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Abstract: This article examines the evolution of anomaly detection techniques in core banking systems,
transitioning from traditional batch processing to modern stream processing approaches powered by
machine learning. We explore how financial institutions have historically addressed fraud detection and
system vulnerabilities, and detail the significant paradigm shift toward real-time analysis. The paper
presents empirical evidence of increased detection efficiency, reduced false positives, and enhanced
security posture in banking environments. Through case studies, technical implementations, and
guantitative analysis, we demonstrate how stream processing architectures leveraging ML algorithms
provide superior protection for modern banking infrastructure compared to conventional methods.
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INTRODUCTION

Core banking systems represent the technological heart of modern financial institutions, processing millions
of transactions daily while managing customer accounts, loans, deposits, and other critical services. The
security and integrity of these systems are paramount to maintaining trust in the financial sector. Anomaly
detection, identifying patterns that deviate from expected behavior, has become essential to banking
security frameworks.

Historically, banks relied on batch processing methods to detect fraudulent activities and system anomalies.
These approaches, while functional, suffered from significant time delays between incident occurrence and
detection. In today's digital banking landscape, where transactions occur at unprecedented speeds and
volumes, such delays represent unacceptable security vulnerabilities.The shift toward stream processing,
enabled by advances in machine learning and big data technologies, represents a fundamental
transformation in how financial institutions approach security monitoring. This paradigm shift allows for
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near-instantaneous detection of anomalies, dramatically reducing the window of opportunity for malicious
actors and system failures to impact operations. This article examines this evolution in detail, exploring the
banking context and the technical implementation of machine learning models that power modern anomaly
detection systems.

Historical Context of Banking Security

Evolution of Banking Security Measures

Banking security has evolved dramatically from physical safeguards to sophisticated digital protection
mechanisms. Table 1 illustrates this progression through key banking security milestones:

Table 1: Evolution of Banking Security Measures (1950-2025)

Era Primary Security Focus Key Technologies Detection
Timeframe

1950s- Physical security, manual Paper ledgers, early Days to weeks
1970s auditing mainframes
1980s- Automated monitoring, batch | Database systems, COBOL Hours to days
1990s reports applications
2000s- Digital surveillance, rule- RDBMS, data warehousing Hours
2010s based systems
2010s- Advanced analytics, partial Big data, early ML Minutes to hours
2020 automation applications
2020- Al-driven monitoring, Stream processing, deep Seconds to
Present behavioral analysis learning minutes

The banking sector's approach to security has historically been conservative, prioritizing stability and
reliability over innovation. This cultural stance influenced early adoption patterns of anomaly detection
technologies, with major institutions typically waiting for technologies to mature before implementation.

The Cost of Banking Fraud

Financial fraud continues to represent a significant challenge for banking institutions worldwide. According
to the Association of Certified Fraud Examiners (ACFE), organizations lose approximately 5% of their
annual revenue to fraud, with financial services particularly vulnerable.
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Fig. 1: Global Banking Fraud Losses (2015-2024)

The increasing digitization of banking services, while providing convenience and efficiency, has expanded
the attack surface for fraudulent activities. This trend has accelerated the need for more sophisticated
detection mechanisms.

Batch Processing: The Traditional Approach
Architecture and Implementation

Traditional batch processing approaches to anomaly detection in banking follow a structured sequence of
operations performed at scheduled intervals. Figure 3 represents the typical architecture of such systems:

Key technologies: Cracle, DB2, S50L Server, IBM InfoSphere DataStage, Informatica PowerCenter, Java, C++, COBOL, 5AS, 5PSS

Fig. 2: Traditional Batch Processing Architecture for Banking Anomaly Detection
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In this model, transaction data is collected throughout the day and processed during designated windows,
typically overnight when system loads are lower. Analysis is performed on complete datasets using
predefined rules and simple statistical models.

Batch Processing Technical Implementation
Batch processing systems in banking environments typically leverage the following technologies:
e Relational Database Management Systems (RDBMS): Oracle, DB2, and SQL Server dominate
this space, storing structured transaction data
e Extract, Transform, Load (ETL) tools: IBM InfoSphere DataStage, Informatica PowerCenter
for data preparation
e Rule engines: Often custom-built using programming languages like Java, C++, or COBOL
e Statistical analysis: SAS, SPSS for pattern detection

The core logic of traditional batch processing systems relies heavily on rule-based approaches, where
domain experts define explicit conditions that signal potentially fraudulent or anomalous behavior.
Table 2: Common Rule-Based Detection Methods in Banking

Rule Type Description Example
Threshold-based | Flag transactions exceeding Transaction > $10,000
predefined limits
Velocity-based Identifies unusual frequencies of >5 withdrawals in 1 hour
activities
Geographic Detects unusual location patterns Transaction in country A followed by ta
ransaction in country B within 2 hours
Pattern-based Recognizes known fraud sequences | Small test transaction followed by a large
withdrawal
List-based Checks against known fraudulent Comparison against blacklisted
entities accounts/IPs

While effective for detecting known patterns, these rules require constant maintenance and updating,
creating operational overhead. More importantly, they struggle to identify novel fraud techniques and
complex anomalies.

Limitations of Batch Processing
Batch processing systems suffer from several fundamental limitations:
1. Detection latency: The time gap between occurrence and detection creates a vulnerability window
Limited context: Analysis occurs on slices of data without full behavioral context
High false positive rates: Rigid rules frequently flag legitimate transactions
Reactive rather than proactive: Systems can only detect known patterns
Scalability challenges: Performance degrades with increasing data volumes

abkrowbd
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These limitations became increasingly problematic as digital banking transformed the financial landscape,
with transactions occurring 24/7 across multiple channels and at significantly higher volumes.

The Need for Real-Time Detection

The Changing Banking Landscape
The banking environment has transformed dramatically over the past decade, driven by technological
innovation and changing customer expectations. Key trends influencing this shift include:

Transformaficn Drivers

Mobile Banking
Adoption

enables

Open Banking

Digital Banking

Digital-Only
Banks

accelerates
Fig. 3: Digital Banking Transformation Drivers
This evolution has created an environment where transactions occur continuously across diverse channels,

rendering batch processing increasingly inadequate. The introduction of faster payment systems in
particular, has accelerated this trend.
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Table 3: Global Adoption of Real-Time Payment Systems

Region System Launch Year | Average Daily Volume | Processing Time
UK Faster Payments 2008 7.2 million <10 seconds
India UPI 2016 325 million <10 seconds
uUs RTP Network 2017 1.8 million <5 seconds
EU SEPA Instant 2017 13.5 million <10 seconds

Brazil PIX 2020 75 million <10 seconds

With transaction settlement times reduced from days to seconds, the window for detecting and preventing
fraudulent activities has similarly contracted, necessitating real-time monitoring capabilities.

Financial Impact of Detection Delays
Research demonstrates a clear correlation between detection speed and financial loss mitigation in banking

fraud scenarios. A 2023 study by the Federal Reserve Board found that the recovery rate for fraudulent
transactions drops dramatically after the first hour:
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Fig. 4: Fraud Recovery Rates by Detection Time

This data underscores the critical importance of minimizing detection latency in modern banking
environments.

70



European Journal of Computer Science and Information Technology,13(13),65-87, 2025
Print 1ISSN: 2054-0957 (Print)
Online ISSN: 2054-0965 (Online)
Website: https://www.eajournals.org/

Publication of the European Centre for Research Training and Development -UK

Regulatory Pressures
Regulatory frameworks have evolved to reflect the changing nature of banking systems, with increased
emphasis on real-time monitoring capabilities:
e The EU's Revised Payment Services Directive (PSD2) mandates strong customer authentication
and transaction monitoring
e The Basel Committee on Banking Supervision's BCBS 239 principles emphasize real-time risk
data aggregation
e The Federal Financial Institutions Examination Council (FFIEC) guidelines now include
expectations for continuous monitoring
These regulatory requirements have accelerated institutional investment in advanced detection systems
capable of real-time analysis and response.

Stream Processing Architectures

Conceptual Framework

Stream processing represents a fundamental paradigm shift from batch processing. It treats data as
continuous, unbounded flows rather than static collections. This approach enables real-time analysis as
events occur rather than after-the-fact processing.
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Fig. 5: Batch vs. Stream Processing Paradigms

In banking environments, stream processing architectures typically follow a multi-layered design pattern:
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Fig. 6: Stream Processing Reference Architecture for Banking

Technical Components
Modern stream processing in banking leverages several key technologies:
1. Stream Processing Engines:
o Apache Kafka for high-throughput message brokering
o Apache Flink for stateful computations
o Apache Spark Streaming for micro-batch processing
o Apache Beam for unified batch and stream processing
2. Event Storage:
o Time-series databases (InfluxDB, TimescaleDB)
o Distributed logs (Kafka, Pulsar)
o NoSQL databases (Cassandra, MongoDB)
3. Stream Analytics:
o Feature extraction frameworks
o Online ML inference engines
o Complex event processing (CEP) systems
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Table 4: Comparison of Stream Processing Technologies in Banking

Technology | Processing | Latency Throughput State Banking Use
Model Management Case
Apache Message ms Millions/sec Limited Transaction
Kafka broker routing
Apache Flink True ms Millions/sec Robust Real-time fraud
streaming detection
Apache Micro-batch | 100ms+ Millions/sec Checkpoint- Risk analytics
Spark based
Apache True ms Hundreds of Limited Alert
Storm streaming thousands/sec generation
Apache Unified Varies Varies Pluggable Cross-platform
Beam deployment

Banking-Specific Implementations
Financial institutions have adapted stream processing frameworks to meet their specific needs, with
particular emphasis on:

1. Data consistency guarantees: Ensuring exactly-once processing semantics for financial

transactions

2. Compliance capabilities: Built-in audit trails and explainability features

3. Fault tolerance: Zero data loss guarantees in failure scenarios

4. Security enhancements: End-to-end encryption and access controls
Many institutions implement hybrid architectures that combine stream processing for real-time detection
with batch processing for deeper forensic analysis and model training.

Machine Learning Algorithms for Anomaly Detection
Algorithmic Approaches
Machine learning has revolutionized anomaly detection in banking by enabling systems to identify complex
patterns that would be impossible to capture with rule-based approaches. The major categories of ML
algorithms applied in this domain include:
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Application to Anomaly Detection
= Supervised: Requires [abeled examples of nommal and anomalous transactions
= Unsupervised: Identifies unusual patterns without prior examples of fraud
= Semi-supervised: Trained primarily on normal transactions, identifies deviations
= Deep Leaming: Handles complex patterns in large transaction datasets
= Ensemble Methods: Combines multiple models for mmproved detecton accuracy
Fig. 7: Machine Learning Approaches for Anomaly Detection
Each approach offers distinct advantages in specific banking scenarios:
Table 5: ML Algorithm Applications in Banking Anomaly Detection
Algorithm Representative Banking Application Strengths Limitations
Category Algorithms
Supervised Random Forest, Known fraud pattern High accuracy Requires labeled
Learning XGBoost, SVM detection for known data
patterns
Unsupervised Isolation Forest, Novel fraud detection Can detect Higher false
Learning DBSCAN, LOF unknown patterns | positive rates
Deep Learning LSTM, GRU, Sequence/temporal Captures Requires extensive
Transformers anomalies complex training data
temporal
dependencies
One-class One-Class SVM, Account behavior Works with Sensitivity to
Methods Autoencoders profiling limited negative | parameter tuning
examples
Ensemble Stacking multiple Comprehensive Reduces false Computational
Methods detectors detection systems positives overhead
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Feature Engineering for Banking Data
The effectiveness of ML algorithms depends significantly on the quality of features extracted from raw
banking data. Common feature categories include:
1. Transaction features: Amount, currency, transaction type, merchant category
Temporal features: Time of day, day of week, velocity metrics
Customer features: Account age, typical behavior patterns, risk profile
Network features: Relationship between accounts, common points of compromise
Contextual features: Device information, location data, session characteristics
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Fig. 8: Feature Importance in Banking Fraud Detection

Advanced systems increasingly implement automated feature engineering through techniques like:
Deep feature synthesis for automatic feature generation
Representation learning using embeddings
Feature selection with regularization techniques
Dimensionality reduction for computational efficiency
Online Learning and Model Adaptation
A critical requirement for stream processing environments is adapting to evolving patterns. This capability
is achieved through:
1. Incremental learning algorithms: Models that can update parameters without complete retraining
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2. Concept drift detection: Mechanisms to identify when patterns are changing
3. Adaptive thresholding: Dynamic adjustment of anomaly thresholds based on recent data
4. Periodic retraining: Scheduled model updates using accumulated data
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Fig. 9: Online Learning Framework for Banking Anomaly Detection

These capabilities allow detection systems to maintain effectiveness even as fraud patterns and legitimate
banking behaviors evolve over time.

Implementation in Core Banking Systems
Integration Architecture
Implementing ML-based anomaly detection within core banking environments requires careful

architectural planning to ensure minimal disruption to critical systems. Most institutions adopt a sidecar
pattern:
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Fig. 10: Integration Architecture with Core Banking Systems

This approach minimizes modifications to the core banking systems while enabling comprehensive
transaction flow monitoring.

Data Flow Considerations
Effective implementation requires addressing several key data flow considerations:
1. Data capture points: Strategic interception of transaction flows
2. Data transformation: Normalization and enrichment of raw transaction data
3. Feature computation: Real-time calculation of detection features
4. Scoring latency: Performance optimization for sub-second detection

Table 6: Performance Metrics for Banking Stream Processing Systems

Metric Target Performance | Industry Average | Best Practice
End-to-end latency <500ms 1.2 seconds 150ms
Throughput >10,000 TPS 5,000 TPS 25,000 TPS
False positive rate <1% 2.5% 0.5%
False negative rate <0.1% 0.3% 0.05%
Auvailability 99.999% 99.95% 99.9995%
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Operational Considerations
Successfully operationalizing ML-based detection systems requires addressing several banking-specific
requirements:

1. Explainability: Financial regulations often require transparency in decision-making

2. Compliance: Maintaining audit trails and documentation for regulatory review

3. Model governance: Establishing processes for model validation and monitoring

4. Human-in-the-loop: Designing efficient workflows for expert review of alerts

evelopment Standand Testing Protocols Audit Procedures
Dewel it ds Testing Protocols Performance Monitoring Audit Procedures
« Code reviews = Backiessing = Diwifi dedection = Independent review

+» Documentaian = Sress lesling « KP| tracking « Compliance cheds

= Wersion contal = Benchmarking = Regular reviews = Documentaian sudil

Govemance framewovk ensunes WL modals meet reguistory requiremeants and manage sk apgrognately

Fig. 11: Model Governance Framework for Banking ML Systems

Many institutions implement tiered detection systems that balance automated responses with human
oversight:

Risk Level Detection Criteria Response Action Human
Involvement
Low Score <0.3, Amount <$1,000 Monitor only None
Medium Score 0.3-0.7, Amount $1,000- Additional Post-review
$10,000 authentication
High Score >0.7, Amount $10,000- Transaction hold Real-time review
$50,000
Critical Score >0.9, Amount >$50,000 Block and investigate Immediate
escalation

Table 6: Tiered Response Framework
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Case Studies and Performance Metrics

Case Study 1: Global Commercial Bank

A major international bank in 35 countries implemented a stream processing anomaly detection system to
replace their legacy batch-based approach. The system was deployed across retail and commercial banking
divisions.

Implementation Details:
e Apache Kafka for event streaming
e Apache Flink for stream processing
e Ensemble of gradient-boosted trees and LSTM networks
e Integration with existing rule-based systems

RESULTS
Fraud Detection Rate e
(% of fraudulent transacbons caught) 76% 4" 92%
Average Detection Time JP—
{tinne to detect fraudulent acthity) 8.5 hours —T—hECOHdS
False Positive Rate P
(legitimate fransactions flagged) 4.1% 4"1 2%

Annual Loss Reduction Jpy—

(compared to baseline) $0 4.-$42 M

Implementation of real-time stream processing significantly improved detection speed
and accuracy, resulting in substantial financial benefilz

Fig. 12: Performance Improvement After Stream Processing Implementation
Due to reduced false positives, the bank reported a 94% reduction in fraud losses and a 73% decrease in

analyst workload. The system detected several sophisticated fraud schemes that had previously evaded
detection.
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Case Study 2: Regional Retail Bank
A mid-sized retail bank serving 3.2 million customers implemented a hybrid batch/stream processing
approach focusing on credit card fraud detection.

Implementation Details:

e Stream processing for real-time scoring
e Daily batch processing for model retraining
e Isolation Forest as a primary algorithm

e Customer behavior profiling using autoencoders

Results:
Metric Before Implementation | After Implementation | Improvement
Fraud detection rate 62% 83% +21%
Average detection time 26 hours 0.8 seconds -99.9%
False positive rate 5.8% 2.1% -63.8%
Customer friction 7.4% 3.2% -56.8%

Table 7: Regional Bank Implementation Results
The bank also reported significant improvements in customer satisfaction due to reduced false declines and
more targeted security interventions.

Case Study 3: Digital-Only Bank
A digital-only challenger bank built its security infrastructure around stream processing from inception,
with no legacy batch systems.
Implementation Details:
e Serverless architecture on cloud infrastructure
e Real-time feature store for low-latency scoring
e Transformer-based deep learning models
e Continuous deployment with A/B testing

Results:
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Fig. 13: Digital Bank Fraud Rates Compared to Industry

The bank achieved fraud rates significantly below industry averages while maintaining customer friction
levels at approximately half the industry standard. Their approach allowed for rapid adaptation to new fraud
patterns, with model updates deployed daily.

Aggregate Performance Analysis

Analyzing data across multiple implementations reveals consistent patterns in the benefits of stream
processing for anomaly detection:
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Fig. 14: Aggregate Benefits of Stream Processing Across Financial Institutions

These results demonstrate the transformative impact of stream processing on banking security operations
across different institutional contexts.
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Challenges and Limitations

Technical Challenges
Despite the clear benefits, organizations implementing stream processing for anomaly detection face several
technical challenges:
1. Data quality issues: Missing, delayed, or inconsistent data streams
Computational demands: High resource requirements for real-time processing
Model drift: Performance degradation over time as patterns evolve
System reliability: Ensuring the continuous operation of critical detection systems
Integration complexity: Connecting to diverse and legacy banking systems
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Fig. 16: Key Technical Challenges in Stream Processing Systems
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Organizational Challenges

Financial institutions also face organizational hurdles when implementing advanced detection systems:
1.
2.
3.
4.
5.

Talent acquisition: Competition for scarce ML and stream processing expertise
Cross-functional coordination: Aligning security, IT, and business units
Change management: Transitioning from established batch processes

Cost justification: Demonstrating ROI for substantial infrastructure investments
Risk management: Addressing potential failures in automated systems

A survey of banking technology executives highlighted these challenges:

Table 8: Organizational Challenge Rankings from Banking Survey

Challenge Critical (%) | Significant (%) | Moderate (%) | Minor (%)
Talent acquisition 68 22 8 2
Regulatory compliance 54 31 12 3
Legacy system integration 47 38 12 3
Budget constraints 42 33 18 7
Executive buy-in 32 29 26 13
Organizational silos 28 42 19 11

Regulatory and Compliance Considerations
The regulatory landscape presents unique challenges for ML-based detection systems:

1.
2.
3.
4.
5.

Explainability requirements: Regulations often require transparent decision-making
Model validation: Formal processes for testing and approval

Data privacy constraints: Limitations on data usage and storage

Cross-border differences: Varying regulatory requirements across jurisdictions
Documentation standards: Extensive record-keeping requirements

Financial institutions must navigate these requirements while maintaining system effectiveness.

Future Directions
Technological Trends
Several emerging technologies are likely to shape the future of anomaly detection in banking:
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Fig. 16: Emerging Technologies for Banking Anomaly Detection

Federated Learning: Enabling model training across institutions without sharing sensitive data
Quantum Machine Learning: Potential for exponential acceleration of certain detection
algorithms

Explainable Al: Advanced techniques for providing transparency in complex models
Privacy-Preserving Computation: Homomaorphic encryption and secure multi-party computation
Automated ML Operations: Self-optimizing detection systems

Architectural Evolution
Banking anomaly detection architectures are evolving toward:

1.

abkrowbd

Edge processing: Performing initial detection at transaction origination points
Hybrid cloud deployments: Balancing security and scalability requirements
Event-driven architectures: Fully decoupled systems with greater resilience
Self-healing infrastructures: Automated recovery from system failures
Adaptive processing: Dynamic resource allocation based on threat levels
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Future banking security architecture emphasizes event-driven design with secure communication between layers

Fig. 17: Future Banking Security Architecture

Emerging Threats and Countermeasures
The threat landscape continues to evolve, requiring continuous adaptation of detection systems:

Table 9: Emerging Banking Threats and Countermeasures

Threat Category

Description

Countermeasure

Synthetic identity
fraud

Creation of fictional identities
combining real and fake information

Graph network analysis, digital
footprint verification

Adversarial
attacks

Deliberate manipulation of ML model
inputs

Adversarial training, robust
optimization

API-based fraud

Exploitation of banking APIs for
unauthorized access

API behavior monitoring, anomaly
detection

Real-time payment
fraud

Exploitation of instant payment
systems

Behavioral biometrics, continuous
authentication

Cross-channel
attacks

Coordinated attacks across multiple
banking channels

Unified customer view, cross-
channel correlation
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Financial institutions must evolve their stream processing capabilities to address these emerging threats
while maintaining customer experience.

CONCLUSION

The evolution from batch to stream processing represents a fundamental paradigm shift in how banking
institutions approach anomaly detection. This transition has been driven by technological advancement,
changing banking behavior, escalating threats, and regulatory pressures. The evidence presented through
case studies and performance metrics demonstrates that stream processing approaches deliver superior
outcomes across all key metrics: detection speed, accuracy, and false positive rates. The financial impact is
substantial, with institutions reporting fraud loss reductions of 50-90% following implementation.
However, implementation success depends on addressing significant technical and organizational
challenges. Institutions must navigate complex integration requirements, data quality issues, talent
constraints, and regulatory considerations. Those who overcome these hurdles gain enhanced security and
competitive advantages through improved customer experience and operational efficiency. Looking
forward, we anticipate continued evolution of these systems, with increasing adoption of federated
approaches, privacy-preserving computation, and automated ML operations. These advancements will
further enhance the ability of financial institutions to protect themselves and their customers in an
increasingly digital banking environment. The transition from batch to stream processing for anomaly
detection represents a technical upgrade but a fundamental reimagining of banking security's operations,
moving from periodic review to continuous protection, from reactive response to proactive prevention, and
from predetermined rules to adaptive intelligence.
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