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Abstract

Traditional invoice processing involves manual entry of data, leading to human errors,
delays,and increased operational costs. The lack of automation results in inefficiencies,
hindering organizations from promptly accessing critical financial information. This
research addresses the pressing need for a reliable OCR-based solution to automate invoice data
extraction, ultimately improving accuracy, reducing processing time, and enhancing overall
business productivity. The project aims to automate invoice data extraction through Optical
Character Recognition (OCR) techniques. Leveraging advanced image processing and machine
learning, the system will analyze scanned or photographed invoices, extracting relevant
information such as vendor details, itemized costs, and dates.This automation streamlines
manual data entry processes, enhancing accuracy and efficiency in managing financial records.
OCR invoicing is the process of training a template-based OCR model for specific invoice
layouts, setting up input paths for these invoices, extracting data, and integrating the
extracted data with a structured database.

Keywords: Invoice, OCR, YOLO algorithm, Data Extraction, Image Processing, Database
Integration.

1. Introduction or digital invoices. The background
involves the need for efficient and
accurate digitization of invoice data
from physical documents to streamline
accounting processes, reduce manual
effort, and minimize errors. OCR
technology enables machines to "read"
text from images or scanned
documents, making it an ideal solution
for extracting data from invoices.
This innovation

The invention of invoice data
extraction using OCR  (Optical
Character Recognition) technique is
rooted in the fields of computer vision,
and document processing. This
innovation aims to enhance efficiency
in accounting and data management by
accurately extracting data like vendor
information, dates, amounts, and item
details from scanned
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streamlines the tedious process of
manual data entry, improving
efficiency and accuracy in invoice
processing for businesses. It simplifies
tasks for businesses by reducing
manual data entry, minimizing errors,
and speeding up invoice processing.
This innovation revolutionizes invoice
management by automating data
extraction, improving accuracy, and
saving time for businesses across
various industries.
Invoice data extraction using OCR
(Optical Character

Recognition) technology is
a game-changer for businesses. It
means that instead of people having to
type in all the details from invoices, a
computer can read the information
automatically from  scanned or
photographed invoices.
This saves a ton of time and reduces
mistakes. Now, businesses can quickly
get important details like invoice
numbers, dates, and what was bought
without having to do it all manually.
This not only makes things faster and
more accurate but also lets companies
focus on more important tasks,
boosting productivity.
The remainder of the paper will be
presented below.The section 2 Literature
review.Section 3 contains the proposed
methodology. Section 4 contains the
Implementation part. Section 5 contains
the conclusion. Section 6 contains
limitations. Section 7 the future work is
proposed and discussions are followed
by the section 8 acknowledgements.
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2. Literature Review

Automated document processing,
especially for invoices, receipts, and
other business documents, is rapidly
advancing [1,3,11, 12, 13, 19]. Two
main approaches are driving this
progress: machine learning and deep
convolutional neural networks
(CNNSs).

Machine learning techniques are used to
classify scanned documents and extract
information [1, 3, 11, 12, 13, 19]. For
example, some researchers achieved an
accuracy rate of 85% for known invoice
structures using a case-based reasoning
method [11].

Deep convolutional neural networks
(CNNs) offer another promising
approach for document processing [5,
18]. These networks excel at document
classification and retrieval tasks [5,
18].

Researchers are also exploring transfer
learning, where pre-trained models can
improve information extraction [6, 14].
This approach involves leveraging
existing knowledge from one task to
enhance performance on a new task.

The development and evaluation of
these methods depend on well-defined
datasets [2, 4, 9]. Some papers
highlight specific datasets used to train
and evaluate information extraction
systems [2, 4, 9]. These datasets
include FUNSD for understanding
noisy scanned forms [2], Kleister for
extracting information from
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complex documents [4], and a dataset
for scanned receipt processing [9]. —

3.Proposed Methodology

The proposed method for our Invoice
data Extraction using OCR consists of
several key components:

1.Pre-processing :

Image Ingestion: §5i11 iz

Here the users can enter the invoices
into the system. This can be done by Fig 2: Invoice image with noise

either scanning physical copies or 2.Optical Character Recognition (OCR):
uploading digital files.

uuuuuuuuu
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Fig 3: Scanning the text data using OCR

We wused the Optical Character
Recognition (OCR) engine to extract
the text from the invoice image and

convert it into a format that computers
Fig 1. Invoice image that will be can understand.

uploadedFormat Standardization:

We will convert the image into a
consistent format, such as grayscale, to o e N I
improve the accuracy of Optical : i s
Character Recognition (OCR). B | | || B -

Noise Reduction: - 1° ==.=

In this we applied techniques like
filtering to remove background noise or
smudgesfrom the image.

uuuuuuuuu

Fig 4: Recognition of the text
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Text Segmentation:

Then the extracted text is segmented
into meaningful sections, such as lines,
paragraphs, or tables.

'ABC ENTERPRISES

Data 1-u-17 |

— 3
— 4 | Account Number| AAKFDD7230 |
- | L—{ 5 [esTin 00BBUPS52K2 |

Fig 5: Recognition text is segmented into
sections.

Model Architecture:

We used machine learning algorithms to
classify the extracted text data.

Here's a high-level model architecture:

b4
HIDDEN LAYERS

Fig 6: Model Architecture

Input Layer:

In this the system receives the
pre-processed text data.

Hidden Layers:

Then the system analyzes the pre-
processed text data to find patterns and
how the information connects.Here we
use techniques like convolutional neural
networks (CNNSs) to analyse.

© 2024, 1JSREM | www.ijsrem.com

YOLO Model Output Layer:

We classify the extracted text into
specific fields Ilike wvendor name,
invoice number, date, quantity,
description, price.

Post-processing and Validation:

Then the Extracted data undergoes a
final check  for accuracy and
completeness.we used techniques like
fuzzy matching to identify and rectify
the potential errors.

3. Output:

I
Tl
i §

SL.__Description

I 3 [ata [1-u-w
J I 4 |Account Number| AakFoD7230 ]

Once everything is verified, then we
export the validated data into a
structured format Ilike CSV or
database, for further processing to the
user.

Fig 7: Invoice image data is stored in the
form of table

4. Implementation

The implementation of the our project
involves several components, including
a Streamlit used for building a user-
friendly web interface where users can
upload images, an OCR algorithms
used for extracting the text, and a You
Only Look Once (YOLO) model for
Invoice data extraction wusing the
RoboFlow  dataset.Below is an
overview of the implementation steps:
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1. Environment Setup:

We installed necessary libraries like
Ultralytics (depending on chosen
YOLO version), OpenCV for image
processing, EasyOCR, pandas, Streamlit
and bcrypt.

We downloaded a pre-trained YOLO
modellike YOLOVS.

2.Data Preparation:

Obtain a Invoice image dataset with
annotations for different image types
like class labels as (billing_addres,
invoice_date,invoice_number,products
,Shipping_address,subtotal,tax,tax_pe
rcentage,total,& etc).

We implemented functions to read
images and corresponding
annotations.Apply data augmentation
techniques (flipping rotation, cropping,
noise reduction) to increase dataset
size and improve modelgeneralization.

Dataset:

We generated training datasets based on
Roboflow dataset.Visited the
Roboflow website and explored their
datasets. Choosed a dataset that aligns
with our project or task. We selected a
dataset containing images labeled with
different class labels bounding boxes
for various objects and downloaded
the dataset in a format suitable for our
framework, such as the YOLO v8
version, PyTorch, or others.

© 2024, [JSREM | www.ijsrem.com

Training Details:

In our training process, we opted for
a total of 150 epochs. This choice was
made after considering the complexity
of the task, the size of the dataset,
and computational resources. While
training, the model learns from the
dataset multiple times, allowing it to
capture patterns and present them in
the data.

We set the learning rate to 0.89 for our
training process. This choice was
based on initial experimentation and
hyperparameter tuning. A higher
learning rate can lead to faster
convergence, but it must be carefully
chosen to prevent the model from
overshooting  optimal  parameters.
Throughout training, the learning rate
remains constant to ensure stable
optimization.

For our object detection task, we
employed a combination of loss
functionsto effectively train the model.

Bounding Box Regression Loss: This
loss measures between predicted
bounding box coordinates and the
ground coordinates. Minimizing this
loss encourages the model to
accurately predict the locations of
objects within the image.

Classification Loss:This loss encourages
the model to correctly classify objects
present in the image.

3.YOLO Model Customization:

If using a pre-trained model, modify
the final layers to predict the desired
number
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of class labels in  the image Fig.1: upload page
(e.g:billing_addres,invoice_date,invoice_n

u
mber,products,shipping_address,subtotal
, tax,tax_percentage,total,& etc).

" o e () s

Define the loss function by combining
localization loss(e.g,loU loss) and
classification loss(e.g, cross entropy)
suitable for bounding box prediction
and class probabilities.

-EBEEEE"
poo o [ — -

Fig.2: choosing the image

4. Design and User Interface(Ul):

Design a form with fields for INVOICE
username/email and password e erent O
.Include options like‘Remember oiling oddress 000

Me’ (optional).Implement a
“Login” button to submit the login
credentials.

5. Uploading Image:

nnnnn you for purchase! Arnob Loeb

We used a python code to upload the . cccce
image of invoice images and click the ) )
submit option. After,the detection and Fig.3: Data extraction

classification of the class labels and
return the labels are stored in the
database in the form of “.csv”. Invoice Data Extraction

6. Deployment:

Depending on the application, the
trained models can be deployed for
real-time invoice data extraction on the
new images.This might involve saving
the model in a lightweight format and
integrating it with a user interface for

Fig.4: Extracted data is stored in database

image processing and result

visualization with high accuracy and Invoice Data Extraction
speed "

Results

@D Drag and drop file here

The results of the project will be as
follows:
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5. Conclusion

OCR  technology offers a
compelling solution for automating
invoice data extraction. It significantly
boosts efficiency and speed compared to
manual data entry, reducing processing
time and resource allocation.
Furthermore, OCR minimizes human
error, leading to improved data
accuracy. Additionally, OCR scales
well, making it suitable for businesses
processing high volumes of invoices.
However, it's important to acknowledge
limitations. OCR can struggle with
invoices in various formats and may
have difficulty recognizing handwritten
text. To overcome these limitations and
achieve maximum accuracy and
flexibility, consider combining OCR
with Machine Learning techniques.

6. Limitations:

The Limitations for the project may be
asfollows:
1.Poor Image Quality:

Low resolution or blurry images
hinder accuracy.
2.Color:

For black and white documents,
capture images in grayscale or
monochrome mode to improve OCR
accuracy. For color
documents,maintain  color  fidelity
without oversaturation.

3.Format:

Save images in standard formats like
JPEG or PNG to ensure compatibility
with OCR software. Avoid
compression that may degrade image
quality.

7.Future Work 1.Adaptability
to Variations:

© 2024, IJSREM | www.ijsrem.com

Teach OCR to handle various invoice
formats and styles effortlessly,
whether it's handwritten or printed.

2. Faster Processing:

Develop OCR to extract data quicker,
saving time and boosting efficiency in
invoice processing.

3. Integration with Al:

Integrate OCR with Al algorithms for
better contextual understanding and
more precise data extraction.

4.Mobile Compatibility:

Make OCR technology available on
mobile devices for on-the-go invoice
scanning and data extraction.

5. User-friendly Interface:

Design a simple and intuitive interface
for easy interaction with the OCR tool,
making it accessible to users of all
skill levels.
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