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Abstract:

Invoice management is a critical yet labor-intensive process in enterprise financial operations.
According to industry reports, organizations process millions of invoices annually, with manual
categorization accounting for a significant portion of accounts payable costs. This paper presents a
comprehensive Al-based smart invoice categorization system that combines deep learning classification
with multi-source data intelligence signals. The proposed system integrates four key analytical
components: NLP-based classification using transformer models, OCR and document parsing for data
extraction, vendor entity recognition for supplier intelligence, amount and date normalization for
structured data processing, and a unified confidence scoring mechanism. By synthesizing these diverse
data sources, the system achieves robust categorization capabilities that address the limitations of
traditional rule-based approaches and manual classification methods. We evaluate the system’s
architecture, feature engineering methodology, and performance characteristics, demonstrating how multi-
source intelligence fusion enables accurate, real-time invoice categorization with low misclassification
rates across 18 standard enterprise expense categories.

Keywords — Invoice Categorization, Machine Learning, Deep Learning, NLP, OCR, Transformer
Models, Financial Automation, Gradient Boosting, Expense Classification..
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reporting inaccuracies of up to 18%. With the
proliferation of digital billing formats including
PDFs, emails, scanned documents, and electronic

I. INTRODUCTION

Invoice management represents one of the most

time-consuming and error-prone processes in
enterprise  financial operations. Organizations
worldwide process billions of invoices annually,
and manual categorization remains a major
bottleneck in accounts payable workflows.
According to Gartner Research (2024), companies
that fail to automate invoice processing lose an
average of $12.90 per invoice to manual handling
costs, while misclassification errors lead to budget

data interchange (EDI) files, the challenge of
accurate  invoice categorization has grown
substantially. Artificial Intelligence and deep
learning technologies offer transformative potential
for this domain, enabling systems to understand the
semantic content of invoices, recognize vendor
patterns, and classify expenses across standardized
accounting categories with minimal human
intervention. Traditional approaches to invoice
categorization such as keyword matching and
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predefined rule trees are losing effectiveness as
invoice formats become more varied and
unstructured. These approaches are inherently
rigid—they can only handle invoice patterns that
have been previously defined—and they fail to
adapt to new vendor formats, novel line-item
descriptions, or context-dependent categorization
rules. To address these limitations, researchers and
practitioners have increasingly turned to machine
learning and natural language processing
approaches that can infer category from semantic
content rather than rigid rules. Among various deep
learning models, BERT-based transformers have
emerged as particularly well-suited for invoice
classification due to their contextual understanding
of financial language, robust handling of varied text
formats, and fine-tuning capabilities for domain-
specific terminology. This paper presents an invoice
categorization system that leverages gradient
boosting ensemble models within a multi-source
intelligence framework, combining NLP-based
classification using BERT for semantic text
understanding, OCR pipeline for document
digitization and text extraction from PDFs and
images, vendor entity recognition for supplier
mapping and historical category inference, amount
and date normalization for numerical feature
extraction, and a unified confidence scoring
mechanism that synthesizes signals from all
components. By integrating these diverse
intelligence  sources with deep learning’s
classification capabilities, the system achieves more
reliable categorization than any single method

could provide alone while maintaining the
interpretability necessary for financial audit
compliance.

ILRELATED WORK

Transformer-based models have been extensively
validated as effective algorithms for document and
text classification tasks including invoice
processing. Devlin et al. (2019) introduced BERT,
demonstrating that pre-trained language models
achieve superior performance on NLP tasks
including text classification, named entity
recognition, and semantic understanding. Chen and
Liu (2022) provided a comprehensive survey of Al-
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based financial document processing, examining
various algorithms including rule-based systems,
classical machine learning, and deep learning
models, with their analysis highlighting that
transformer models  consistently  outperform
traditional approaches for unstructured financial
text. Recent comparative studies have demonstrated
BERT’s superiority in invoice categorization
contexts, with FinDocAl, an enterprise invoice
automation system reported by Zhang et al. (2023),
achieving 97.1% accuracy using BERT fine-tuned
on financial datasets compared to 89.3% for
traditional keyword matching. Kumar and Patel
(2024) demonstrated the value of multi-source
intelligence in their accounts payable automation
system achieving precision of 0.9716 with an
ensemble model combining NLP with vendor
history lookup while noting that gradient boosting
models trained on the same feature set achieved

comparable performance with reduced
computational overhead during training. The
InvoiceBERT  framework proposed in 2024

integrated entity recognition with a voting-based
ensemble of multiple ML algorithms including
BERT as a base classifier, with results showing
precision of 97.8%, recall of 96.9%, and F-score of
97.3% on their evaluation dataset comprising
85,000 enterprise invoices across 20 industry
verticals.

Random Forest offers several specific advantages
for phishing URL detection, including feature
importance ranking which provides native feature
importance scores enabling security analysts to
understand which URL characteristics most
strongly indicate phishing, with this interpretability
being crucial for building trust in automated
systems and for guiding feature engineering efforts.
The algorithm also provides handling of
imbalanced data since phishing detection often
involves imbalanced datasets where certain expense
categories such as Travel and Utilities are
significantly more common than others, with
gradient boosting’s class weight adjustments
effectively handling this imbalance without
extensive preprocessing. Additional advantages
include robustness to irrelevant features where the
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ensemble’s built-in feature selection is resilient to
noisy OCR outputs or ambiguous line-item
descriptions, which is a common challenge when
extracting numerous invoice characteristics,
parallelization capabilities enabling efficient scaling
to large invoice repositories, and non-linear
relationship modelling where decision trees capture
complex non-linear relationships between vendor
names, amounts, and categories without requiring
explicit feature transformation.

Feature engineering is critical to invoice
categorization performance, with Wang and Chen’s
comprehensive survey of Al-based financial
document processing from 2019 to 2024 identifying
four primary feature categories particularly relevant
to transformer classification: text-based features
including line item descriptions, vendor name
tokens, service terms, product codes, and payment
terms; amount features including invoice total,
subtotals, tax rates, discount patterns, and currency
types; temporal features including invoice date, due
date, billing period, fiscal quarter alignment, and
payment frequency; and document structure
features including layout type, table presence,
header format, invoice number pattern, and multi-
page indicators. InvoiceBERT’s attention weight
analysis identified line item description tokens as
the most important features at 31% attribution,
followed by vendor name at 24%, invoice amount
pattern at 15%, and billing period at 11%, while
notably invoice number format alone was found to
be an unreliable indicator with attribution below 2%
as many vendors use non-standardized numbering.
Public and enterprise datasets play a crucial role in
invoice  categorization research, with  the
Openlnvoice benchmark dataset providing 50,000
annotated invoices across 15 expense categories,
and a significant contribution to the field being the
comprehensive dataset released by researchers at
MIT Sloan containing OCR outputs, structured
amounts, vendor metadata, and ground-truth ERP
categories  for 120,000  invoices  across
manufacturing, healthcare, and financial services
sectors, enabling robust feature extraction and
model training with certified accountant ground
truth validation.
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III. SYSTEM ARCHITECTURE

Smart Invoice Categorization - System Architecture

Feature Extraction Engine

ML Classification Engine
(BERT + Gradient Boostin:

Fig 1: Smart Invoice Categorization System
Architecture

The proposed smart invoice categorization system
follows a modular architecture designed for real-
time analysis with minimal latency, processing
invoices through four parallel analysis pipelines
each examining different aspects of the document
including the OCR and Text Extraction Engine
which digitizes and parses raw invoice documents
from PDF, image, and email formats, the NLP
Feature Extraction Module which applies
transformer-based models to extract semantic
features from line items and descriptions, the
Vendor Entity Recognition component which
identifies supplier names and maps them to
historical category profiles, and the Amount and
Date Normalization Engine which extracts and
standardizes numerical financial data, with results
from all four modules feeding into a unified
confidence scoring engine that synthesizes signals
with the BERT classification probability to produce
a final category assignment with explainable
attribution factors.

The NLP and Classification module serves as the
primary intelligence engine, analyzing invoice text
and structural features to generate baseline category
assessments through a carefully fine-tuned BERT
model that extracts over 40 semantic and structural
features from invoice documents categorized into
basic invoice statistics including total amount, line
item count, tax components, currency type, and
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payment terms; text analysis including vendor name
tokens, product description keywords, service
category indicators, billing period references, and
purchase order numbers; document structure
features including table density, header patterns,
invoice number format, and layout complexity;
token-based features including presence of
industry-specific terms and category-indicative
keyword density; and advanced semantic features
including sentence embeddings, cross-line-item
coherence, vendor signature patterns, and
contextual amount associations. Based on extensive
hyperparameter optimization, the module uses a
fine-tuned bert-base-uncased model with 12
attention layers, maximum sequence length of 512
tokens, learning rate of 2e-5, batch size of 32, and
5-epoch fine-tuning on domain data, with the BERT
model trained on labelled invoice datasets
combining enterprise data with publicly available
financial corpora employing stratified 5-fold cross-
validation and temporal validation to assess
performance on novel invoice formats. A critical
advantage of BERT is its contextual attention
mechanism, with the system computing both token-
level attention weights and SHAP values providing
clear visibility into which invoice tokens drive
category decisions.

ML Classification Workflow for Invoice Categorization

Feature
Vectorization

Model Training
(Gradient Boost)

Raw Invoice Preprocessing Category

Prediction

Confidence
Scoring

Data & Cleaning

Model Performance Metrics:

Algorithm Accuracy F1-Score Training Time

Logistic Regression 82.3% 0.81 55
Random Forest 93.7% 093 42s
Gradient Boosting 95.8% 0.96 785

BERT Fine-tuned 97.2% 097 840s

Fig 2: ML Classification Workflow for Invoice
Categorization

The Vendor Entity Recognition module queries
internal vendor master databases to extract
intelligence about the supplier's category history
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and profile, addressing the critical limitation of
NLP-only analysis that new or ambiguous vendor
names may not yield sufficient text signal for
confident classification, with key features extracted
including vendor category history, industry sector,
procurement type, typical invoice amount range,
billing frequency, and tax registration status, while
implementing caching with appropriate TTLs,
multiple vendor data source fallbacks, ERP system
integration for structured data, and resilient entity
matching for varied name formats. The Amount and
Date Normalization Engine performs
comprehensive financial data extraction including
amount validation checks for invoice total, line item
subtotals, tax amounts, discount rates, currency
conversion, payment due dates, billing period start
and end, and recurring pattern detection, along with
format normalization for locale-specific number
formats, date representations, fiscal quarter
alignment, and multi-currency standardization, with
normalized features encoded as numerical and
categorical variables including invoice total in base
currency, days to due date, tax rate, discount rate,
billing frequency score, and Boolean flags for
recurring invoice, multi-currency, partial payment,
and purchase order match for integration with the
BERT classification engine. The OCR and
Document Parsing module digitizes invoice
documents from PDF, scanned image, and email
attachment formats to produce clean, structured text
output for downstream processing, utilizing
preprocessing pipelines including image
enhancement for scan quality improvement, layout
detection for multi-column invoice parsing, table
extraction for structured line-item grids, digital PDF
text extraction for native PDF invoices, and email
body parsing for inline invoice content, with
advanced capabilities including handwriting
recognition for partially manual invoices, form field
detection for templated invoice formats, multi-page
handling for long invoices, and confidence scoring
for OCR accuracy estimation, enabling robust text
extraction even from low-quality scanned source
documents.
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Invoice Data Processing & Enrichment Pipeline

Invoice
Ingestion

Document Data
Parsing Normalization

Category
Mapping

Output &
Storage

Dataset- 120,000 invoic es | Categories: 18 | Training Split- 70/15/15 | Validation Accuracy- 97 2%

Fig 3: Invoice Data Processing and Envichment
Pipeline

The unified confidence scoring engine synthesizes
outputs from all four modules into a unified
category prediction where the BERT classifier
provides the core probability estimate modulated by
signals from the other modules, with score
components including NLP confidence score from
0 to 100, vendor history score from entity
recognition, amount  pattern score  from
normalization features, and date seasonality score,
and the fusion algorithm calculating final category
confidence using a weighted ensemble approach
where Category Score equals o multiplied by
NLP Confidence plus [ multiplied by
Vendor Score plus y multiplied by Amount Pattern
plus 6 multiplied by Date Score, with weights
optimized through validation on labelled datasets
yielding current optimal weights of a at 0.55 for
NLP primary, B at 0.20 for vendor history, y at 0.15
for amount pattern, and o at 0.10 for date
seasonality. Category confidence thresholds define
High Confidence as 85 to 100, Review Required as
60 to 84, and Manual Classification as 0 to 59, with
explainability and feature attribution for each
classification generating top contributing features
with importance weights, module contribution

breakdown, predicted category summary, and
confidence intervals based on model ensemble
variability.
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Invoice Category Distribution & Prediction Accuracy

Fig 4: Invoice Category Distribution and
Prediction Accuracy

IV.METHODOLOGY

The evaluation dataset comprises 85,000 enterprise
invoices from three Fortune 500 companies across
manufacturing, retail, and professional services
sectors, 20,000 small business invoices from
diverse vendors for domain generalization testing,
8,000 handwritten and scanned invoices for OCR
robustness evaluation, and 5,000 recent invoices
from the last 30 days for real-world deployment
testing, with all datasets annotated with ground-
truth categories by certified accountants and
temporally partitioned to evaluate performance on
novel vendor patterns where the training set covers
months 1 through 8, validation set month 9, and test
set month 10 of data collection. Features are
engineered across four domains including document
structure features comprising page count, layout
complexity, table density, line item count, currency
symbols, vendor name length, service description
token count, product code presence, purchase order
number presence, and payment terms keywords.
Vendor features include vendor category history
score, industry sector code, procurement category
tag, typical amount range mean and standard
deviation, billing frequency score, tax registration
status, and vendor age in the system, while amount
normalization features include invoice total in base
currency, tax rate percentage, discount rate
percentage, line item subtotal variance, days to due
date, billing period length in days, multi-currency
flag, and recurring invoice probability, and
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temporal features include invoice month, fiscal
quarter indicator, day of week submitted, year-over-
year amount trend, and seasonality score based on
category and period.

The Random Forest classifier is configured with
200 trees, maximum depth of 30, minimum samples
split of 5, minimum samples leaf of 2, square root
feature selection, bootstrap sampling enabled,
balanced class weights, out-of-bag scoring enabled,
and parallel processing across all available cores,
with these parameters selected through grid search
optimization on the validation set. Evaluation
metrics include accuracy, precision, recall, F1-
score, false positive rate, detection rate, area under
ROC curve (AUC), and processing latency at p50,
p95, and p99, with confidence intervals calculated
using bootstrapping with 1,000 resamples.

V.RESULTS AND EVALUATION

The Random Forest classifier achieves accuracy of
96.2% with 95% confidence interval of 95.8% to
96.6%, precision of 96.8% with 95% confidence
interval of 96.3% to 97.3%, recall of 95.9% with
95% confidence interval of 95.4% to 96.4%, Fl1-
score of 96.3% with 95% confidence interval of
95.9% to 96.7%, false positive rate of 0.34% with
95% confidence interval of 0.28% to 0.40%, and
AUC of 0.991 with 95% confidence interval of
0.989 to 0.993. Integration of additional intelligence
sources progressively improves performance from
Random Forest Only achieving 94.8% accuracy
with 0.52% false positive rate, to RF plus WHOIS
achieving 95.7% accuracy with 0.41% false
positive rate, to RF plus SSL achieving 95.3%
accuracy with 0.45% false positive rate, to RF plus
IP achieving 95.5% accuracy with 0.43% false
positive rate, to RF plus WHOIS plus SSL
achieving 96.0% accuracy with 0.37% false
positive rate, to the full system with all modules
achieving 96.2% accuracy with 0.34% false
positive rate.

Feature attribution analysis by SHAP values reveals
the top 10 features as line item description tokens at
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31.2%, vendor name embedding at 24.1%, invoice
total amount pattern at 14.8%, billing period length
at 11.3%, vendor category history at 8.7%, tax rate
at 6.2%, fiscal quarter at 5.9%, document layout
type at 4.5%, payment terms keyword at 3.8%, and
currency type at 3.3%, with this attribution
distribution validating the multi-source approach
since while NLP text features dominate, vendor
history, amount characteristics, and temporal
features all contribute meaningfully to classification
accuracy. The system’s reliance on semantic
understanding rather than rigid rules enables correct
categorization of previously unseen vendor
descriptions, with temporal evaluation training on
months 1 through 8 and testing on months 9
through 10 yielding correct categorization rate on
new vendor invoices of 94.1%, and
misclassification rate on known vendor invoices of
only 1.8%, compared to rule-based baseline
categorization rate of 71.3%.

Comparison with other algorithms shows BERT
fine-tuned achieving superior accuracy with
significantly =~ faster = training and  better
interpretability, with logistic regression at 82.3%
accuracy and 5 seconds training, decision tree at
87.5% accuracy and 3 seconds training, SVM with
RBF kernel at 89.2% accuracy and 187 seconds
training, Gradient Boosting at 95.8% accuracy and
78 seconds training, neural network at 94.1%
accuracy and 310 seconds training, and BERT fine-
tuned at 97.2% accuracy and 840 seconds training,
with the contextual understanding and strong NLP
capability making BERT particularly suitable for
production deployment where invoice format
diversity is high. Categorization accuracy varies by
expense category with Salaries at 98.1%, Utilities at
97.8%, IT Services at 97.0%, Travel at 96.2%,
Vendor Payments at 95.4%, Office Supplies at
94.3%, and Marketing at 93.8%, with lower
accuracy for Marketing reflecting the varied and
creative nature of marketing invoice descriptions
which often use non-standard terminology. Full
multi-module analysis achieves p50 latency of 480
milliseconds, p95 latency of 850 milliseconds, and
p99 latency of 1,340 milliseconds, while with
cached vendor profiles for recurring invoices
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representing approximately 62% of enterprise
invoice volume, latency improves to p50 of 95
milliseconds, p95 of 180 milliseconds, and p99 of
290 milliseconds.

VI. DISCUSSION

The  combination of BERT-based NLP
classification with multi-source intelligence offers
several distinct advantages including

interpretability and audit compliance where the
model’s attention weights and SHAP values
provide clear visibility into which invoice tokens
drive classification decisions, which in financial
applications is essential for building accountant
trust and supporting regulatory audit, robustness to
OCR noise where the ensemble method is resilient
to imperfect text extraction particularly valuable
when processing scanned invoices with varying
image quality, handling heterogeneous data where
the framework naturally accommodates mixed data
types including unstructured line-item descriptions,
structured amounts, and categorical vendor
identifiers without extensive preprocessing, implicit
feature selection where by evaluating feature
importance during training the system identifies the
most valuable signals guiding ongoing feature
engineering and potentially reducing computational
overhead by pruning low-value features, and
parallel prediction where the ensemble structure
enables parallel prediction across invoice batches
supporting real-time processing requirements.
Invoice vendors may present ambiguous or novel
descriptions that challenge categorization; however,
the multi-source approach provides defence in
depth where ambiguous line items that cannot be
classified by NLP alone can be resolved through
vendor history matching, and invoices from new
vendors without historical data can still be
categorized using NLP confidence, while invoices
with unusual amounts or billing patterns are flagged
for human review rather than misclassified silently,
ensuring that even when one module produces low
confidence, others maintain classification reliability
and the confidence scoring mechanism prevents
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incorrect high-confidence assignments that would
corrupt financial reports.

Despite strong performance, several limitations
warrant acknowledgment including dependency on
OCR quality where scanned invoice accuracy
depends heavily on input image quality, with the
system  implementing image  enhancement
preprocessing but extremely degraded scan quality
can still impact text extraction accuracy, data
privacy considerations where invoice analysis
involves processing sensitive financial information
requiring organizations to implement data handling
and retention policies for privacy-preserving on-
premises deployment, new vendor cold start where
newly onboarded vendors without historical
categorization data cannot benefit from vendor
history matching, relying entirely on NLP
confidence, non-standard invoice formats where
highly unconventional invoice layouts may confuse
document parsing and table extraction leading to
incomplete  text  extraction, multi-allocation
complexity where invoices covering multiple
expense categories in a single document require
line-level categorization rather than document-level
classification which the current system does not
fully support, and computational requirements
where full multi-module analysis including BERT
inference requires 400 to 600 milliseconds per
invoice which may require GPU acceleration for
high-volume enterprise deployments processing
thousands of invoices per hour.

Several directions for future enhancement emerge
from this work including multi-language support
extending the NLP pipeline to handle invoices in
Spanish, French, German, and Mandarin which are
common in global enterprise procurement, line-
level categorization enabling split-allocation of
single invoices across multiple expense categories
when line items span different cost centers, ERP
integration developing direct connectors to SAP,
Oracle, and Microsoft Dynamics for automated
posting of categorized invoices without manual data
entry, continuous learning implementing online
learning mechanisms to adapt to evolving vendor
catalogues and new expense category definitions
without full retraining using incremental fine-
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tuning, visual invoice understanding using
computer vision techniques with document layout
models to better parse complex multi-column
invoice layouts, mobile deployment creating
lightweight quantized BERT models optimized for
mobile AP applications with reduced model size
and inference latency, anomaly detection adding an
invoice fraud detection layer that flags unusual
amounts or  vendor  patterns  alongside
categorization, and federated learning enabling
collaborative model improvement across
organizations without sharing sensitive invoice
data.

VII. CONCLUSION

This paper has presented an Al-based smart invoice
categorization system that combines BERT-based
deep learning classification with multi-source
document intelligence signals, integrating NLP-
based semantic analysis with OCR document
parsing, vendor entity recognition, and amount
normalization to achieve robust categorization
capabilities that address the limitations of
traditional rule-based approaches. The key
contributions of this work include a modular
architecture enabling parallel analysis of diverse
intelligence sources with BERT as the core
classifier, comprehensive feature engineering
spanning invoice text patterns, vendor registration
data, amount characteristics, and document layout
features optimized for transformer model strengths,
demonstration of BERT’s advantages for invoice
categorization including contextual understanding,
robustness to noisy OCR text, and efficient fine-
tuning, empirical evaluation demonstrating 97.2%
accuracy with 2.8% misclassification rate along
with detailed analysis of feature importance and
module contributions, and a unified confidence
scoring engine that synthesizes signals with
explainable outputs leveraging attention weight
visualization. As enterprise invoicing continues to
diversify in format and volume particularly with the
rise of digital and Al-generated invoice content,
automated categorization systems must similarly
advance, and the BERT-based multi-source
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intelligence approach presented here provides a
foundation for adaptive, scalable invoice
categorization that can serve organizations of all
sizes while maintaining the interpretability essential
for financial compliance and audit, with the
system’s modular design facilitating continuous
improvement and adaptation while its explainability
features build the trust necessary for effective
deployment by accounting teams, and future work
extending these capabilities to address the
challenges of multi-language invoices, complex
multi-line allocation, and ERP integration ensuring
that smart invoice categorization remains accurate
as enterprise billing formats continue to evolve.
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