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Abstract 
In the era when financial services are going digital and interconnected, the credibility of 

financial transactions is becoming increasingly important. With cyber threats, insider fraud, and 

systemic exceptions becoming increasingly complex, financial institutions are under increasing 

pressure to ensure that every transaction can be verified as legitimate and is compliant and 

secure, all in real-time. That has driven the buzz around these new, AI-centric network 

monitoring and tracking technologies, which have evolved at light speed from more complex 

rule-based tech to machine learning-driven anomaly detection to AI-boosted behavioral 

analytics. This paper investigates novel approaches that can render financial transaction 

processes more secure while they are executed through real-time checking features. We identify 

the relationship between technology advances such as stream processing frameworks, event-

driven architecture, anomaly detection with neural networks, federated learning, and 

blockchain-supported audit trails. In this paper, we start by introducing the main problem in 

reading and writing big data, which is making real-time tracking difficult, especially in a high-

frequency environment, and then focus on some resolution solutions that can provide the 

monitoring with high speed at millisecond level, high precision from cm -level to dm-level, high 

degree of integration, unlimited spatial extent of monitoring, scaling up and compliance with 

law and regulation. Much (NLP)CLEF research presented at the workshop focuses on filling 

this knowledge gap, including discovering which hybrid supervised and unsupervised machine 

learning approaches have enabled the development of leading technologies for proactive fraud 

detection and systemic risk detection. Moreover, the significance of observability tools in 

microservice-driven financial systems is examined to highlight their importance in lowering 

latency and enhancing observability. In the methodology section, a simulation-based evaluation 

methodology using a transaction data set is described, and the results provide benchmark 

detection accuracy and latency results, comparing our approach with several state-of-the-art 

monitoring systems. It shows that the hybrid and AI-based monitoring systems can have a 

detection rate far higher and a response time far shorter than all the traditional ones. Secondly, 

blockchain, in conjunction with real-time analytics engines, adds  an irrefutable and traceable 

layer of accountability. These findings are also presented in the context of compliance, data 

governance, and user privacy. Finally, the paper presents a reference architecture that helps 

financial institutions incorporate several recent approaches seamlessly and develop robust, 

scalable, and extensible systems for transaction monitoring. The study highlights the 

importance of embracing real-time monitoring not as a check-the-box requirement but as a 

mission-critical tool for protecting institutional trust and business resiliency in finance today. 
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1. Introduction 

Acquiring in the financial industry occurs where transactional correctness, security, and compliance are operational requirements 

and deep legal responsibilities. 

https://doi.org/10.54660/.IJMRGE.2025.6.2.1886-1891
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With tens of trillions of dollars moving around the world’s 

banking system daily, examining the integrity of these 

transactions is key to the trust that institutions, regulators, 

and operations rely on: real-time settlements and cross-border 

financial transactions. The emergence of digital payment 

systems and cross-border financial transactions in recent 

years has increased the complexity and speed of transactions. 

This fast-evolving environment has made legacy after-the-

fact or batch-mode fraud detection methods unqualified for 

timely recognizing and combating threats. Instead, more and 

more financial organizations are making real-time 

monitoring a core strategic strategy. 

Monitoring transactions in real-time for financial 

applications is generally defined as observing and analyzing 

transaction data as it flows in, identifying possible 

irregularities, fraud, and non-compliance in near real-time 

and potentially within milliseconds. Several reasons have 

combined to make such capabilities more critical than ever: 

the omnipresence of sophisticated cyber threats, increased 

regulatory requirements (AML, FATF, PSD2, etc.), and the 

shift of financial systems into microservice and cloud-native 

architectures. In addition, customer demands for secure yet 

quick services require that threat analysis and response do not 

impact transaction speed or user experience. 

 

 
 

Fig 1: Adoption Trends of Monitoring Systems 
 

The bar chart demonstrates the declining use of batch systems 

and the corresponding rise of real-time monitoring solutions 

in financial institutions over the last decade 

Historically, financial monitoring was based on static rule 

sets, which raised alerts on pre-determined thresholds or rule 

conditions. However, those systems proved less adept at 

adjusting to market conditions and context, and increased 

numbers of false positives, especially as bad actors changed 

their tactics or as acceptable behavior shifted. To overcome 

these deficiencies, we are witnessing a next-generation of 

monitoring systems that take advantage of real-time data 

ingestion platforms (e.g., Apache Kafka and Flink), 

sophisticated machine learning (ML) models, graph-based 

analytics , and even the blockchain for verifiable audit trails. 

“These systems can learn from past data, discover non-

obvious correlations or dependencies, and adapt to 

circumstances of risk level without any manual intervention. 

In this paper, we conduct a critical survey of such frontier 

methods for real-time financial transaction monitoring. 

Rather than just the technology itself, the focus is also on how 

it is deployed in operational environments and how it has to 

be compliant and performant. Particular emphasis is on the 

contribution of AI to anomaly detection, federated learning, 

privacy-preserving data mining, and decentralized ledgers 

for traceability. This is complemented by a literature review 

and comparative study, starting with conventional 

approaches and moving to AI-inspired methods before 

presenting a methodology that includes implementations and 

performance comparisons on simulated settings. 

Ultimately, this will enable us to provide an integrated 

blueprint that combines these promising ideas, bringing the 

best of all emerging techniques. By doing so, we wish to help 

financial institutions, regulators, and technology suppliers 

build strong real-time monitoring infrastructures that not only 

detect emerging threats rapidly but also adapt over time to 

new ways of managing and processing financial institutions. 

The following sections will focus on related works, technical 

solutions, experimental findings, and strategic interests for 

the financial industry. 

 

2. Literature Review 

The development of real-time monitoring of financial 

systems has kept pace with the rise in both digital transactions 

and cyber risks, as well as regulatory oversight. The origins 

of financial transaction monitoring can be traced to batch 

postprocessing methods in which transactions were batched 

and analysed at the end of the day. "These detection systems 

do an adequate job for standard banking activities, but they 

are outmoded in the fast-paced world of tight financial 

transactions and require real-time,  automated, intelligent 

monitoring. This section discusses the evolution of research 

in this area and the key technologies and techniques that form 

the basis of current real-time monitoring systems. 

Early literature (e.g., [1]) had emphasized rule-based fraud 

detection systems. These systems generally relied on a set of 

static rules established by domain experts to identify 

abnormal behaviour. Despite being simple, such systems 

were not very flexible, yielded high false favourable rates, 

and had little potential to discover new fraud attacks. 'Sep 8, 

2015 ‘ JJJ ~' Sep 8, 2015' JJ- 2010s brought in the significant 

change — move to machine-learning models. It was at this 

time that researchers started applying supervised learning 

models, like decision trees, logistic regression, and support 

vector machines, to mention a few, to classify the transactions 

as legitimate or not legitimate given historically labelled 

examples [2]. 

The recent studies highlight that ensemble and deep learning 

models outperform other models for detecting complex fraud 

patterns in real-time streaming situations [3]. Authors also 

introduced a novel deep hybrid online MED system 

combining the CNN and the LSTM that achieved higher 

accuracy and lower latency than classical methods. Also, 

unsupervised learning techniques, such as autoencoders and 

isolation forest, exist for unsupervised anomalous transaction 

behaviour models without labelled data [4]. 

Exploiting graph-based analytics for transactional 

relationship analysis is becoming popular in the literature. 

Methods such as graph-based convolutional networks 

(GCNs) and node embeddings effectively spot fraud rings or 

collusion by exploring the network structure of entities in 

financial ecosystems [5]. In addition, developing real-time 

graph analytics engines like Neo4j and Tiger Graph has made 

these tactics practical for production-grade systems. 

Real-time data processing engines have also been a focus of 

extensive research. Systems such as Apache Kafka, Apache 

Flink, and Apache Storm are well discussed in academic and 

industry literature for their capacity to ingest, process, and 
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analyse transaction data in milliseconds [6]. There is a real-

time streaming credit card transaction outlier detection 

pipeline in [7], based on Apache Flink and MLlib, and the 

detection latency is significantly reduced. 

The literature also discusses the explainability and 

interpretability of machine learning models for financial 

monitoring. Regulations such as GDPR and PSD2 require AI 

decisions to be explainable. A paper by [8] suggests using 

SHAP (Shapley Additive explanations) values to explain 

model outputs in transaction classification,  improving 

intelligibility and trustworthiness. 

From an accountability and trackability point of view, 

blockchain-based systems have gradually been explored for 

providing immutable and verifiable audit trails. In [9], a 

monitoring framework integrated blockchain as a tool for 

recording the metadata of every transaction and triggers alerts 

on its permissioned network to achieve traceability and 

forensic capabilities of real-time transactions. 

Privacy-preserving methods like federated learning have also 

received attention, particularly for companies that cannot 

centralize customer data for legal or ethical reasons. A 

federated model with the same features was employed by 

multiple banks to detect transaction anomalies 

collaboratively without exposure to the raw data [10], 

keeping up both performance and privacy. 

The body of work suggests the prevalence of a cross-

disciplinary paradigm in modern real-time transaction 

monitoring, using machine learning, graph theory, distributed 

computing, and blockchain. These studies are the basis for 

the approach presented in this paper, which targets 

synthesizing the best practices and benchmarking the 

advanced monitoring techniques for re-parallel systems. 

 

3. Methodology 

The research methodology used in these studies was created 

to be a fully comprehensive system that would quantify the 

effectiveness, efficiency, and robustness of any existing or 

new advanced method used in RTRF to monitor financial 

transaction integrity. The aim was to replicate real-world 

financial scenarios and evaluate the performance of different 

monitoring architectures in varying load, threat complexity, 

and regulatory obligations. We fabricated a synthetic dataset 

that resembles real transaction behaviour for various financial 

domains. This dataset consisted of more than ten million 

transactions. It contained a variety of activities such as 

regular customer payments, merchant transactions, high-risk 

transfers, and fraud attempts utilising known attack vectors 

such as transaction splitting, geographical incoherence, and 

strange temporal frequency. 

To make the simulation, all transactions were augmented 

with metadata concerning the context, i.e., timestamps of the 

transactions, account IDs of both source and destination, 

device information, amounts, and history of the individual's 

actions. With this level of detail, the dataset facilitated the 

evaluation of advanced models based on sequence learning, 

graph analysis, and contextual correlation. The aim was to 

recreate the messiness inherent in real-world financial 

organisations while exercising control over the twisting of 

dials and testing performance. 

The evaluated systems were developed with state-of-the-art 

data processing frameworks and machine learning libraries. 

Real-time ingestion was done by stream processing engines, 

such as Apache Kafka and Apache Flink, that could process 

up to thousands of transactions per second. Model training 

was implemented with Skit and TensorFlow, and systems 

were containerized and orchestrated with Kubernetes to 

mirror a production-scale deployment environment. Detailed 

telemetry on model behaviour, processing latency, system 

throughput, and alerting frequency was collected using 

monitoring tools such as Prometheus and Grafana. 

Each real-time system has been individually deployed and 

tested under the same streams of transactions for fairness and 

ease of repetition. Three successive rounds of simulations 

were performed. The first phase is designed to make baseline 

measurements in normal load and transaction flow 

conditions, to define a reference under perfect conditions. In 

the second phase, scenarios with peak traffic were added that 

simulate situations like end-of-day batch settlements or 

unexpected surges in the market. The third phase involved 

emulating dynamic fraud schemes and new behaviour 

patterns to evaluate the system‘s ability to adapt, recover, and 

act appropriately given unfamiliar threats. 

All systems were evaluated under the same set of metrics. 

Identification accuracy is calculated as the ratio of 

successfully identified fraudulent transactions. The average 

detection latency measured how long it took for the system to 

signal an alarm after a transaction occurred. False positive 

rate accounted for the ratio of actual transactions mistakenly 

identified, and throughput was defined by the number of 

transactions completed in one second. In addition, qualitative 

judgments were provided for auditability, traceability, and 

interpretability to explicitly indicate the degree of the 

system’s congruence with regulations. 

Deep learning and federated learning models rely on GPU-

accelerated environments and auxiliary mechanisms for 

privacy conservation in the data processing pipeline. 

Methods like federated averaging and differential privacy 

were incorporated in situations where distributed training or 

fair treatment of sensitive data is called for. The blockchain 

platform stores transaction and alert records on an immutable 

ledger (permissioned), consisting of smart contract logic for 

rule detection enforcement. 

With this thorough and realistic testing approach, the paper 

aims to gain an in-depth understanding of the performance 

and applicability of state-of-the-art RDA systems. Here, we 

compare those systems through a results section to serve as a 

reference for the scalability of trade-offs of these systems, 

e.g., with respect to the detection metric and processing 

efficiency, as well as compliance, to help practitioners decide 

whether to employ a ready monitoring system or make a 

design choice. 

 

4. Results 

These analyses between the four real-time transactions 

monitoring architectures provided several important 

takeaways about how well various technologies -- under 

high-volume, time-critical financial circumstances -- could 

perform and remain stable. Both systems were evaluated on 

an identical data stream of ten million transactions, which had 

a mixture of genuine activity and artificial fraud so that any 

performance variance would be due to technical 

implementation rather than differences in the input data. 

This traditional rule-based engine performed well in 

processing time in situations of direct detection. Yet its 

inflexibility was exposed when it could not adjust to more 

sophisticated or new fraud trends. Detection rate plateaued at 

about 78 percent with a high false positive rate close to 12 

percent, which will cause an unwarranted surge of benign 
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transactions for manual inspection. Despite being transparent 

and accountable, its rule semantics were neither context-

aware nor adaptable, and did not deal effectively with 

behaviourally motivated outliers. 

 

 
 

Fig 2: Performance Metrics Across Monitoring Architectures. 

 

This heatmap displays the performance outcomes of four 

different monitoring approaches regarding detection 

accuracy, processing latency, false positives, and throughput. 

The random forest classifier approach in the supervised 

machine learning model significantly improved the 

predictive capacity. The model, which was trained on 

labelled transaction histories, reached a 91 percent detection 

rate and cut the false positives to less than 6 percent. Thanks 

to its ability to stream in real-time via Apache Flink, the 

model can handle several thousand transactions per second 

while maintaining a latency of less than 400 milliseconds. 

However, even as the model's accuracy improved, it did not 

explain itself, leading to a potential compliance issue in 

heavily audited regulatory systems. Interpretability tools like 

LIME and SHAP were needed to help compliance officers 

understand the decision-making. 

In the hybrid deep learning system, CNN-LSTM-type, the 

level of accuracy for detecting fraud is shown to achieve 

about 95%. This model demonstrated more power in 

detecting sequential transaction patterns, i.e., recurring 

micro-deposits or high-value clustered transfers, most of 

which traditional or shallow models overlooked. Slightly 

higher in terms of computational loads, however, the model 

was efficient, with average detection latency roughly 520 MS 

even under full load. Its down fall rested in interpretability 

and retraining difficulty. GPU-powered infrastructure must 

be optimally performant, which might not be feasible for all 

organizations. 

Although the blockchain-based monitoring approach 

exhibited a relatively lower detection rate (88 percent), it 

offered unparalleled auditability and traceability. Each alert, 

threshold violation, or system decision was tracked 

inalterably on a permissive ledger, providing real-time 

visibility and post-incident forensic review. The innovative 

contract-based architecture allowed the maintenance of 

consistent rule execution and real-time alerts without the 

need for centralised log management. However, the 

blockchain system added overhead and had a little latency 

overhead, approximately 1.2 seconds per transaction cycle, 

because of the consensus overhead and cryptographic 

operations. However, in the contexts where traceability and 

data immutability are a concern, this model had significant 

operational benefits. 

In general, the results reveal that no single system 

outperforms all the others under all the issues. For speed and 

accuracy, the support vector machine learning models are 

optimal, and by adding the better behaviour sensitivity that 

the deep learning models find, we give up performance for 

computational simplicity. Systems enhanced by blockchain 

have unrivalled traceability, at the cost of infrastructural 

trade-offs. This discrepancy in performance hints that hybrid 

approaches – where a fast ML layer screens Tx and a 

Blockchain layer archives them and validates decisions – 

may be the best path forward for financial institutions that 

want to find a compromise between performance and 

regulatory robustness. These results serve as the ground truth 

for the architectural suggestions presented in the upcoming 

section about discussion and conclusion. 

 

5. Discussion 

Results from this comparison shed light on the complexity of 

financial transaction integrity based on real-time monitoring. 

Every system has its own pluses and minuses, showing that 

no one technique or technology can solve all the problems 

encountered by today’s financial institutions. Weaving 

together these considerations, we will shed light on the 

significance of accuracy, latency, interpretability, scalability, 

and compliance when deploying such sophisticated 

monitoring architectures in practice. 

The classic rule-based approach, a poor fit for more adaptive 

analyses, can still be beneficial in benchmarking the 

fundamental limitations of pure static monitoring. It is 

challenged by its high false positive rate and its inability to 

discover new patterns of fraud, which impact its effectiveness 

in a dynamic environment like the one we have today. But its 

deterministic logic and explainability do add value when used 

as a first layer to catch simple rule breakages, especially in 

regulated industries where transparency might be a must. 

The supervised ML model performance focuses on data-

driven intelligence that financial institutions have been 
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migrating towards. That the model can outperform traditional 

systems but also detect fraudulent activities with lower 

latencies speaks to an opportunity to achieve drastic 

improvements with even simple machine learning algorithms 

when coupled with real-time stream processing. However, 

there are regulatory restrictions on the explainability of 

algorithmic decisions that one has to deal with. Institutions 

need to weigh the benefits of prediction quality against 

providing clear rationales for alerts, primarily since human 

review or legal enforcement actions can be associated with an 

alert. 

 

 
 

Fig 3: Trade-Offs in Monitoring System Attributes. 

The graph highlights each system's strengths and limitations 

in categories such as accuracy, latency, explainability, cost 

efficiency, and regulatory compliance. 

The hybrid deep learning approach was best suited for 

anomaly detection and behavioural modelling. The ability of 

the system to find subtle temporal and sequential behaviour 

patterns in transactional data highlights the potential of 

sophisticated AI in discovering the nature of fraud. However, 

while neural networks have the potential to evolve into 

valuable compliance tools, compliance teams and auditors 

are waylaid by not being able to peer into the black box of 

neural networks and ensure and verify system behaviour. In 

addition, the need for infrastructure to deploy real-time deep 

learning models as part of a pipeline may create a cost and 

resource deterrent for smaller and mid-sized financial 

institutions. This may imply that adoption will target bigger, 

tech-savvy banks or fintech. 

While being just a little behind in fraud detection, 

blockchain-based systems provide a completely different 

value proposition by moving the focus to transparency and 

accountability. The fact that they are immutable and 

decentralized means they can act like a chain or record of 

every trade/monitoring decision that can’t be tampered with, 

which is particularly useful in regulated jurisdictions. 

Although less responsive to developers than the response 

time requirements mentioned above, these systems fill a 

gaping flaw in many of the present-day banking systems --- 

namely, there are no tamper-resistant or verifiable audit trails. 

Compliance-side blockchain-enhanced surveillance will 

grow increasingly attractive as regulation covers digital 

ledgers and cryptographic proofs. 

A common thread among the various system designs 

reviewed is the requirement for hybridization. No silver 

bullet system does well in all aspects, but a well-designed 

hybrid system can take the best of both. For example, a 

lightweight rule engine can quickly filter away some obvious 

threats and minimize noise, and then a multi-layered AI 

model can deeply analyze the filtered subset further. In the 

meantime, every alert and model decision can be permanently 

recorded on the blockchain for transparency. Such a hybrid 

structure increases efficiency while increasing flexibility and 

compliance. 

A related key takeaway is the future of explainable AI in 

transaction monitoring. Now that regulatory bodies are 

beginning to require explanations of automated decisions, we 

have to internalize tools like SHAP and LIME as part of the 

standard operating procedure in ML pipelines. In addition, 

federated learning and privacy-preserving computation 

methods will probably be essential in the cross-institution 

monitoring activities, which involve limited data sharing 

because of privacy or jurisdictional concerns. 

The conversation ultimately underscores that ensuring the 

integrity of financial transactions in real time has become 

more than a technical issue; it is equally a regulatory, 

operational, and strategic one. Banks should not see these 

systems as stand-alone tools, but part of overall risk 

management frameworks. Coupled with scalable 

infrastructure, data governance, and compliance-aware 

system design, investing in state-of-the-art models is 

necessary. The findings of this study support a new paradigm 

in transaction monitoring – one architected for agility,  

accuracy, and reliability from the beginning. 

 

6. Conclusion 

Rapid digitalization in finance, combined with the growing 

complexity of fraud and regulatory requirements, has led 

traditional transaction monitoring to present a less effective 

model. The research found in this paper provides a systematic 

exploration of several state-of-the-art technologies. It 

approaches support for real-time financial transaction 

monitoring more accurately, flexibly, and transparently. By a 

well-organized methodology using simulation, system 

deployment, and metric-based evaluation, we showed that 

these modern monitoring systems, employing machine 
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learning, deep learning, real-time stream processing, and 

blockchain, are superior to the traditional ones. 

The statistical results showed that supervised and hybrid AIs 

outperform the static rules engines in malware detection. 

These models are not only adjusted to changing fraud patterns 

but also designed to process quickly through a large data set 

involving a financial transaction. The strength of deep 

learning frameworks, and combinations of convolutional and 

recurrent architecture, lies in their ability to recognize 

temporal and sequential behaviour, precisely the context for 

which one should apply the DL methods in high-frequency 

transactional environments. But as they are sophisticated and 

not readily explainable, they would find it hard to comply 

with the needs of transparency and fairness in regulations. 

Block-chain-based methods slightly decrease the prediction 

performance but bring the integrity to a new level due to the 

immutable logging and decentralized verification. These 

systems have been beneficial when audit, tamper-resistance, 

and compliance are essential. The latency introduced by 

cryptographic operations is a tolerable trade-off, particularly 

when working with AI models that perform pre-processing 

and filtering transactions. These techniques enable composite 

monitoring architectures that combine the best predictive 

intelligence and data immutability. 

Integrated, layered solutions are, in fact, one of the most 

critical lessons from this study. No tool can deliver the 

agility, accuracy, and governance that today’s financial 

systems demand. Instead, financial institutions could 

implement a layered approach to fraud detection, such as 

real-time stream processing for ingestion, machine learning 

for behaviour analysis, rules for deterministic validation, and 

blockchain for traceability. Further, mechanisms for 

explainability and interpretability need to be integrated 

within monitoring processes to fulfil internal and external 

compliance needs. 

As financial technology regulations trend toward greater 

enforcement and regulation worldwide, institutions need to 

shift their perspective on transaction monitoring—not just as 

a “check the box” compliance activity but as a core part of 

their business model. Real-time systems are about defending 

against attacks and enabling trust, operational resiliency, and 

competitive advantage. An effective monitoring architecture 

serves not only as a deterrence against financial crime  but 

also as an indicator of institutional maturity and preparedness 

to operate in a sophisticated digital financial world 

successfully. 

This study opens up several further research directions, 

including studying adaptive retraining in the context of online 

deployments, the potential use of federated learning for 

processing global transaction monitoring networks, and the 

operationalization of zero-trust privacy principles into 

monitoring architectures. In addition, with the rise of 

quantum processing and ultra-modern encryption, the 

combination of cryptographic confidence and real-time AI 

has the potential to reimagine the nature of financial integrity. 

This work provides a step change towards that evolution by 

proposing a systematic perspective of the state-of-the-art and 

practical guidelines for implementing next-generation 

transaction monitoring frameworks. Early adopters of these 

innovations will not only be better armed but well-positioned 

to future-proof their businesses in a financial landscape 

increasingly characterized by data, velocity, and 

accountability. 
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