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Abstract: Invoice processing is a crucial but time-consuming task for businesses, especially when done manually. It often leads
to errors and inefficiencies, particularly for companies dealing with large volumes of documents. To solve this, automated data
extraction systems use Optical Character Recognition (OCR) and Large Language Models (LLM) APls. OCR converts scanned
invoices into readable text, extracting details like invoice numbers, dates, and amounts. LLMs improve accuracy by
understanding the context, handling uncertainties, and automating decisions. Together, OCR and LLMs streamline invoice
workflows, cut costs, and speed up processing, making them valuable for financial operations across industries.

I. INTRODUCTION

Efficient and accurate invoice processing is essential for smooth business operations, especially for organizations handling large
volumes of financial documents. Traditionally, manual invoice processing has been the norm, but it comes with several challenges:
it is labor-intensive, time-consuming, and prone to human errors. These inefficiencies can lead to delayed payments, disrupted cash
flows, and increased operational costs, making it a high-priority area for improvement.

In recent years, advancements in technology have introduced automated data extraction systems that leverage Optical Character
Recognition (OCR) and Large Language Models (LLMs) to address these challenges. OCR technology enables the conversion of
scanned invoice documents into machine-readable text, extracting key information such as invoice numbers, dates, and transaction
amounts. However, OCR alone can struggle with unstructured data or complex formats.

Integrating LLMs enhances the extraction process by understanding and validating the context, handling ambiguities, and
supporting automated decision-making. This synergy between OCR and LLMs provides a more streamlined, accurate, and efficient
approach to invoice processing, benefiting industries by reducing processing times, minimizing errors, and optimizing financial
workflows. This report explores the capabilities, implementation strategies, and benefits of using OCR and LLMs in automated
invoice data extraction.

Il. LITERATURE REVIEW

1) In the paper [1] This paper discusses recent innovations in Optical Character Recognition (OCR) technologies, particularly
focusing on improving accuracy, efficiency, and adaptability for processing a wide variety of documents. The advancements
include novel preprocessing techniques, deep learning models, and hybrid systems that enhance the performance of OCR in
document analysis workflows.

2) In the paper [2] This work explores the integration of large language models (LLMs) in document analysis workflows. It covers
how LLMs can be utilized to extract meaning, generate summaries, and provide context for scanned documents, improving the
overall accuracy and automation in document management systems.

3) The research paper [3] This review provides a thorough overview of various techniques for extracting data from invoices, a
critical task in document processing. It examines methods like template matching, machine learning approaches, and deep
learning models, focusing on challenges such as data variability and the need for high accuracy in invoice processing.

4) In the paper [4] This book provides a detailed exploration of intelligent document processing (IDP) systems. It covers
foundational principles, methodologies, and technologies used in automating document workflows, including OCR, NLP, and
machine learning. It also discusses practical applications and case studies where IDP has been implemented.

5) In the paper [5] This research delves into the customization of large language models for domain-specific text generation tasks.
It discusses techniques to fine-tune LLMs on specialized datasets to improve their performance in tasks such as technical
writing, legal document generation, and other niche applications.

I1l. PROBLEM STATEMENT
Manual invoice processing is inefficient and prone to errors, requiring considerable human effort for data extraction.
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Integrating Optical Character Recognition (OCR) with Large Language Model (LLM) APIs can improve accuracy and automate
decision-making, significantly optimizing invoice workflows and reducing manual workload.

IV. SYSTEM DESIGN

A. System Architecture

The system architecture for automated data extraction from invoices is designed to streamline and optimize the process using OCR
and LLM APIs. At the top level, the User Interface allows users to upload invoices and review the extracted data. The Processing
Layer handles image enhancement, text extraction through OCR, and initial text parsing. The Analysis Layer employs Large
Language Models (LLMs) to analyze and validate key data fields from the extracted text. The Integration Layer facilitates the
transfer of data to ERP systems and manages error reporting. Data is securely stored and backed up in the *Storage Layer, while the
Security Layer ensures encryption and access control to protect sensitive information. Finally, the Monitoring and Analytics Layer
tracks system performance and generates reports to provide insights into the data extraction process. This architecture ensures
efficient and accurate processing of invoice data.

B. System Flow
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V. METHODOLOGY
Key methodologies for solving the problem of "Invoice Data Extraction Using OCR and LLM™:
1) Optical Character Recognition (OCR) for Text Extraction-
e Preprocessing Techniques: Use image preprocessing (e.g., noise reduction, thresholding) to improve OCR accuracy.
e OCR Application: Apply OCR models (like Tesseract, AWS Textract, or Google Cloud Vision) to extract raw text from invoice
images.
e Segmentation: Break down the text into meaningful segments, such as lines or blocks, for easier field identification.

2) Large Language Models (LLMs) for Data Interpretation-

o Named Entity Recognition (NER): Use LLMs to identify and extract key entities like invoice number, date, and total amount
from the OCR output.

o Field Mapping: Apply models like GPT-4 or fine-tuned BERT to classify and assign text segments to predefined invoice fields.

e Contextual Understanding: Leverage LLMs to interpret the context of text, especially for variations in wording or format across
invoices.

3) \Validation and Error Handling-

e Rule-based Validation: Apply predefined business rules to ensure extracted data follows expected patterns (e.g., date formats,
numeric values).

e Confidence Scoring: Use confidence scores from OCR and LLM outputs to assess and validate data reliability.

e Error Correction and Reprocessing: Implement feedback loops where erroneous or low-confidence extractions trigger
reprocessing or manual review.
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VI. IMPLEMENTATION CONSIDERATIOM
Overview of project module
1) Implementing Ml Model
e Preprocessing:
Clean and format the text data extracted by OCR.
Annotate key fields (e.g., invoice number, date, total amount).
e Model Selection:
Choose an appropriate LLM (e.g., fine-tuned BERT, GPT-4).
e Training:
Train the model on the annotated dataset to identify and extract relevant fields.
e Evaluation:
Validate model performance using metrics like precision, recall, and F1 score.
e Integration:
Incorporate the trained model into the application for real-time data extraction.

2) Implementing User Interface

e Design Layout:

Create a clean and intuitive layout.

Include sections for uploading invoices, displaying results, and showing processing status.
e File Upload Feature:

Implement a feature to upload invoice files (PDF, image).

o Display Results:

Show extracted data in a structured format (e.g., tables).

Highlight key fields like invoice number, date, and total amount.

e  User Feedback:

Provide visual feedback (e.g., loading spinners) during processing.
Display error messages for unsupported formats or processing issues.

3) Dataflow Diagram
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4) Libraries Used

e  Tesseract: For optical character recognition.

e Pillow: For image processing and manipulation.

e LLM Libraries:

e Transformers (Hugging Face): For implementing language models like BERT or GPT.
e spaCy: For natural language processing tasks.

5) Class Diagram

© User
o userlD: int

o username: string

e uploadinvoice(invoice: Invoice): void
e customizeResults(prompt: LLPPrompt): void
e viewResults(): Result

P uploads \Y provides
0...
© Invoice
| o invoicelD: int
o filePath: string

o fileType: string
o uploadDate: Date

e extractData(): ExtractedData

© LLPPrompt

¥ uses | © promptiD: int
o promptText: string

e customizeOutput(data: ExtractedData): Result

© an

o apiEndpoint: string
o extractData(invoice: Invoice): ExtractedData
1

¥ returns ¥ customizes
0..

(© ExtractedData

' o datalD: int
o extractedFields: Map<String, String>
o timestamp: Date

o getData(): Map<String, String>
1
A produces
0

@ Result

[ o resultiD: int
o customizedData: Map<String, String>
o timestamp: Date

e displayResult(): void

VIl. PERFORMANCE EVALUATION
1) OCR Accuracy (Character and Word Recognition):
Measure Character Error Rate (CER) and Word Error Rate (WER) to evaluate the correctness of character and word recognition.
This shows how closely the OCR matches the actual content of the invoice.
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2) Field Extraction Accuracy:
Use Precision, Recall, and F1-score to evaluate the accuracy of the system in identifying specific fields like invoice number, vendor
details, amounts, and dates. Higher scores indicate better field extraction performance.

3) LLM Data Validation:

Evaluate the ability of Large Language Models (LLMSs) to validate extracted data by checking the relationships between fields (e.g.,
confirming that the sum of individual line items matches the total amount). This ensures the data is meaningful and logically
consistent.

4) Error Detection:
Track the False Positives (incorrectly flagged issues) and False Negatives (missed errors) to understand how well the system detects
data discrepancies, anomalies, or errors such as incorrect totals, mismatched vendor names, or missing invoice data.

Processing Speed (Latency):
Measure the time per invoice taken for both OCR and LLM processes to complete. This includes the extraction of data from images
and the time LLMs take to validate and format the data for downstream systems.

5) Scalability and Throughput:
Evaluate the system’s ability to scale with increased invoice volumes, ensuring that processing time remains reasonable even as the
workload grows. Test horizontal scaling on cloud infrastructure to ensure seamless operation during peak workloads.

6) Fault Tolerance & Robustness:
Assess how well the system handles errors such as unreadable invoices, OCR misinterpretations, or incomplete data. The system
should recover gracefully, either by flagging the issue for human review or using fallback mechanisms to correct the issue.

7) User Experience (UX):

Evaluate the human-in-the-loop experience, particularly the ease of using the review interface for manually correcting OCR errors.
Ensure the system is intuitive and allows users to quickly verify and correct invoice data. Also, assess how well the natural language
query feature of LLMSs works (e.g., asking questions about extracted data).

8) Resource Utilization & Cost Efficiency:

Monitor CPU and memory usage during OCR and LLM processing to ensure efficient resource usage, especially when processing
large volumes of invoices. Additionally, evaluate cloud costs for running OCR and LLM models, balancing accuracy with cost-
effectiveness.

VIII.EVALUATION MATRICS
1) Accuracy (OCR and Field Extraction):
Character Error Rate (CER) and Word Error Rate (WER) measure the accuracy of OCR in recognizing characters and words.
Precision, Recall, and F1-score evaluate the system’s effectiveness in extracting correct invoice fields (e.g., totals, dates, amounts).
2) Processing Speed and Latency:
Time per Invoice measures the time taken for the system to process and extract data from an invoice, while OCR Latency and LLM
Inference Time track the speed of the OCR engine and LLM processing.
3) Scalability:
Throughput measures the system's ability to handle large volumes of invoices. Horizontal Scalability and Cloud Scalability evaluate
how well the system can scale to meet increased demand or workloads.
4) Data Integrity and Consistency:
Measures the system’s ability to extract complete and consistent data across various invoice formats. Cross-Field Validation
ensures the correctness of relationships between different extracted fields (e.g., total amount matching line items).
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5) User Experience (Human-in-the-Loop):
Measures the efficiency of the human review process, including how quickly users can correct errors, and the accuracy of LLM-
based natural language queries for verifying extracted data.

IX. RESULTS
1) Improved Accuracy: Enhanced recognition of text reduces extraction errors.
2) Streamlined Workflow: Automation speeds up data processing and reduces manual entry.
3) Cost Savings: Lower labor costs and minimized errors lead to financial efficiencies.
4) Enhanced Insights: Data analytics provide valuable insights into spending patterns and vendor performance.
5) Regulatory Compliance: Better record-keeping supports compliance with financial regulations.
6) User-Friendly Interfaces: Intuitive design improves user experience and adoption.
7) Scalability: The system can handle increasing volumes of invoices as needed.
8) Data-Driven Decisions: Access to accurate data enables informed decision-making

X. CONCLUSION AND FUTURE SCOPE

A. Conclusion -

The Invoice Data Extraction Using OCR and LLM project successfully demonstrates an automated approach to extracting structured
data from invoices, reducing manual effort and increasing accuracy. By combining OCR for initial text recognition and LLM
models for context-aware field extraction, the system efficiently processes varied invoice formats, capturing key information like
invoice number, date, and total amount. This solution not only streamlines accounting and record-keeping processes but also
provides a scalable, adaptable framework for future needs. The integration of these advanced technologies enables businesses to
enhance operational efficiency and data accessibility in real-time.

B. Future scope-

The future scope of Invoice Data Extraction using OCR and LLM holds significant potential for advancements across multiple
dimensions. As Al and machine learning models continue to evolve, OCR accuracy will improve, especially in recognizing low-
quality or handwritten invoices, through the use of deep learning and transformer-based models. This will broaden the applicability
of the technology, enabling it to process not only invoices but also receipts, contracts, purchase orders, and other business
documents, making it more versatile across industries. Real-time data validation using LLMs and Al-powered business rules will
further enhance accuracy and reduce errors, while ensuring compliance and fraud detection. Additionally, blockchain integration
could provide enhanced data security and immutability, protecting against fraud and simplifying reconciliation. In the future, self-
learning algorithms will allow the system to continuously improve through feedback, reducing the need for manual retraining.
Integration with Robotic Process Automation (RPA) will streamline invoice workflows, automating processes like payment
approvals and system updates, creating a fully automated accounts payable pipeline. With multilingual support, the system will be
able to handle invoices from global vendors, adapting to various tax regulations and currencies. Ultimately, these advancements will
lead to the end-to-end automation of invoice processing, enabling businesses to achieve higher efficiency, accuracy, and cost savings
in their operations.
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