtained through data
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breaches and skimming devices [11]. Social engineering techniques and phishing campaigns are also prevalent
attack vectors used to deceive unsuspecting individuals [12]. The advent of e-commerce has expanded the
attack surface for cybercriminals, enabling fraudulent activities across multiple platforms [13]. Recent
developments in Al have shown promise in addressing these challenges by learning from vast historical
transaction datasets [14]. However, the increasing complexity of fraud tactics makes it difficult to reliably
identify illicit activities in real-time [15]. Most traditional systems still rely on linear, rule-based logic that
struggles to adapt to rapidly changing threat landscapes [16].

Despite technological advancements, several limitations in existing detection systems persist [17]. High false
positive rates continue to plague current solutions, leading to customer dissatisfaction and service disruption
[18]. Misclassification of legitimate transactions as fraudulent incurs unnecessary operational costs for
financial institutions [19]. The trade-off between sensitivity and specificity in detection models is a persistent
design challenge [20]. Scalability also remains an issue, as many legacy systems cannot effectively process
large-scale transactional data [21]. Furthermore, the imbalanced nature of credit card datasetswhere fraudulent
cases form a minor fractionposes a hurdle for machine learning models [22]. This imbalance often results in
biased models that fail to accurately detect rare fraud instances [23]. Consequently, conventional fraud
detection systems remain vulnerable to evolving and adaptive threats [24].

There is a pressing need for next-generation approaches that are both flexible and intelligent in identifying
suspicious behaviour [25]. Incorporating Al and cloud-based frameworks can enhance detection capabilities
by enabling real-time analytics and adaptive learning [26]. Cloud computing offers scalable resources to
manage high-throughput transaction streams efficiently [27]. Moreover, distributed Al systems facilitate
collaborative fraud detection across different organizational nodes [28]. Machine learning algorithms can
uncover hidden patterns in large datasets that traditional methods often overlook [29]. Deep learning
techniques, such as neural networks, provide powerful tools for modelling complex, non-linear transaction
behaviours [30]. Feature engineering and selection play critical roles in improving model interpretability and
performance [31]. Unsupervised learning methods are particularly useful in identifying previously unseen
fraud types [32].

Meanwhile, ensemble models combine multiple classifiers to boost accuracy and reduce variance in
predictions [33]. Time-series analysis and sequential modelling are also employed to detect anomalies in
transaction sequences [34]. Reinforcement learning has shown potential in dynamically optimizing fraud
detection policies based on feedback [35]. Data privacy and security must be maintained when deploying Al
models in sensitive financial environments [36]. Techniques such as federated learning allow model training
without centralized access to raw customer data [37]. Explainable Al is gaining traction to ensure transparency
and regulatory compliance in automated decision-making [38]. Real-time dashboards and visualization tools
support rapid response to emerging fraud trends [39]. Continuous model evaluation and updates are necessary
to maintain relevance against adaptive adversaries [40]. Benchmarking against publicly available fraud
datasets enables objective comparison and validation of new approaches [41]. This research presents a
comprehensive fraud detection framework that leverages cloud infrastructure and Al techniques to build
robust, scalable, and adaptive credit card fraud detection systems [42].

e Adopted for the detection of credit card fraud in banks, utilizes Cloud-based Al solutions, particularly
FNN.

e Improves the accuracy of identifying fraudulent transactions and reduces the number of incorrect fraud
alerts.

e The model is flexible enough to adapt to the newly emerging patterns of fraud and thus improves its
detection capabilities with time.
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o When there is need to store bulk transactional data, going for such a cloud-based approach becomes a
very scalable and cost-effective solution.
e It ensures the security of transactions or dealings in finances and protects customers' data from fraud.

The paper is structured as follows: Section 1 presents the introduction and literature review, Section 2
describes the proposed methodology, Section 3 discusses the results and analysis, and Section 4 provides the
conclusion and suggestions for future work.

2. Literature survey

An loT-based structural health monitoring (SHM) system has been shown to support damage detection using
cross-correlation methods, with noise reduction achieved via Butterworth filtering [43]. Mathematical
modeling techniques are used to determine the extent and location of the damage within structural systems
monitored by loT frameworks [44]. Wireless sensor networks enable the deployment of numerous small
sensors, making large-scale 10T applications viable in fields such as smart traffic systems, environmental
monitoring, and infrastructure management [45]. An loT-driven healthcare framework utilizing ECG sensors
and Hidden Markov Models (HMM) has been developed for managing cardiovascular diseases, enhancing
real-time patient tracking, alert systems, and location awareness [46]. A mathematical framework involving
piezoelectric sensors and a Raspberry Pi has been proposed for loT-based SHM to localize and detect
structural anomalies [47].

A low-cost and robust IoT architecture for real-time vehicle tracking has been developed using RFID sensors
and velocity estimation through Euler’s methods, outperforming traditional image processing systems due to
the detection capabilities of RFID [48]. Embedded web servers have been utilized for real-time control of
appliances and machinery over the Internet, supporting industrial automation through loT integration [49]. A
cost-effective health monitoring platform was proposed as part of an loT healthcare system for rural
deployment, allowing for continuous tracking of medical parameters and facilitating remote communication
between patients and medical professionals [50]. A wearable biosensing mask leveraging surface
electromyography (SEMG) was designed for pain intensity monitoring and can be integrated with loT systems
for low-power, real-time remote analysis [51].

loT-enabled systems have been employed in proactive healthcare analytics and anomaly detection, especially
for heart disease prevention through real-time data monitoring and pattern recognition [52]. Compression
techniques for sensor data were investigated to reduce information loss while maximizing efficiency in data
transmission, enabling better resource management in loT-based systems [53]. A cloud-integrated 10T solution
has also been created for ECG wave visualization through an Android application, allowing users to log and
analyze heart activity in real time [54]. Furthermore, an loT-based wearable ECG diagnostic device employing
Discrete Wavelet Transform (DWT) and Support Vector Machine (SVM) enables continuous 24/7 heartbeat
monitoring and arrhythmia detection [55].

These advancements demonstrate how SHM systems benefit from both low-cost hardware and advanced
analytics for remote monitoring and real-time diagnostics [56]. 10T solutions now allow dynamic
reconfiguration of embedded sensors to optimize data acquisition based on health event triggers [57].
Wearable health devices increasingly leverage multimodal sensors for capturing complex physiological events
like seizures and arrhythmias [58]. Feature extraction methods such as time-frequency analysis have been
critical for accurately identifying events in real-time biomedical systems [59]. Edge computing platforms that
integrate with 10T sensors offer immediate feedback, enhancing patient outcomes through prompt intervention
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[60]. The integration of machine learning algorithms on embedded devices allows predictive modelling
without cloud reliance [61].

Low-power transmission protocols such as LoRa and BLE are commonly used to reduce energy consumption
in 10T healthcare deployments [62]. Seamless interoperability between devices and cloud platforms has
become a focal point in designing scalable healthcare 10T infrastructures [63]. Security and privacy remain
essential challenges as sensitive physiological data is continuously streamed and processed across networks
[64]. Modular loT architectures ensure adaptability for expanding system functionalities as medical
technologies evolve [65]. Cross-platform compatibility in mobile health systems ensures broader user access
to real-time diagnostic tools and monitoring apps [66]. The continued refinement of signal pre-processing
techniques, wearable hardware, and Al inference pipelines will play a vital role in the future of loT-based
biomedical systems [67].

2.1 Problem statement

Mobile broadband explosion created differences in the area of financial inclusion and e-commerce,
particularly for rural areas, thus influencing socioeconomic growth[68]. An efficient and scalable solution that
combines cutting-edge technologies that include Deep AR-based time series forecasting, Neural Turing
Machine, and Quadratic Discriminant Analysis to ameliorate the situation should be in place[69]. One of the
main issues in the banking industry is the detection of credit card fraud, for which Cloud-Based Atrtificial
Intelligence solutions with FNN support would identify fraudulent transactions nearly[70]. The company
would use machine learning merging with probabilistic models to reject false positives cost-effectively,
despite the financial data being noisy, of high dimensionality, and non-linear[71]. The solution seeks to
integrate Al, Big Data, and IoT technologies for predictive analytics improvement, resource use, and
scalability while ensuring secure and efficient transaction processing in the financial sector[72].

3. Proposed Methodology

The flowchart gives a pictorial description of the technique of detecting fraudulent transactions in the banking
sector using a cloud-based FNN. The first step involves collecting the necessary data on transactions, such that
the acquired data is subjected to pre-processing phases that start with normalization and SMOTE.
Normalization means scaling all the numerical features in relation to one another such that the neural network
model can carry them forward for computation. SMOTE is a technique that helps in generating synthetic
instances of the minority class, namely fraudulent transactions, to take care of the issues regarding class
imbalance. The final stage is classification, where the FNN model processes the transactions and gives an
assessment on whether they are classified as fraud detected or not detected. Results from the model are stored
in cloud storage for easy retrieval and scalability in the future.Thus, storage and management of part of a
larger dataset is rendered easy since it runs on cloud technology. This structure offers mobile, flexible
responsiveness in the management of large transaction volumes as well as the incorporation of new and
varying data. Scalable and proficient cloud technology is offered by Al fraud detection in the eradication of
fraud in terms of accuracy.
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Figure 1: Architecture diagram of proposed methodology

3.1 Data collection

The dataset Credit card fraud detection includes, transaction data from a brief period and highly imbalanced
between the fraudulent and non-fraudulent transactions it contains. It includes only numerical features that
came except for time and amount features. The first time a transaction happened, and the amount any later
transaction was worth did pose a great deal of significance.The class variable indicates whether the transaction
is considered fraudulent or not.

3.2 Data pre-processing

Data pre-processing comprises an important step to enhance the dataset for training deep learning models.
Data processing, for instance, helps to normalize features such as Amount and Time to a unified scale, making
it simpler to learn through these elements. One of the key steps in data processing would be imbalance
handling, which fixes issues using SMOTE or under-sampling, for example, to get the classes fraudulent
versus non-fraudulent as a balance and not allowing the model to give preference to the majority class. Then,
the processed data is used to train the classification model and afterward stored in cloud storage for further
processing and analysis.

3.2.1 Normalization

Normalization is always making numerical features to a common scale, therefore, be compliant with the
analysis or model-building process. This is quite critical that use distance metrics or gradient descent, since
unequal measurements in the measurement scales will give rise to different performance results. The min-max
technique combines feature values in the range, which is usually between 0 and 1, by subtracting the minimum
value and dividing by the range. One other familiar way of scaling value is z-score standardization that centers
data at a mean of 0 and a standard deviation of 1. Normalization enables the model to perform better and be
more stable in cases during training because with normalization, all input features will be in comparable
scales, even though some may have different units or ranges. Min-max normalization is a common
normalization procedure that scales data using the following equation (1):
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max(x)—minix]

where, x" is the normalized value, x is the original value of the feature, min(x) is the minimum value of the
feature in the dataset, max{x) is the maximum value of the feature in the dataset. This formula scales all

feature values into the range from 0 to 1, where the minimum value is mapped to 0 and the maximum value is
mapped to 1.

3.2.2 SMOTE

The SMOTE (Synthetic Minority Over-Sampling Technique) is a common technique for creating synthetic
samples for the minority class as opposed to duplicate samples from it, with the aim of achieving balance in a
data set. The application of SMOTE involves choosing a data point from the minority class and then
computing the k nearest neighbors of that data point from the same class. Out of these neighbors, one is
chosen randomly, and a synthetic instance is created along the line segment joining the two points. The
generation of new samples is given by the equation (2):

Kpew = X+ 6 (g — x;) )

where, x; iS an existing sample. & is a random number betweenfand 1, used to control how far the synthetic
point is between x; and x;. x; — x; calculates the difference between the neighbor and the original point.
& -(x,;; — x;) scales the vector by a random amount, giving a point somewhere along the line between x; and
xz. % final synthetic sample, created by adding the scaled vector to x;.

3.3 Classification using Feed-Forward Neural Network (FFN)

This is how classification is done on a neural network that has a feed-forward architecture model. The inputs
go directly through several interlinked input hidden and output layers. FFN is a uni-directional features that
enter through an input layer and outputs to one or many hidden layers to the output layer. The different layers
have at least one hidden layer, which associates one or more activation functions through which a set of
weighted connections learns how to model inputs into the unary output form final output into the output layer
as a probability distribution over possible class output. Each neuron receives input from the previous layer
neuron, applies an activation function together with some transforms to the inputs, and feeds it to a next layer
neuron. Instead of generating outputs directly, outputs from the output layer use a function similar to SoftMax
to derive probabilities for each class, which now enables the network to finalize a prediction. Comparing with
the true label over time gives the output the immediate value it obtained after processing the inputs using a
loss function like cross-entropy. The value brought forth by the model is then used for modification of weights
through backpropagation and possibly some optimization method like gradient descent.

e |Input Layer:

It's the first layer in an FNN where the data enters the system. The input layer receives the feature vector of
each data sample and passes it on to the next layer without changing or activating it itself. The input to the
network is represented in equation (3):

x =[x x,]” 3)
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Where, x is the input vector, x; is value of the i feature.

e Hidden layer

Hidden layers of anFNN are the key learning areas whereby the network learns to sense patterns,
relationshipsfrom the input data. Each hidden layer consists of neurons. compute the output of a hidden
layerin aFFN is shown in equation (4)

all = f(Wl . al-b 4 p1) (4)

Where, 2™V is the output of the current hidden layer I, W is the weight matrix connecting the previous layer
to this layer, a"=*' is the output from the previous layer, ' is the bias vector added to the weighted sum

e Output layer

The output layer generates the final prediction in a feed. The raw score is passed through a SoftMax function
to convert it into class probabilities, calling for multi-classing on the basis of the one that gets the highest
probability output.The logits are converted into class probabilities using the SoftMax function is showed in
equation (5):

- efi

Vi=gg = 12,..C (5)

Where, z; is the logit for class i,¥; is the predicted probability for class i. The output layer is the last layer that
generates predictions. The predicted class is the one with the highest probability.

3.4 Cloud storage

Cloud storage forms the backbone of Cloud-Based Artificial Intelligence systems for detecting fraud in credit
card transactions within the banking sector. The fact that it has a flexible infrastructure that can hold extremely
large amounts of transactional data generated, makes it a valuable resource in supporting the dynamicity and
ever-increasing nature of bank transactions. Cloud storage provides easy access to data from different
locations for analysis of transactions, allowing the detection of fraud as it occurs. Flexible cloud storage
integrates these tools easily with other cloud-based tools,smooth data management, processing, and model
training becomes possible. In addition, it is scalable, meaning that banks can keep up with the increasing
amount of data without investing in costly physical structures. The coset-effectiveness, the payasyougo pricing
model-optimizes the operating costs on resource management while promoting efficiency. The cloud storage
offers the safest and most reliable storage of sensitive customer data, which, in turn, maintains the bank's
privacy as well as compliance with regulations needed in the banking sector.

4. Result and discussion

The fraud detection model performed excellently in terms of various evaluation methodologies. The model
captured a high percentage of the fraud while maintaining an excellent false-positive rate, thus preventing
inconveniences for most legitimate transactions. It was strong on recall, thus ensuring that most fraudulent
activities were detected, and the balance between precision and recall spoke for an optimum model, making it
a very reliable fraud detection tool for banking applications. The confusion matrix also indicated that the
model is suitable for the correct classification of transactions according to whether they are fraudulent or not.
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Although the model is heavily challenged by issues like class imbalance and the nature of financial data, it
remains a fairly scalable solution for fraud detection because it can learn and adapt to new patterns of fraud.

4.1 Performance analysis

Comparison of Model Evaluation Metrics

1001 95,76

Metric Values

20

Accuracy Precision Recall F1 Score
Evaluation Metrics

Figure 2: Performance Metrics

The bar graph represents the comparative analysis of the four main evaluation metrics of models. The model
performance is outstanding, with a 99.89% accuracy, which indicates that almost all predictions were correct.
A Precision of 98.67%, which means very few false positive errors were committed by the model. Recall
states that 95.76%, which says that most of the actual positive cases were recognized properly. The F1 score of
96.78%, which indicates that the precision and recall are strongly balanced. This type of consistently high
values across such metrics shows that the model is well tuned, highly capable, and robust for classification
tasks, making it viable for implementation.

4.2 Confusion Matrix

Confusion Matrix

Actual
Not detected Fraud detected

Fraud detected Not detected
Predicted

Figure 3: Confusion Matrix
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The matrix depicts how all outputs are classified either into a positive or negative class through a comparison
of the actual values with predicted values in a binary classification model. It shows that the upper left cell of
955 true identifies non-fraud transactions as non-fraud transactions. While the right upper cell of 14 indicates
that the non-fraud transactions are falsely classified under fraud, the left lower cell of 12 indicates the false
negatives, where fraudulent transactions were classified as non-fraudulent. The bottom right cell of 923
indicates the true positives, wherein the fraudulent transactions were correctly classified as fraudulent.
Therefore, the matrix assesses model performance in terms of reducing false positives and false negatives in
sensitive systems such as fraud detection.

5. Conclusion

This patent is a Cloud-based Al empowerment offers an economically viable solution to the threat posed by
credit card fraud in banks through FNN. With Al cloud-integrated, the system can perform large volumes of
transactional data, thus complementing scalability with the requirements of the increasing demand of modern
banking. This model yielded a phenomenal 99.89% accuracy whereby almost all transactions were correctly
classified. Besides, it achieved 98.67% Precision guaranteeing very few false positives and 95.76% Recall
concerning the measure with which fraudulent transactions got identified. The F1 score of 96.78% manifests a
very good ratio between precision and recall. FNN can therefore adequately learn on all the strange behaviours
hidden in the shadows of the transactional data as far as new and changing trends of fraud detection and
prevention are concerned with the recognition of complex patterns that it offers. Moreover, a good, cost-
effective option for data stewards is using cloud management, which integrates well with other cloud-based
tools and services for seamless access. The technologies, therefore, assure a secure, reliable, and scalable
answer for the financial institutions concerning customer interests and integrity protection of the banking
system.
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