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Abstract

This paper presents a comprehensive analysis of India's financial fraud mitigation framework, examining
the technological interventions implemented by the Reserve Bank of India during fiscal year 2024-2025. 1
investigate the efficacy of multi-layered defense mechanisms including Early Warning Systems (EWS), the
Financial Fraud Risk Indicator (FRI), the Central Fraud Registry (CFR), and MuleHunter.Al in detecting
and preventing fraudulent activities. The analysis reveals that Al-driven interventions have achieved 90-
95% detection accuracy for mule accounts, preventing potential losses exceeding Rs 660 crore within the
first six months of FRI implementation. While total reported fraud value reached Rs 37,771 crore,
approximately 49.4% originated from legacy cases reclassified under enhanced regulatory mandates. The
research demonstrates that case frequency decreased by 33.5% year-over-year, indicating improved
preventive capabilities despite headline value increases. This study contributes to the understanding of
AI/ML deployment in financial security infrastructure and provides actionable insights for FinTech
practitioners developing fraud detection systems.

Keywords: Financial fraud detection, machine learning, Early Warning Systems, MuleHunter.Al, fraud
risk management, digital payments security, artificial intelligence, banking security, FinTech

I. INTRODUCTION

The Indian banking sector faces an escalating challenge of financial fraud, with total reported cases
reaching 23,879 instances involving Rs 37,771 crore in fiscal year 2024-2025 [1]. This represents a
substantial increase from the previous fiscal year's reported amount of Rs 11,261 crore, warranting rigorous
analysis of detection mechanisms and preventive frameworks. As a researcher specializing in financial
technology and regulatory frameworks, I present this comprehensive analysis of India's fraud mitigation
architecture, drawing upon direct involvement in evaluating technological interventions implemented by
the Reserve Bank of India.

The distinction between fresh fraud incidents and reclassified legacy cases proves critical for understanding
the actual trajectory of financial crime. Approximately 49.4% of the reported fraud value (Rs 18,674 crore
from 122 high-value accounts) represents historical cases reclassified under enhanced regulatory
frameworks, rather than indicating a surge in new fraudulent activities. This reclassification stems from the
RBI's Master Directions on Fraud Risk Management (July 2024), which introduced stricter reporting
mandates and extended classification criteria.

This research contributes to the field through three primary dimensions: (1) a systematic evaluation of
Al/ML-based fraud detection architectures deployed at scale, (2) performance benchmarking across public
and private sector banks with varying technological maturity, and (3) identification of residual detection



gaps requiring further technological innovation. The findings provide actionable insights for FinTech
practitioners, data scientists, and regulatory professionals developing fraud prevention systems.

II. LITERATURE REVIEW AND BACKGROUND
A. Historical Context of Banking Fraud in India

Banking fraud in India has historically manifested in two distinct categories: advance-related (loan) frauds
constituting high-value corporate defaults, and retail digital frauds affecting individual consumers through
card and internet-based mechanisms. The fiscal year 2024-2025 data reveals significant sectoral disparity:
Public Sector Banks (PSBs) accounted for 70.7% of total fraud value, primarily attributed to large-ticket
advance-related cases, while Private Sector Banks reported 59.3% of total cases, predominantly card and
internet frauds [2].

B. Fraud Classification and Typology

Contemporary fraud classification distinguishes between card and internet frauds, constituting 66.8% of
total case volume but representing minimal monetary value (approximately Rs 520 crore), and advance-
related frauds contributing 33.1% of total fraud value (approximately Rs 33,148 crore), typically involving
corporate borrowers. This distribution informs the differentiated approach required for detection
mechanisms—high-velocity, low-value digital frauds demand real-time intervention, while advance-related
frauds require longitudinal pattern analysis across extended time horizons.

C. Related Work in Fraud Detection

Prior research in fraud detection has established foundational approaches including rule-based systems,
anomaly detection algorithms, and supervised learning classifiers. However, the Indian financial ecosystem
presents unique challenges: the rapid digitization of payments (UPI processing 12+ billion transactions
monthly), linguistic and geographic diversity affecting behavioral baselines, and the emergence of
sophisticated social engineering attacks targeting semi-urban populations. This paper extends existing
literature by documenting the implementation and performance of production-scale ML systems addressing
these challenges.

III. METHODOLOGY

This research employs a mixed-methods approach combining quantitative analysis of fraud statistics,
technical evaluation of detection systems, and qualitative assessment of implementation frameworks. The
methodology encompasses four primary dimensions:

1. Regulatory Framework Analysis: Examination of the RBI's Master Directions on Fraud Risk
Management (July 2024) and subsequent circulars to understand compliance requirements and institutional
mandates.

2. Technical System Evaluation: Architectural analysis of AI/ML detection systems including
MuleHunter.Al, Financial Fraud Risk Indicator (FRI), and Digital Payments Intelligence Platform (DPIP),
focusing on model design, feature engineering, and performance metrics.

3. Implementation Assessment: Evaluation of deployment metrics across public and private sector banks,
identifying adoption patterns, infrastructure requirements, and operational challenges.



4. Impact Measurement: Quantification of preventive outcomes including detection accuracy, false positive
rates, processing latency, and monetary losses prevented.

Data sources include RBI publications, Ministry of Finance parliamentary disclosures, NPCI technical
reports, and Reserve Bank Innovation Hub (RBIH) documentation. All fraud statistics reference fiscal year
2024-2025 unless otherwise specified.

A. Data Acquisition and Information Synthesis This study is grounded in an extensive corpus of primary
regulatory and technical documentation, comprising approximately fifty pages of authoritative sources. The
dataset encompasses the Reserve Bank of India's Master Directions on Fraud Risk Management, annual
banking trend publications for fiscal year 2024-25, and parliamentary responses pertaining to financial
crime incidents. Given the volume and unstructured nature of this documentation, OpenClaw was
employed as a synthesis agent to distill complex regulatory frameworks into actionable analytical insights.
This Al-assisted approach enabled systematic extraction of key provisions, compliance mandates, and
performance metrics while preserving technical accuracy throughout the synthesis process.

B. Architectural Modeling and System Visualization To translate policy frameworks into implementable
system designs, this research adopts a visual architectural methodology. Multi-layered defense
architectures—specifically the Early Warning System (EWS), Financial Fraud Risk Indicator (FRI),
Central Fraud Registry (CFR) Workflow, MuleHunter. Al System Architecture, 21-Day Natural Justice
Framework Process Flow, and System Infrastructure for Real Time Fraud Detection—were modeled and
rendered using draw.io diagramming software. These architectural blueprints illustrate data ingestion
pipelines, real-time machine learning ensemble processing incorporating XGBoost and Graph Neural
Network (GNN) components, and the graduated risk-scoring output classification spanning the 0-1000
scale. The resulting diagrams serve as technical reference artifacts bridging conceptual frameworks and
production-scale implementations.

C. Validation and Standards Compliance The research methodology follows a human-in-the-loop, Al-
augmented workflow designed to ensure both accuracy and ethical compliance. Initial data condensation
and synthesis were performed using Al-assisted tools, while the final technical manuscript underwent
rigorous manual review. This validation phase confirmed alignment with the Framework for Responsible
and Ethical Enablement of AI (FREE-AI 2025) principles governing responsible Al deployment in
financial services. Quantitative performance metrics, including the reported 90-95% detection accuracy
range and 85% reduction in false positive rates, were cross-verified against established historical
benchmarks to ensure statistical validity. This dual-validation approach maintains the integrity of findings
while adhering to IEEE documentation standards for technical research papers.

IV. RESULTS AND ANALYSIS
A. Fraud Statistics and Temporal Analysis

The reported fraud landscape for FY 2024-2025 presents a nuanced picture when examined beyond
headline figures. Table I presents the distribution by fraud category.

TABLE I: FRAUD DISTRIBUTION BY CATEGORY (FY 2024-25)

Category Cases Amount (Rs Cr) Percentage
Advances (Loans) 7,950 33,148 92.0%
Digital (Card/Net) 13,516 520 1.4%
Others 2,487 2,346 6.6%
Total 23,953 36,014 100%




The year-over-year comparison reveals critical insights when legacy reclassifications are isolated. Table 11
presents this temporal analysis.

TABLE II: YEAR-ON-YEAR FRAUD COMPARISON

Parameter FY 2023-24 FY 2024-25 Change
Total Cases 36,060 23,953 -33.5%
Total Amount (Rs Cr) | 11,261 37,771* +235%
Legacy Cases - 122 New
Legacy Amount (Rs - 18,674 New
Cr)

Fresh Fraud (Rs Cr) 11,261 17,340 +54%

*Includes reclassified legacy cases

When legacy cases (Rs 18,674 crore from 122 high-value accounts) are separated, fresh fraud value
approximates Rs 17,340 crore. The 33.5% reduction in case frequency suggests improved preventive
measures, even as headline value increases due to reclassification effects.

B. Early Warning Systems (EWS) Framework

The RBI's mandatory EWS framework, implemented from July 2024, establishes a comprehensive
detection mechanism for advance-related frauds. The system operates through three indicator categories:
financial indicators (fund siphoning, round-tripping, high-value cash transactions), operational indicators
(auditor changes, ghost inventory detection), and external indicators (adverse media monitoring, statutory
default tracking). The detection flow architecture is illustrated in Fig. 1.

Fig. 1. Early Warning System (EWS) Detection Flow
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Fig. 1. Early Warning System (EWS) Detection Flow — Multi-stage detection process from indicator
identification through fraud classification.



TABLE III: EWS INDICATOR CLASSIFICATION

Category Indicator Detection Method Threshold

Financial Fund Siphoning Transaction pattern >50% to related parties
analysis

Financial Round-Tripping Circular flow detection | >3 layers in 30 days

Financial High-Value Cash Cash withdrawal ratio >40% of loan amount

Operational Auditor Changes Regulatory filing >2 changes/year
tracking

Operational Ghost Inventory Physical audit >20% variance
discrepancy

External Adverse Media News monitoring (ED, | Automated alerts
CBI)

External Statutory Default GST/PF compliance >90 days overdue
check

C. Financial Fraud Risk Indicator (FRI)

Launched in May 2025, the FRI represents a collaborative intervention between RBI and the Department of
Telecommunications, providing real-time risk scoring for mobile-based transactions. The system integrates
data from five primary sources: NCRP (fraud complaints), Chakshu (citizen reports), bank intelligence
systems, telecom records, and 14C coordination data. The system architecture is illustrated in Fig. 2.
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Fig. 2. Financial Fraud Risk Indicator(FRI) System Architecture

. »  CLEAN(0-299)

(Cybercrime) Normal

CHAKSHU

(Reports)

MEDIUM(300-500)
FINANCIAL FRAUD RISK > Alert
INDICATOR

BANK INTEL >

HIGH(501-700)

Verify

«| VERY HIGH(701+)

g BLOCK

Y

BANK API INTEGRATION
Real-Time Score Check (<100ms)

Fig. 2. Financial Fraud Risk Indicator (FRI) System Architecture — Data sources, processing layer, and
output classification for mobile-based risk scoring.



TABLE IV: FRI RISK CLASSIFICATION AND ACTIONS

Risk Level Score Range Action Transaction Impact

Clean 0-299 Normal processing No intervention

Medium 300-500 Alert to customer Proceeds with warning

High 501-700 Enhanced verification OTP + biometric
required

Very High 701-1000 Transaction declined Blocked automatically

D. Central Fraud Registry (CFR)

The CFR functions as a centralized database enabling systemic transparency and debarment tracking. All
regulated entities must query the registry before account opening, credit sanction, and beneficiary
additions. The operational workflow is illustrated in Fig. 3.

Fig. 3. Central Fraud Registry (CFR) Workflow
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Fig. 3. Central Fraud Registry (CFR) Workflow — Five-stage process from fraud classification to systemic
debarment.



E. MuleHunter.Al: Technical Architecture and Performance

The Reserve Bank Innovation Hub developed MuleHunter.Al as an infrastructure-level detection system
targeting money mule accounts—accounts used to receive and transfer illicit funds. The system employs a
multi-model ensemble architecture combining supervised classification (XGBoost, Random Forest),
unsupervised anomaly detection (Isolation Forest), and network analysis (Graph Neural Networks). The
technical architecture is illustrated in Fig. 4.

Fig. 4. MuleHunter.Al System Architecture
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Fig. 4. MuleHunter. Al System Architecture — ML ensemble detection engine with data ingestion, model
processing, and output layers.

TABLE V: MULEHUNTER.AI BEHAVIORAL PATTERNS (19 INDICATORS)

Pattern ID Indicator Detection Logic Weight

Pl Sudden Activation Dormant >90 days to High
Large deposit

P2 High-Velocity Layering | >5 outgoing in <1 hour | High

P3 Temporal Anomaly 11PM-1AM peak Medium
activity

P4 Profile Mismatch Student to Business High
volume




PS5 Device Multiplicity >3 bank apps on 1 Medium
device

P6 Foreign IP Access Non-Indian IP for High
Indian account

P7 Round Transactions In approx Out within 24 | High
hours

P8 Multiple Beneficiaries >50 new Medium
beneficiaries/month

P9 ATM Cash Pattern >80% withdrawal post | Medium
credit

P10 Emulator Detection Rooted/emulator device | Critical

P11 SIM Swap History Recent SIM change Critical

P12 Account Age <3 months old Low

P13 Balance Pattern Maintained near zero Low

P14 Geographic Mismatch KYC vs transaction Medium
location

P15 Contact Network Linked to flagged High
accounts

P16 Merchant Pattern New merchants, same Medium
MCC

P17 Referral Chain Multi-level referral Medium
deposits

P18 UPI Velocity >100 UPI txns/day Medium

P19 Withdrawal Ratio >90% withdrawal of High
deposits

The performance comparison between traditional rule-based systems and MuleHunter.AI demonstrates
significant improvements, as shown in Table VI.

TABLE VI: MULEHUNTER.AI PERFORMANCE METRICS

Metric Traditional Systems MuleHunter.Al Improvement
True Positive Rate 60-70% 90-95% +30%

False Positive Rate 15-20% 2-3% -85%
Detection Speed Days/Weeks <18 minutes 99% faster
Cross-Bank Visibility No Yes Infrastructure
Pattern Coverage 5-10 rules 19 patterns Comprehensive
Banks Adopted N/A 23+ (2025) Growing

F. Digital Payments Intelligence Platform (DPIP)

Launched April 2025, DPIP provides comprehensive digital fraud protection with real-time risk scoring.
The architecture processes 200+ variables per transaction within 100 milliseconds, enabling intervention
before transaction completion. Table VII presents the NPCI FRM system components.

TABLE VII: NPCI FRM SYSTEM COMPONENTS

Component Technology Function Latency

Primary Classifier XGBoost + Random Supervised <50ms
Forest classification

Anomaly Detector Isolation Forest Unsupervised detection | <30ms

Network Analyzer Graph Neural Networks | Transaction mapping <20ms

Feature Store Redis (In-Memory) User feature retrieval <lms

Model Server NVIDIA TensorRT GPU inference <10ms




V. DISCUSSION
A. The 21-Day Natural Justice Framework

The RBI's Master Directions mandate procedural fairness in fraud classification through a structured 21-
day natural justice framework. This ensures legal bulletproofing while maintaining enforcement capacity,
addressing Supreme Court observations regarding 'civil death' consequences of fraud labeling. The
framework requires banks to issue show cause notices, allow borrower response within 21 days, and obtain
board-level approval before classification. The process flow is illustrated in Fig. 5.

Fig. 5. 21-Day Natural Justice Framework Process Flow
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Fig. 5. 21-Day Natural Justice Framework Process Flow — Procedural requirements for fraud
classification including show cause notice and board-level decision.

TABLE VIII: FRAUD CLASSIFICATION TIMELINE

Stage Duration Maximum Days
Red Flag Investigation Internal 30

Show Cause Notice Issue Immediate 0

Response Window Borrower right 21

Board Decision Internal 7




RBI Reporting Mandatory 14

Total Maximum 72

B. Recovery and Compensation Mechanisms

Analysis of recovery mechanisms reveals substantial gaps. While digital/internet fraud shows a 47.5%
recovery rate, legacy cases remain under investigation with no recovered amounts reported. The proposed
compensation framework addresses small-value digital fraud with up to Rs 25,000 compensation for
verified cases, subject to investigation timelines.

TABLE IX: AMOUNT RECOVERY STATUS

Category Amount Involved (Rs Amount Recovered (Rs | Recovery Rate
Cr) Cr)

Total Reported Fraud | 34,771 Data pending -

Digital/Internet Fraud | 101.8 48.37 47.5%

Legacy Cases (122) 18,674 Investigation ongoing -

Fresh Fraud (FY25) 17,340 Data pending -

C. FREE-AI Framework for Ethical Deployment

The Framework for Responsible and Ethical Enablement of Al (FREE-AI), released in August 2025,
establishes seven guiding principles ('Seven Sutras') for Al deployment in financial services. These
principles—trust as foundation, people-first design, innovation over restraint, fairness and equity,
accountability, understandability, and safety—provide a governance framework ensuring that technological
advancement proceeds within ethical boundaries.

TABLE X: FREE-AI FRAMEWORK - SEVEN SUTRAS

Sutra Principle Implementation Requirement

1 Trust is the Foundation Transparent, reliable systems

2 People First Human judgment augmentation

3 Innovation over Restraint Bold, socially useful innovation

4 Fairness and Equity Bias testing, representative data

5 Accountability Institution responsible for Al
decisions

6 Understandable by Design Interpretable models, no black-
box

7 Safety, Resilience, Sustainability | Cyber-secure, adaptable systems

D. Comparative Implementation: Public vs. Private Banks

Sectoral analysis reveals significant disparities in Al adoption maturity. Private banks demonstrate higher
Al maturity scores and real-time scoring capabilities, while public sector banks bear disproportionate
exposure to high-value advance-related frauds. Table XI presents the comparative implementation status.

TABLE XI: BANK-WISE MULEHUNTER.AI IMPLEMENTATION (2025)

Bank Type Implementation Reported Accuracy

Canara Bank Public Live 95%




Punjab National Bank | Public Live 90%+

Bank of Baroda Public Live 90%+

Bank of India Public Live 90%+

AU Small Finance Private Live Data pending
Bank

Federal Bank Private Advanced Stage Data pending

E. Infrastructure Requirements for Real-Time Detection

The system infrastructure for processing 73,000+ requests per second requires significant computational
resources. The architecture must support sub-100ms latency while maintaining high availability. Fig. 6
illustrates the infrastructure components required for real-time fraud detection.

Fig. 6. System Infrastructure for Real Time Fraud Detection
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Fig. 6. System Infrastructure for Real-Time Fraud Detection — Compute, memory, storage, streaming, and
deployment layers for processing 73,000+ requests per second.

VI. CHALLENGES AND FUTURE DIRECTIONS
A. Remaining Detection Gaps

Despite achieving 90-95% detection accuracy, residual gaps remain. Analysis of missed cases identifies
four primary categories: sleeping mules (dormant accounts with no behavioral baseline, ~40% of misses),
low-velocity scams (small amounts with normal patterns, ~30% of misses), human manipulation (coached
victim behavior, ~20% of misses), and first-time fraud (no historical signature, ~10% of misses). These
gaps necessitate continued model refinement and novel detection approaches.

TABLE XII: DETECTION GAP ANALYSIS

Gap Category Description Detection Rate Mitigation

Sleeping Mules Dormant accounts with | ~40% of misses Behavioral baseline
no history

Low-Velocity Scams | Small amounts, normal | ~30% of misses Pattern diversity
patterns

Human Manipulation | Coached victim ~20% of misses Behavioral biometrics
behavior

First-Time Fraud No historical signature | ~10% of misses Anomaly detection

B. Technological Evolution: HaRBInger 2024 Hackathon

The RBI's HaRBInger 2024 hackathon identified four promising solutions for addressing remaining gaps:
OneRadar (real-time prediction with color-coded alerts), Tokenized KYC (blockchain-based identity
verification), Behavioral Biometrics (AI/ML device analysis), and Mule Detection (cross-bank analysis for
money laundering prevention). These innovations represent the next frontier in fraud detection technology.

TABLE XIII: HARBINGER 2024 HACKATHON SOLUTIONS

Solution Provider Technology Application
OneRadar FPL Technologies Real-time prediction + | Customer feedback
alerts integration
Tokenized KYC NapID Cybersec Blockchain tokens Identity theft
prevention
Behavioral Biometrics | VisAst AI/ML device analysis | Device-level
authentication
Mule Detection Epifi Technologies Cross-bank analysis Money laundering
prevention

C. Impact Assessment

The cumulative impact of implemented interventions demonstrates measurable effectiveness. Table XIV
presents the FRI impact during the first six months of operation.

TABLE XIV: FRI IMPACT (FIRST 6 MONTHS)

Metric Value

Potential Losses Prevented Rs 660+ crore




Mobile Numbers Classified Real-time screening

Transactions Screened Real-time

Bank Adoption 100% scheduled banks

Table XV presents the system-wide impact summary across all implemented interventions.

TABLE XV: SYSTEM-WIDE IMPACT SUMMARY

Intervention Accuracy Impact Timeline

EWS 85%+ detection Early loan fraud July 2024
flagging

FRI Real-time risk Rs 660 Cr+ prevented May 2025

CFR Systemic block 5-year debarment Continuous

MuleHunter. Al 90-95% TP 20,000+ 2025
accounts/month

DPIP <100ms scoring Real-time blocking April 2025

VII. CONCLUSION

This research demonstrates that India's financial fraud mitigation framework represents a comprehensive
transition from reactive post-facto investigation to predictive real-time prevention. The integration of Early
Warning Systems for loan-related fraud, Financial Fraud Risk Indicator for mobile-based risk assessment,
Central Fraud Registry for systemic debarment, and MuleHunter.Al for mule account detection constitutes
a multi-layered defense architecture achieving measurable security outcomes.

The 90-95% detection accuracy achieved by Al-driven systems, combined with Rs 660 crore in prevented
losses during FRI's initial six months, validates the technological approach while highlighting remaining
challenges. The detection gap analysis reveals opportunities for improvement in behavioral baseline
establishment, pattern diversity enhancement, and integration of behavioral biometrics for human
manipulation detection.

From a career perspective, this analysis contributes to the understanding of production-scale ML
deployment in financial services. The technical architecture—combining ensemble methods (XGBoost,
Random Forest), unsupervised learning (Isolation Forest), and network analysis (Graph Neural
Networks)—demonstrates practical implementation patterns applicable across FinTech contexts. The
FREE-AI Framework's ethical guidelines provide a governance template for responsible Al deployment in
sensitive financial applications.

Future research directions include investigation of federated learning approaches for cross-bank model
training without data sharing, integration of large language models for semantic analysis of transaction
narratives, and development of explainable Al frameworks for regulatory compliance. The findings
presented herein provide a foundation for continued advancement in financial security infrastructure.
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