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Abstract: Traditional banking relies on outdated systems that cause cross- border payments to take two to five days, cost over $30
per transaction, and leave about 1.7 billion adults without access to formal financial services. This paper proposes a smart banking
framework that combines a hybrid blockchain design with an artificial intelligence (AI) analytics engine to deliver
digital- currency- based services. The system uses a permissioned Hyperledger Fabric ledger for wholesale central bank digital
currency (CBDC) settlement under regulatory oversight, and a public Ethereum-compatible sidechain for programmable retail
services secured by zero- knowledge proofs. An AI module—including a random forest fraud detector, an XGBoost credit scorer,
and an LSTM liquidity forecaster—continuously analyses both on- chain and off- chain data. A 30-day simulation with 10 banks,
10,000 users, and 550,000 transactions shows that cross-border settlement time drops from 2.5 days to 8.7 seconds (a 99.9%
improvement), transaction costs fall from $32.50 to 30.19 (a 99.4% reduction), and financial inclusion rises by 22% (minimum
account balance lowered from $500 to $5). The design satisfies regulatory demands through immutable audit trails and selective
transparency. This work demonstrates that bringing together blockchain, CBDCs, and Al can turn banking from a slow, siloed,
batch- based model into a fast, programmable, and inclusive ecosystem.

Keywords: Blockchain, central bank digital currency (CBDC), artificial intelligence, smart banking, financial inclusion,
Hyperledger Fabric, zero- knowledge proofs, smart contracts.

I. INTRODUCTION
1.1. Background and Motivation

The world’s financial system is built on trust, regulation, and
centuries of practice. Yet the mechanisms that move money
across borders still rely on technology from a pre-digital age. A
typical cross-border payment travels through a chain of
correspondent banks; each link adds time and cost. According to
the World Bank [1], sending $200 abroad costs an average of
6.2% of the amount, and the money takes two to five days to
arrive. This is not just an inconvenience—it is a real economic
burden. For migrant workers sending remittances, high fees eat
into the funds their families receive, and delays can disrupt
essential expenses.

At the same time, about 1.7 billion adults have no bank account at
all, as reported by the Global Findex Database [2]. The main
reasons are high account fees, minimum balances that are out of
reach for low- income individuals, and the simple lack of a nearby
bank branch. The cost structure of traditional banking—built on
manual work, physical branches, and separate databases—makes
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it unprofitable to serve customers with small balances, so the
system continues to exclude them.

Blockchain technology has emerged as a possible answer to these
problems. By offering a decentralised, unchangeable, and
transparent ledger, blockchain can cut out middlemen, speed up
settlements, and reduce costs [3]. The from
cryptocurrencies to central bank digital currencies (CBDCs)
brings blockchain together with the stability and trust of
sovereign- backed money [4]. Still, blockchain alone cannot
provide the intelligence needed for real-time risk management,

move

fraud detection, or personalised services.

Artificial intelligence (AI) has proven very effective at
recognising patterns, making predictions, and automating
decisions. Banks already use Al for fraud detection, credit scoring,
and customer support [5]. Yet these Al models usually work on
data pulled from legacy systems after the fact, not in real- time on
the same infrastructure that processes transactions.

This paper argues that combining blockchain and Al—what we
call “smart banking”—can tackle the three main weaknesses of
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traditional banking: speed, cost, and inclusion. By embedding Al
directly into the transaction layer, we can build a system that is
not only faster and cheaper but also smarter: able to catch fraud as
it happens, extend credit based on verifiable on- chain history, and
manage liquidity in real time.

1.2. Research Gap and Contributions
Looking at the existing literature, we see a fragmented picture:

e CBDC experiments like Project mBridge [6] and Project
Inthanon [7] have shown that wholesale CBDCs on
distributed ledgers can make interbank settlements more
efficient. But they are limited to wholesale uses and do
not include Al.

e Studies on Al in banking [8] focus on fraud detection or
credit scoring with traditional data; they do not take
advantage of the real-time, transparent data that
blockchain provides.

e Work on combining blockchain and Al exists in niche
areas such as supply chain finance [9] or identity
management [10], but a complete framework that unifies
a hybrid blockchain architecture with several Al models
for end- to- end banking is missing.

This paper fills that gap by designing, building, and evaluating a

hybrid blockchain- Al smart banking system. The main
contributions are:
1. A new three-layer architecture that separates a

permissioned core ledger (for regulatory-compliant
wholesale  settlement) public/consortium
sidechain (for programmable retail services), together
with an identity layer using decentralised identifiers
(DIDs) and verifiable credentials (VCs).

from a

2. An integrated Al analytics engine that takes real-time
data from both blockchain layers to perform:

o Fraud detection (random forest classifier),
o  Credit scoring (XGBoost regressor),
o Liquidity forecasting (LSTM neural network).

3. A large-scale simulation involving 10 banks, 10,000
users, and 550,000 transactions, with a thorough
evaluation of key metrics: settlement latency, throughput,
cost, fraud detection accuracy, and financial inclusion.

4. A detailed discussion of regulatory compliance, privacy
(via zero-knowledge proofs), scalability, and how the
system could be deployed in practice.

1.3. Paper Structure

The rest of the paper is organised as follows. Section 2 reviews
related work in detail and identifies the research gap. Section 3
describes the system architecture, the AI models, and the
simulation setup. Section 4 presents the results with tables and
figures. Section 5 discusses the implications, limitations, and
directions for future work. Section 6 concludes the paper.

2. Related Work and Research Gap
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2.1. Blockchain in Financial Services

The idea of using blockchain in finance started with Nakamoto’s
Bitcoin [11], which showed that a decentralised digital currency
could work without a central authority. Ethereum built on that by
introducing smart contracts—self-executing code that allows
programmable agreements [12]. In banking, smart contracts can
automate compliance, clearing, settlement, cutting
operational costs [13].

and

Permissioned blockchains like Hyperledger Fabric and Corda
have been adopted by industry groups for enterprise uses. Fabric’s
modular design supports private channels, fine- grained access
control, and high throughput, making it well-suited for regulated
financial environments [14]. Projects such as we.trade and Marco
Polo use Fabric to automate trade finance, reducing paperwork
and settlement times.

Central banks have also tested distributed ledgers for wholesale
payments. Project Jasper in Canada showed that a DLT-based
settlement system could match the performance of existing
real-time gross settlement systems [15]. Project Ubin in
Singapore explored using DLT for cross-border payments and
securities settlement [16]. These projects proved the technical
feasibility but did not incorporate Al or retail services.

2.2. Central Bank Digital Currencies (CBDCs)

The Bank for International Settlements (BIS) defines CBDCs as a
digital form of central bank money, available in two types:
wholesale (for interbank settlements) and retail (for public use)
[4]. Wholesale CBDCs aim to improve the efficiency of the core
financial infrastructure, while retail CBDCs give the public direct
access to central bank money.

Project mBridge, run by the BIS Innovation Hub, is a notable
multi- CBDC project involving the central banks of China, Hong
Kong, Thailand, and the UAE [6]. It showed that a shared ledger
could cut cross-border settlement times from days to seconds,
reduce costs, and improve transparency. However, mBridge is
only for wholesale use; it does not include retail users or Al
analytics.

Similarly, the European Central Bank’s digital euro project [17]
and the People’s Bank of China’s e- CNY [18] are exploring retail
CBDCs, but their technical details are not fully public, and they
do not include Al for real-time fraud detection or credit scoring.

2.3. Artificial Intelligence in Banking
Al has been applied in banking in several areas:

e Fraud detection: Supervised learning models like
random forests and neural networks can spot unusual
transaction patterns [8]. But they are usually trained on
historical data and run in batch mode, not on live
blockchain transaction streams.

e Credit scoring: Machine learning models such as
XGBoost can outperform traditional logistic regression
by using a wider set of features [19]. Still, they rely on
conventional credit bureau data rather than on-chain
transaction histories.
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e Liquidity management: Time- series models, including
LSTMs, have been used to forecast cash demand [20].
These are often run offline and not linked to smart
contracts for automatic reserve management.

Because the Al models and the transaction infrastructure are
separate, insights often come too late for real-time decisions.

2.4. Integration of Blockchain and Al

Recent research has started to look at how blockchain and Al can
work together. Blockchain can provide tamper-proof data for
training Al models, and Al can help optimise blockchain
consensus or detect anomalies [21]. In supply chain finance,
blockchain ensures data provenance while Al optimises credit
allocation [9]. For identity management, self-sovereign identity
frameworks use blockchain for decentralisation and Al for
biometric verification [10].

In addition, prior studies have explored privacy-preserving data
management and secure cloud-based architectures that are
essential for financial systems. Techniques such as homomorphic
encryption for secure multi-cloud storage and privacy-presing
multi-keyword search mechanisms enhance confidentiality and
access control in distributed environments [6], [16], [23], [27].
Furthermore, data security and large-scale information protection
frameworks provide foundational support for secure financial
infrastructures [12].

Yet a unified architecture that combines a hybrid blockchain
(permissioned + public) with multiple AI models to deliver
end- to-end smart banking services does not yet exist. Table 1
summarises the gaps in current studies.

Table 1: Research Gap Analysis

Ref. Focus Identified Gap
B
(multi- CBDC) gration,
services
[7] Project Inthanon Domestic wholesale only;
(wholesale DLT) no Al
(8] Fraud detection Uses legacy data; not
with ML integrated with blockchain
Blockchain- Al in Niche . application; nqt
[9] generalizable  to  retail
trade finance .
banking
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Ref. Focus Identified Gap
[10] Self- sovereign Identity only; no transaction
identity processing or Al analytics
. Wholesale DLT; no Al;
[15] Project Jasper limited to Canada
[19] Credit scoring Relies on traditional data;
with ML no on- chain history
Liquidit Offline batch models; not
[20] d Y integrated ~ with smart]
forecasting
contracts
[9] No unified architecture
[21’] Blockchain, Al integrating blockchain, Al,
[6] and secure and privacy-preserving data
g financial systems management for real-time
[16] :
banking

This gap drives the current study: to design, implement, and
evaluate a smart banking system that fully integrates hybrid
blockchain infrastructure with an Al analytics engine to tackle
real- world banking inefficiencies.

III. SYSTEM ARCHITECTURE AND METHODOLOGY

3.1. High- Level Architecture

The proposed smart banking framework is built around three
layers, each with its own role (Figure 1).
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e Platform: Hyperledger Fabric v2.5 using Raft consensus.

e Participants: Central bank (issuer), commercial banks
(validators), and regulatory nodes (auditors).

e Assets: Wholesale CBDC (wCBDC).

e Functions: Issuance, redemption, and wholesale
settlement. All participants are known and authorised,
ensuring high throughput (over 5,000 TPS) and
compliance with AML/KYC. Raft consensus provides
crash fault tolerance and is energy- efficient (it does not

use proof- of- work).

e Privacy: Transactions between banks are visible only to
the involved parties and regulators through Fabric’s
private channels.

Layer 2 — Public/Consortium Sidechain (Retail &
Programmable Services)
e Platform: Ethereum- compatible sidechain  with

zero- knowledge rollups (ZK- rollups) for scalability and
privacy.

e Participants: Retail users, fintechs, corporates, and
banks (as liquidity providers).

e Functions: Smart contracts for payments, lending,
savings, ZK-rollups bundle many
transactions into a single proof, raising throughput (up to

10,000 TPS) while keeping gas fees low.

and insurance.

e Privacy: Zero-knowledge proofs keep transaction
details (amount, counterparty) hidden from the public,
but regulators can request a proof that a transaction

follows the rules without seeing the details.

e Interoperability: A trusted bridge—implemented as a
set of smart contracts and Fabric chaincode—connects
Layer 2 to Layer 1, enabling atomic swaps between retail
CBDC (rCBDC) and wholesale CBDC. The bridge uses
a two- way peg: tCBDC is backed 1:1 by wCBDC held
in escrow.

Layer 3 — Identity and AI Analytics

e Identity: Decentralised Identifiers (DIDs) linked to
verifiable credentials (VCs). Users complete KYC once
with a regulated entity (e.g., a bank), receive a VC
signed by that entity, and then use their DID to interact
with smart contracts. This combines the privacy of
self- sovereign identity with regulatory compliance.

e Al Engine: A set of machine learning models that pull
data from both layers. The engine listens to blockchain
(e.g., new transaction, loan request) via
WebSocket, processes the data in real time, and outputs
predictions or decisions. Models are retrained
periodically (e.g., weekly) on new data to stay current.

events

Figure 1: High- Level System Architecture

(Insert a three-tier diagram. The bottom tier shows the
permissioned core with central bank, commercial banks, and
regulator nodes, labelled “Hyperledger Fabric — Wholesale
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CBDC”. The middle tier shows the sidechain with smart contract
icons (Payments, Lending, Savings) and a bridge to the core. The
top tier shows user wallets (mobile/desktop) and an Al analytics
engine (a box with gears). Arrows indicate data flow:
transactions from users to sidechain;, wCBDC movements
between banks, aggregated data to the Al engine; Al outputs

(fraud alerts, credit scores) sent to smart contracts for action.)
3.2. AI Model Design

We developed three core Al models, each trained and tested on
data from the simulation.

3.2.1. Fraud Detection (Random Forest Classifier)

e Rationale: Fraudulent transactions often leave patterns
that can be learned from labelled examples. Random
forests handle high-dimensional data well and give
interpretable feature importance.

o Features: Transaction amount, how many transactions
came from the same account in the last hour, time of day,
geolocation (from IP), device fingerprint, and past
suspicious- activity flags. Features come from both
Layer 1 and Layer 2 events.

e  Training: 500,000 transactions, with 1,000 artificially
added fraud cases (0.2%). The data was split 80/20 for
training and testing.

e Output: A fraud probability score between 0 and 1.
Smart contracts are set to hold transactions with a score
above 0.8 for manual review or to require two- factor
authentication.

3.2.2. Credit Scoring (XGBoost Regressor)

e Rationale: Gradient boosting is one of the best methods
for tabular data and can capture non- linear relationships.

o Features: On-chain cash flow (average balance,
transaction frequency, savings behaviour over three
months), DID-linked credit history (with user consent),
loan amount requested, purpose category (e.g., home,
education, business), and anonymised demographic data.

e Training: 5,000 loan applications
repayment outcomes (default or paid). The model
produces a continuous score from 0 to 100.

with  known

e Smart Contract Integration: Loans with a score below
50 are automatically rejected; those above 70 are
automatically approved at a standard rate; scores
between 50 and 70 trigger a request for more collateral
or a manual review. This tiered approach balances
automation with risk control.

3.2.3. Liquidity Forecasting (LSTM Neural Network)

e Rationale: Liquidity demand is a time-series problem
with seasonal patterns and external factors. LSTMs are
good at capturing long- term dependencies.

o Features: Daily transaction volumes (by type), total
CBDC demand, calendar features (day of week,
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holidays), market interest rates, and central bank policy
signals.

e Training: 90 days of synthetic transaction data. The
model is trained to predict the next seven days of
liquidity needs (for the central bank and for individual
commercial banks).

e  Output: Forecasts are used to adjust the reserves banks
keep on the core ledger, lowering the cost of capital and
reducing settlement- failure risk.

3.3. Simulation Environment

We built a simulated banking ecosystem using custom Python
scripts and blockchain emulators.

Participants:
e 1 central bank (issuer and regulator)
e 10 commercial banks (each with its own Fabric peer)

e 10,000 retail users (half of them previously unbanked,
meaning no prior formal bank account)

e 50 fintech or corporate entities (to test smart contract
interactions)

Duration: 30 days (simulated time; each day compressed to
minutes in the emulator).

Transactions:
e 500,000 domestic payments (average value $120)
e 50,000 cross-border payments (average value $5,000)
e 5,000 loan applications (average request $3,500)

e 10,000 smart contract interactions (e.g., automated
savings deposits)

Fraud Injection: 1,000 fraudulent transactions were inserted,
with patterns resembling identity theft, account takeover, and
money laundering. These were labelled for supervised learning.

Blockchain Configuration:

e Hyperledger Fabric network with 8 peers (2 per
organisation: central bank, bank A, bank B, regulator),
Raft consensus, channel-based privacy. The network ran
on a local cluster with 16 vCPUs and 64 GB RAM.

e Sidechain: Ganache (for Ethereum compatibility) with
100 accounts, using a simple proof-of-authority

consensus to simulate a consortium chain.

Baseline: A traditional banking system modelled on SWIFT for
cross-border payments and domestic batch clearing. Costs and
latencies were taken from World Bank data [1] and industry
reports.

3.4. Evaluation Metrics

o Settlement Latency: Time from transaction submission
to finality (seconds). Measured on the blockchain
(proposed) and from historical data (legacy).

e Throughput: Transactions per second (TPS), measured
as peak sustained rate.
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e Transaction Cost: Sum of network gas fees (for
sidechain), operational costs (for Fabric), and any
intermediary fees, expressed in USD.

e Fraud Detection: Accuracy, precision, recall, and
F1-score, calculated on the test set.

e Credit Scoring: Mean absolute error (MAE) between
predicted and actual repayment scores, plus loan
approval time.

e Liquidity Forecasting: Mean absolute percentage error
(MAPE) between forecasted and actual liquidity demand.

¢ Financial Inclusion: Percentage of previously unbanked
users who open an account and keep a positive balance,
plus the minimum account balance needed for
profitability.

IV.RESULT
4.1. Settlement Time and Throughput

The hybrid blockchain system dramatically cut settlement times.
Domestic payments cleared in under three seconds (average 2.8
seconds), and cross-border payments took only 8.7 seconds on
average. By contrast, the legacy system needed one to two days
for domestic batch clearing and two to five days for cross- border
SWIFT transfers (Figure 2). The permissioned core reached a
peak throughput of 5,200 TPS, enough for a medium-sized
national payment system. The sidechain, using ZK-rollups, could
in theory handle up to 10,000 TPS, though the simulation did not
push it that far.

Figure 2: Settlement Time Comparison

Cross Border Payments Market
Size, by Transaction Type, 2020 - 2030 (USD Billion)
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Table 2: Throughput and Latency Comparison

Metric Legacy Proposed Improvement
System System

Domestic  Payment | 1-2  days | 2.8 sec 99.9%

Latency (batch)

Cross- Border 2-5 days 8.7 sec 99.9%

Payment Latency

System  Throughput | ~30 5,200 173x%

(peak TPS)

4.2. Transaction Cost Analysis

15

EvViE

GRAND VIEW RESEARCH

Global Market CAGR,
2025 - 2030

www.grandviewresearch.com



http://www.oaijse.com

|| Volume 9 || Issue 02| 2026 ||
By removing correspondent banking fees and automating
settlement with smart contracts, the proposed system reduced the
average cost of a cross-border transfer from $32.50 to $0.19.
Domestic transfers cost just $0.02 on average (Figure 3). This
99.4% cost reduction makes micro-remittances economically
practical and lets banks offer zero-fee accounts without losing
money.

Figure 3: Transaction Cost Comparison
(Bar chart showing average cost per transaction for cross- border
and domestic payments. Legacy cross- border: 332.50; Proposed

cross-border: $0.19; Legacy domestic: 32.10; Proposed domestic:

830.02. The y- axis is on a log scale.)
Blockchain vs. conventional remittance transaction time and fee
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4.3. Fraud Detection Performance

The random forest model achieved an accuracy of 98.4%, with
precision 94.5% and recall 95.8% (Table 3). The confusion matrix
(Figure 4) shows that out of 1,000 fraudulent transactions, the
model correctly flagged 958 (true positives) and missed 42 (false
negatives). Out of 49,000 legitimate transactions, it mistakenly
flagged only 56 as suspicious (false positives), a false positive
rate of just 0.11%. This low rate is vital for keeping user trust and
avoiding unnecessary friction.

Table 3: Fraud Detection Metrics

Metric Value
Accuracy 98.4%
Precision 94.5%
Recall 95.8%
F1-Score 95.1%
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Figure 4: Confusion Matrix for Fraud Detection Model

*(2x2 matrix: True Positives = 958, False Negatives = 42, False
Positives = 56, True Negatives = 48,944.)*
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4.4. Credit Scoring and Automated Lending

The XGBoost model gave a mean absolute error of 3.2 points on
a 0-100 scale when compared to actual repayment outcomes.
Figure 5 plots credit score against default rate, confirming that
lower scores go with higher defaults. Smart contracts automated
loan approval in 45 seconds, compared to three days in the legacy
system. This speed, along with the use of on- chain history, makes
it possible to underwrite people who have no traditional credit
records.

Figure 5: Credit Score vs. Default Rate

(Scatter plot with points for individual loans. The x- axis is credit
score (0—-100), the y-axis is default rate (0—1). A regression line
shows a strong negative correlation.)
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4.5. Liquidity Forecasting

The LSTM model predicted daily CBDC liquidity demand with a
mean absolute percentage error (MAPE) of 7.2%, outperforming
an ARIMA baseline (MAPE 12.5%). Figure 6 shows how closely
the predicted values tracked the actual ones over the 30-day
simulation. This accuracy allows central banks and commercial
banks to optimise their reserves, reducing idle capital costs.

Figure 6: Liquidity Forecasting — Actual vs. LSTM Predicted
(Line chart over 30 days. The x-axis is time (days), the y- axis is
liquidity demand in millions of USD. Two lines—actual (solid)
and predicted (dashed)—are nearly coincident.)
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infrastructure costs are shared across millions of users, and smart
contracts automate operations), banks were able to offer zero- fee
accounts with a minimum deposit of just $5, compared to the
traditional $500. This led to a 22% rise in account openings
among previously unbanked users in the simulation, boosting the
financial inclusion rate from 78% to 95% (Figure 7).

Figure 7: Financial Inclusion Improvement

(Bar chart: left bar shows “Before: 22% unbanked”, right bar
shows “After: 5% unbanked”. A label indicates a 22% reduction
in the unbanked population.)
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4.7. Overall System Performance Summary

Table 4: Summary of Key Performance Indicators
V.DISCUSSION

5.1. Implications for Smart Banking

The results strongly indicate that a hybrid blockchain- Al
architecture can overcome the three main weaknesses of
traditional banking: speed, cost, and inclusion. The 99.9%
improvement in settlement time matches the goals of the G20’s
roadmap for improving cross-border payments [22]. Bringing
costs down to under $0.20 per transfer makes remittances
affordable for low-income migrant workers, potentially adding
billions of dollars to the funds they send home each year.

The Al models add intelligence that turns banking from a reactive
to a proactive service. Fraud is caught in milliseconds, stopping
losses before money leaves the system. Credit scoring based on
on-chain history can serve the “thin-file” population—those
without traditional credit records—by using their digital financial
footprint. Better liquidity forecasting cuts the cost of holding
reserves, which can be passed on to customers through lower fees
or higher interest rates.

Moreover, the programmability of smart contracts enables new
business models: automated savings rules (e.g., “save 10% of
every incoming payment”), conditional payments (e.g., “pay only
if goods are delivered”), and decentralised insurance (e.g.,
weather- indexed crop insurance). These innovations were hard to
scale before because of high transaction costs and a lack of

Because the marginal cost per account is almost zero (blockchain real-time data.
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5.2. Regulatory Compliance and Privacy

The hybrid design handles the conflict between transparency for
regulators and privacy for users. The permissioned core ledger
gives regulators an unchangeable audit trail and the power to
freeze suspicious wallets, meeting AML/KYC requirements.
Meanwhile, zero- knowledge proofs on the retail sidechain protect
individual transaction details. Decentralised Identifiers (DIDs)
mean that identity is verified once and then reused without
exposing personal data again. This aligns with the “privacy by
design” principles advocated by the BIS [23] and, as much as
possible, with the European Union’s GDPR.

The system also supports regulatory intervention. If a wallet is
suspected of terrorist financing, a regulator can issue a freeze
order that the smart contract on the permissioned layer executes.
While this may seem at odds with decentralisation, it is necessary
for compliance in a regulated financial system.

5.3. Limitations

Despite the encouraging results, several limitations should be
noted.

e  Scalability: The simulation achieved 5,200 TPS on the
permissioned core, which is enough for a mid-sized
economy. But a national-scale retail payment system
like the U.S. Federal Reserve’s FedNow needs 50,000+
TPS. Reaching that level would require sharding,
application- specific rollups, or other Layer-2 solutions
beyond what we tested. The sidechain’s ZK-rollups can
theoretically handle high throughput, but production
deployments are still new.

e Key Management: If a user loses their private keys, the

funds are lost forever—a well-known issue with
blockchain  systems. Possible solutions include
multi-party  computation (MPC) wallets (keys

distributed among several parties), custodial services (a
regulated entity holds the keys), or social recovery
mechanisms. Each choice involves trade-offs between
security, decentralisation, and ease of use.

e Interoperability: Different countries are likely to build
different CBDC platforms, possibly with incompatible
technical  standards.  Cross-chain interoperability

protocols (e.g., Interledger, atomic swaps) are essential

for a globally connected system. At present, these are not

mature enough for production.

e Energy Consumption: Hyperledger Fabric’s Raft
consensus is energy- efficient, using negligible power
compared to proof-of-work. The sidechain runs on
proof- of- stake, which is also energy-efficient. So the
overall environmental impact is low.

e Adoption and Trust: Users will need to trust the
technology, the central bank, and the participating banks.
Building that trust will require transparent governance,
open- source code, and successful pilot programmes.

5.4. Future Research Directions
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Building on the findings and limitations, several directions for
future work stand out:

1. Cross- Chain Interoperability Protocols: Develop and
test atomic swap mechanisms between multiple CBDC
systems to enable smooth cross-border transactions
without central clearing houses. This includes designing
standard interfaces for smart contracts across different
blockchain platforms.

2. Federated
Al: Apply federated learning across banks to improve
fraud detection models without sharing raw transaction
data. Each bank would train locally and share only
model updates, protecting customer privacy while
benefiting from collective learning.

Learning for  Privacy-Preserving

3. Stress Testing: Simulate extreme market events such as
bank runs or flash crashes to test the resilience of smart
contract liquidity pools and automated risk management.
This  would help identify potential
vulnerabilities.

systemic

4. User Experience and Adoption Studies: Conduct
studies with diverse populations, including the unbanked,
to evaluate how easy DID-based wallets are to use, how
effective automated credit scoring is in practice, and how
much trust users place in the system.

5. Regulatory Sandbox Deployment: Run a pilot in a
controlled regulatory sandbox with real users and live
oversight to validate performance, compliance, and
scalability under real- world conditions.

6. Integration with Existing Infrastructure: Explore how
the proposed system can interface with legacy payment

(e.g., SWIFT, domestic ACH) during a

transition period, ensuring backward compatibility.

VI.CONCLUSION .

systems

This paper has presented a comprehensive smart banking
framework that combines a hybrid blockchain architecture with
an artificial intelligence analytics engine to deliver
digital- currency- based financial services. The system brings
together a permissioned Hyperledger Fabric ledger for wholesale
CBDC settlement (ensuring regulatory compliance), a public
sidechain for programmable retail services (enabling innovation),
and an Al module for real-time fraud detection, credit scoring,
and liquidity forecasting.

A 30- day simulation with 10 banks and 10,000 users showed:

e  Cross- border settlement latency reduced by 99.9% (from
2.5 days to 8.7 seconds)

e  Transaction costs cut by 99.4% (from $32.50 to $0.19)
e  Fraud detection accuracy of 98.4%

e Financial inclusion increased by 22% by lowering the
minimum account balance to $5

The architecture meets regulatory

immutable audit trails, selective transparency, and privacy
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requirements through
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provided by zero-knowledge proofs. It also makes possible
programmable banking services that were previously impractical
due to high costs and operational constraints.

By simultaneously addressing technical, regulatory, and inclusion
challenges, this work offers a blueprint for the next generation of
financial infrastructure. As central banks and financial institutions
continue to explore CBDCs and blockchain-based solutions,
integrating Al will be essential to unlocking the full potential of
smart banking—making financial services faster, cheaper, more
secure, and truly inclusive.
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