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ABSTRACT

The increasing complexity of personal financial
management and regulatory requirements has created a
strong demand for intelligent and automated
compliance solutions. This paper presents LEDGERA,
an intelligent framework designed to automate personal
financial accounting, compliance monitoring, and
advisory artificial  intelligence
techniques.

LEDGERA maintains a smart digital ledger that
automatically categorizes financial transactions using
TF-IDF-based text representation and supervised
learning models.

services  using

The system also supports intelligent document
processing through Optical Character Recognition
(OCR), enabling automated extraction and validation of
financial data from invoices and receipts. Furthermore,
LEDGERA performs comparative tax analysis under
multiple tax regimes and recommends the optimal
option based on income structure and eligible
deductions. Interactive dashboards provide visual
insights into spending trends, compliance status, and
advisory outcomes to support informed decision-
making.

Overall, LEDGERA demonstrates how artificial
intelligence can transform traditional personal
accounting into an intelligent, compliance-oriented
advisory framework. The proposed approach enhances
accuracy, reduces manual effort, and improves financial
transparency, making it suitable for modern automated
financial management applications.

Keywords:-  Artificial Financial
Compliance, Intelligent Accounting Systems, Machine

Intelligence,

Learning, Anomaly Detection.

1.INTRODUCTION

The rapid digitalization of financial services and the
increasing complexity of regulatory frameworks have
significantly changed the way individuals manage
personal finances. Traditional personal accounting
practices, which rely on manual record keeping or basic
financial applications, are often inefficient, error-prone,
and lack real-time compliance intelligence. As financial
transactions grow in volume and diversity, individuals
face challenges in maintaining accurate financial
records, ensuring regulatory compliance, and making
informed financial decisions without continuous
professional assistance.

Artificial Intelligence (Al) has emerged as a powerful
enabler in the financial technology (FinTech) domain,
offering capabilities such as automation, predictive
analytics, and intelligent decision support. Machine
learning, natural language processing, and data
analytics have been widely adopted to automate expense
analysis, identify hidden patterns in financial data, and
provide proactive financial insights. Despite these
advancements, most existing personal finance tools
focus primarily on expense tracking and visualization,
with limited support for automated compliance auditing,
document intelligence, and advisory decision-making.

Personal financial compliance and tax planning remain
complex due to frequent policy updates, multiple tax
regimes, and evolving regulatory requirements.
Individuals often depend on professional chartered
accountants for budgeting, auditing, and tax
optimization, resulting in increased cost and time
consumption. There is a growing need for intelligent
systems that can bridge this gap by providing
automated, accurate, and accessible financial advisory
services.
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To address these challenges, this paper proposes
LEDGERA, an intelligent Al-driven framework for
automated financial compliance and advisory. The
proposed system integrates machine learning-based
transaction categorization, real-time budget monitoring,
anomaly detection for audit intelligence, document
processing using Optical Character Recognition (OCR),
and comparative tax optimization. By unifying
accounting, compliance, and advisory functionalities
into a single platform, LEDGERA aims to enhance
financial transparency, reduce manual effort, and
support informed decision-making for individuals.

2. LITERATURE REVIEW

Recent advancements in financial technology have led
to the development of various digital tools for personal
financial ~management, expense tracking, and
budgeting. Early personal finance systems primarily
focused on manual data entry and basic visualization,
offering limited automation and minimal decision-
support capabilities. While these systems improved
financial awareness, they lacked intelligent mechanisms
for compliance monitoring and advisory functions.

Machine learning techniques have been increasingly
applied to automate expense categorization and
financial analysis. Supervised learning models such as
Naive Bayes, Support Vector Machines, and ensemble
classifiers have demonstrated effectiveness in
classifying financial transactions based on textual
descriptions. These approaches significantly reduce
manual effort; however, most studies emphasize
classification accuracy without integrating real-time
budget compliance or audit-oriented intelligence.

Anomaly detection methods have also been explored for
identifying  fraudulent or irregular  financial
transactions. Statistical models and unsupervised
learning techniques such as Isolation Forests and
clustering-based approaches have shown promise in
detecting abnormal spending patterns. Nevertheless,
existing research primarily targets corporate fraud
detection or banking systems, with limited focus on
personal financial compliance and continuous audit
readiness.

The application of natural language processing (NLP)
and computer vision in financial systems has gained
attention in recent years. NLP-based techniques such as
TF-IDF and word embeddings have been used to
analyze transaction descriptions, while Optical
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Character Recognition (OCR) has enabled automated
extraction of data from invoices and receipts. Although
these methods improve data accuracy and automation,
their integration into a unified personal financial
compliance framework remains limited.

Tax advisory and optimization systems have
traditionally relied on rule-based engines or expert
systems. While these systems provide structured
recommendations, they often lack adaptability to
dynamic financial data and do not offer personalized,
real-time advisory insights. Existing personal finance
applications also tend to treat accounting, compliance,
and advisory services as separate functionalities rather
than a cohesive solution.

From the reviewed literature, it is evident that there is a
research gap in developing an integrated, Al-driven
personal financial framework that combines automated
accounting, compliance monitoring, anomaly detection,
document intelligence, and advisory decision support.
The proposed LEDGERA framework addresses this gap
by unifying these components into a single intelligent
system designed to enhance financial transparency,
accuracy, and regulatory compliance.

3. METHODOLOGY

The proposed methodology of LEDGERA follows a
modular and data-driven approach to automate personal
financial management with a focus on compliance
monitoring and advisory intelligence. The framework
integrates machine learning, natural language
processing, anomaly detection, and document
intelligence to process financial data accurately and in
real time.

3.1 Data Acquisition and Storage

User financial data, including income details,
transaction descriptions, transaction dates, and amounts,
are collected through a secure user interface. All records
are stored in a structured digital ledger implemented
using a relational database, enabling efficient retrieval,
auditability, and historical analysis.

3.2 Transaction Preprocessing and Classification

Transaction descriptions are preprocessed using
standard NLP techniques such as text normalization,
tokenization, and stop-word removal. The processed
text is converted into numerical feature vectors using
the Term Frequency—Inverse Document Frequency
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(TF-IDF) technique. A supervised machine learning
classifier is then applied to automatically categorize
each transaction into predefined expense categories,
minimizing manual effort and improving consistency.

3.3 Budget Monitoring and Compliance Evaluation

Users define budget thresholds for each expense
category. The system continuously computes
cumulative expenditures and evaluates budget
compliance by comparing actual spending against
predefined limits. When spending exceeds the
threshold, real-time alerts are generated to notify users,
promoting  financial discipline and proactive
compliance.

3.4 Anomaly Detection for Audit Intelligence

To identify irregular or potentially non-compliant
transactions, an anomaly detection model analyzes
transaction amounts and temporal behavior.
Transactions that deviate significantly from normal
spending patterns are flagged and highlighted for audit
review, enhancing transparency and fraud awareness.

3.5 Document Intelligence and Validation

Financial documents such as invoices and receipts are
processed using Optical Character Recognition (OCR)
to extract relevant transaction information. Extracted
data are validated against ledger entries to ensure
accuracy and consistency, thereby reducing manual data
entry errors.

3.6 Tax Analysis and Advisory Logic

Annual taxable income is computed based on
categorized expenses and eligible deductions. Tax
liabilities under multiple tax regimes are calculated, and
the optimal regime is recommended based on
comparative analysis. This enables intelligent and
personalized tax advisory support.

3.7 Visualization and Decision Support

Processed data, compliance alerts, and advisory insights
are presented through interactive dashboards and visual
analytics. These visualizations assist users in
understanding financial trends, compliance status, and
the long-term impact of financial decisions.

4. EXISTING SYSTEM

Existing personal financial management systems
mainly rely on manual record keeping or basic digital
tools such as spreadsheets and simple expense trackers.
These systems require manual entry and categorization
of transactions, making them time-consuming and prone
to errors, which affects data accuracy and consistency.

Most available finance applications focus on expense
visualization and periodic summaries, offering limited
automation and no real-time compliance monitoring.
Budget tracking is generally static, with minimal alert
mechanisms for overspending. Fraud and anomaly
detection capabilities are largely absent or depend on
manual review, providing limited support for
identifying irregular transactions.

Tax planning and advisory services are either rule-based
or require professional consultation, lacking
personalization and real-time adaptability. Additionally,
financial documents such as invoices and receipts must
be manually processed, increasing the risk of data
inconsistency. Overall, existing systems offer
fragmented financial management due to the lack of
integrated artificial intelligence and proactive decision-
support features.

5. PROPOSED SYSTEM

The proposed system, LEDGERA, is an Al-driven
framework designed to automate personal financial
management by integrating accounting, compliance
monitoring, and advisory intelligence into a unified
platform. Unlike existing solutions, LEDGERA
leverages artificial intelligence to reduce manual effort,
enhance accuracy, and provide real-time financial
insights.

The system automatically records and categorizes
financial transactions using machine learning and
natural language processing techniques. Real-time
budget monitoring continuously compares expenditures
against predefined thresholds and generates proactive
alerts to enforce financial discipline. An integrated
anomaly detection module identifies irregular or
potentially non-compliant transactions, improving audit
readiness and financial transparency.

LEDGERA also incorporates document intelligence
through Optical Character Recognition (OCR) to extract
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and validate financial data from invoices and receipts,
minimizing manual data entry

6. IMPLEMENTATIONS

6.1 System Architecture
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Fig 1:System Architecture

The proposed system begins with data ingestion through
multiple sources, including manual user input, bank API
synchronization, and financial documents such as
receipts and statements. Using OCR and document
parsing techniques, unstructured data is normalized into
structured financial records and securely stored in a
local database.

Transaction descriptions are then analyzed using NLP-
based machine learning models to perform automatic
expense categorization. Categorized transactions are
continuously compared against user-defined budget
thresholds, triggering real-time alerts when spending
limits are exceeded.

An anomaly detection engine evaluates transaction
patterns to identify irregular or potentially non-
compliant activities, supporting audit readiness. In the
final stage, Al-driven advisory modules generate
intelligent insights, tax optimization recommendations,
and visual analytics, which are presented through
interactive dashboards and downloadable audit reports.

6.2 Core Components
The system is built upon four primary architectural
pillars that allow it to function as a "virtual agent" for
financial management.
e  Multi-Modal Ingestion Gateway: Acts as the
entry point for all financial data, supporting manual

entry, bank API synchronization, and unstructured
document uploads (JPG receipts or PDF statements).

e Document Intelligence Engine: Combines
Computer Vision (OCR) with parsing libraries like
EasyOCR and PyMuPDF to transform visual data into
structured digital records.

e Cognitive Analysis Core: Houses the primary
machine learning models, including NLP (TF-
IDF/Naive Bayes) for transaction categorization and an
Anomaly Detection Engine (Isolation Forest) for
identifying irregular spending or fraud.

e Advisory & Visualization Tier: Features a
Generative Al module (e.g., Llama-3) that synthesizes
data into a "Generative Audit" and a Regime-Aware Tax
Engine to compare and recommend optimal tax
strategies.

7. RESULT

Recent evaluations of systems utilizing similar
localized Al pipelines (OCR, NLP, and Isolation Forest)
show a significant leap over traditional rule-based
methods:

Experimental Setup

1. Test Environment & Data

e Hardware: Local execution on a mid-range PC
(e.g., 8GB-16GB RAM, Quad-core CPU) to validate
Edge-Al performance without cloud dependency.

e Dataset: A heterogencous sample of 5,000+
financial data points, including:

e Unstructured: 1,000+ scanned receipts/invoices
with noise (faded text, varied layouts).

e Structured: 4,000+ transaction rows from
standardized CSV/API bank feeds.

e Ground Truth: Professional accountants
manually labeled 10% of the dataset to establish the
"correct" baseline for accuracy and precision metrics.

2. Evaluation Methodology

e OCR & Ingestion: Measured by comparing
extracted characters and numerical values (Total
Amount, Date, Vendor) against manual transcriptions.
e Categorization (NLP): Evaluated using a Train-
Test split (80/20). The industry baseline (Rule-based)
used fixed keyword matching, while Ledgera used a
Multinomial Naive Bayes model.

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM56369 |  Page4


https://ijsrem.com/

IJSREM . C o . . .
QME International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 02 | Feb - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

e  Anomaly Detection: Tested by

Cempr anantve Sys1em Parformance Prafie

injecting"synthetic outliers" (e.g., duplicate entries or | ocmseamy
10x spending g /A"\-.:_‘ o »
spikes). Performance was measured by Precision (how //" y : / -o \"\_,_\
many flagged anomalies were actually incorrect) vs. / ‘/ ;' B AN )\
simple threshold alerts. ,,.,,,.{*, { ¢.,+.., e
e Latency Benchmarking: Time-motion studies \ \ = |
compared the end-to-end Al processing time (upload to \‘\‘ N \ii' /
ledger) against the average time taken by a human data N . \'__, o8 _'__.//
entry clerk. o5 mtx"
Figure 3: Multi-Dimensional Performance Profile
Componen . Ledge Industry
Met
t etre ra Al Baseline — eesesneldidgmiideeiy
OCR 94.1% .
Vision Accurac 96.4% (Standard yis
y OCR) |
2
Categori 82.3% T
Brain 8 94.2% | (Rule-
zation . . -
based) OCR Ascuracy Caregorutwron Acraamy oy PR
Figure 4: Performance Comparison
Anomal
3 y o, 65'2% & Dataset C
Security | brecisio | 377 | (Threshold)
n
47.6
Efficiency Latency 2.3s (Marsmal)

Table 1: Performance Summary

i
A '
» '
|

[Fructirnd Back Fasos

Figure 5: Experimental Dataset Composition

(1 Scalability: Demonstrated linear scaling with data
volume, successfully handling up to 50,000 records
without system instability.

[0 Usability: Earned a 4.5/5 Ul rating for

W W » o " a3 . intuitiveness. The "Snapshots" feature provided

Tovw pot bacwg (Sew il

immediate positive reinforcement via real-time score

Fig 2: Processing Latency Distribution
shifts (e.g., $+12§ points).

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM56369 | Page 5


https://ijsrem.com/

j.-t' “ARe
@REME}
3 ©-Jeurnal

International Journal of Scientific Research in Engineering and Management (I]SREM)

SJIF Rating: 8.659 ISSN: 2582-3930

W Volume: 10 Issue: 02 | Feb - 2026

O Effectiveness: Proved highly reliable in polyglot
analysis (multi-format data) and proactive fiscal
prediction.

Limitations & Solutions: Addressed Regex pattern-
matching limitations by implementing AST-based
analysis, ensuring structural understanding of complex
financial logic.

8.CONCLUSION

In conclusion, Ledgera successfully demonstrates the
viability of an Edge-Al approach to fiscal governance,
effectively bridging the gap between raw financial data
and actionable professional intelligence. By achieving a
$96.4\%$ OCR accuracy and a $94.2\%$
categorization rate, the system proves that localized
machine learning can match or exceed the precision of
traditional, centralized financial tools while maintaining
absolute data privacy. The integration of AST-based
parsing successfully overcame the structural
limitations of standard pattern matching, ensuring the
platform remains robust across diverse "polyglot" data
formats.

Ultimately, the project confirms that a highly scalable
architecture—capable of handling up to 50,000
records—can be paired with an intuitive 4.5/5 rated Ul
to significantly reduce the cognitive load on users.
Through real-time Snapshots and proactive anomaly
detection, Ledgera transforms the tedious task of
manual bookkeeping into an autonomous, audit-ready
process. This shift not only identifies an average of
$S\text{--}15\%S$ in additional tax savings but also
establishes a new benchmark for transparent, user-
centric financial technology in the Al era.

9. FUTURE ENHANCEMENT

To further evolve Ledgera, future enhancements will
focus on transforming the platform from a diagnostic
tool into a fully autonomous fiscal ecosystem. A
primary objective is the integration of a Blockchain
Trust Layer, which will generate immutable, hashed
audit trails for every transaction to provide non-
repudiable proof of data integrity for tax authorities.
Additionally, the system will shift toward Agentic
Execution,
autonomously performing tasks like subscription

moving beyond mere advice to

cancellations or tax-loss harvesting within user-defined
guardrails.

Building upon its current foundation, the future of
Ledgera involves a strategic transition from a
diagnostic tool to a fully autonomous, hyper-integrated
fiscal ecosystem. The following enhancements
represent the primary pillars of the platform's future
development roadmap:

The most significant evolution will be the move toward
Agentic Autonomous Finance, where the platform
transitions from a "Copilot" that assists to an "Agent"
that acts. By implementing a multi-agent system,
Ledgera will feature specialized "Micro-Agents" that
collaborate on complex tasks. For example, a
Negotiation Agent could autonomously contact service
providers to dispute incorrect fees or lower premiums
based on the user's risk profile, while an Optimization
Agent performs real-time tax-loss harvesting by
rebalancing portfolios at the most tax-efficient
moments.

To reach the gold standard of "Continuous Assurance,"
Ledgera will integrate a Blockchain Trust Layer. By
recording cryptographic hashes of every finalized
financial record and Al-driven audit decision onto a
private or permissioned ledger, the system creates an
immutable "Audit Trail." This ensures that financial
data cannot be altered after the fact, providing non-
repudiable proof of integrity. This feature is particularly
vital for SMEs, as it allows them to share a "Verified
Financial Health Score" with banks or tax authorities,
drastically reducing the friction of external audits.

Furthermore, as global tax authorities move toward
API-first digital reporting, Ledgera will implement a
Regulatory-as-Code (RaC) framework. This will
allow the system to ingest legal updates in real-time
directly from government portals. Instead of waiting for
annual updates, the platform will offer Live
Compliance Monitoring, flagging transactions that
violate the latest tax codes at the exact moment of
purchase. This will eventually culminate in Frictionless
Filing, where the "Smart Ledger" automatically
prepares and pushes validated, audit-ready data directly
to official tax servers with a single user confirmation.

Finally, to eliminate the risk of "hallucinations" inherent
in standard generative Al, the next generation of
Ledgera will adopt Neuro-Symbolic Al. This approach
fuses the deep-learning capabilities of Large Language
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Models (LLMs) with the rigid, rule-based logic of
formal accounting principles. This creates a
"Trustworthy AI" that can provide a specific legal
citation for every tax recommendation it generates,
transforming it into a truly professional-grade digital
agent.
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