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Abstract

Electronic invoices generated by various agencies exhibit diverse unstructured data that can be leveraged to address contem-

porary issues.  For instance,  grocery bills  can serve as a source of  information for predicting the demand of specific  items

within a given region, while travel invoices can provide insights into travel demand trends over a certain period. These data

sets hold potential for data-driven decision-making and can be analyzed using modern techniques such as machine learning

and data analytics to extract actionable insights. The challenge is to extract the data from different unstructured E-bills/in-

voices  into  some  meaningful  structured  way  to  reuse  it.  Thus,  in  this  paper,  we  present  an  end-to-end  machine  learn-

ing-based  framework that  extracts  meaningful  data  from all  kinds  of  bills/invoices  and saves  it  into  structures  format  (J-

SON). Our ML framework consists of classification, finetune YoloV5, and NER models. The classification model classifies

the bill into specific categories; YoloV5 extracts the data from table-like objects, and the NER model extracts other metadata

in  bills/invoices.  Our  ML  framework  can  generate  structured  data  from  any  bills/invoices  with  table  detection  accuracy

92.00%, and NER accuracy 89.00%. This paper provides a comprehensive guide for implementing the proposed framework,

which can be used to address current issues, such as predicting demand for items in a region using grocery bills or forecast-

ing travel demand based on travel invoices.
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Introduction

E-bills  are  important  in  our  everyday  lives  since

they serve as proof of payment and as a record of daily ex-

penses. These bills can be used to address various financial

issues.  With the growth of  information technology,  a  large

number  of  bills/invoices  are  produced.  Our  model  focuses

on six types of bills: groceries, restaurant, travelling, electric-

ity,  water,  and  hospital  bills.  Extracting  data  from  printed

bills using computers would be a more efficient solution. In

light of this, our research discusses the possibility of develop-

ing  a  system  that  can  automatically  extract  information

from  bill  images  without  human  intervention  using  avail-

able extraction tools.

Extraction and identification of unstructured data

has  always  been  a  challenging  task.  Processing  such  enor-

mous amounts of data is difficult; however, recent develop-

ments in computer vision have made this task more manage-

able [1].  Our research aims to gather information from in-

voices  and  process  them to  determine  current  user  prefer-

ences  and  how  they  change  over  time.  This  can  also  help

identify the financial expenses of an organization or a fami-

ly. Most invoice-issuing units still rely on manual identifica-

tion techniques, which leads to issues such as low efficiency,

errors, and difficulty in securing information. To address th-

ese challenges, this research proposes an end-to-end frame-

work for bills and invoice recognition using machine learn-

ing.

The  system  first  takes  an  invoice  image  as  input

and processes  it  through an optical  image conversion tool,

“Optical Character Recognition (OCR),” which extracts the

information.  OCR  typically  involves  three  steps:  scanning

the  document,  recognizing  the  text,  and  saving  the  output

in a desired format, generally as text. This text contains two

types of  data:  table data and metadata (header and footer).

We used YOLOv5 to extract  table  data  and SpaCy NER to

extract metadata. The collected information is saved in mul-

tiple  parts,  including  the  organization  and  its  address,  bill

ID, tax calculation, and total. These components are divided

into  sections  so  the  data  can  be  saved  in  JSON  format,

which  can  then  be  automatically  stored  in  a  MongoDB

(NoSQL)  database.

This service-oriented application maintains invoic-

es for a user and makes them available for analysis and visu-

alization. The machine learning approach for digitization is

discussed  in  this  work,  including  unsupervised  models  for

entity recognition and bill  processing.  The work highlights

how much unstructured information is created through ev-

eryday interactions. Unstructured data can be found in vari-

ous forms, such as PDFs, SMS, and formal documents. It is

an important aspect of data gathering for this project since

it is extracted and used for decision-making, and the result-

ing information improves the system’s efficiency.

In  this  project,  we  utilized  three  models:  NER,

OCR, and YOLOv5. NER (Named Entity Recognition) iden-

tifies and classifies named entities in text, such as people, or-

ganizations, and locations. OCR (Optical Character Recog-

nition)  extracts  text  from  images  or  scanned  documents.

YOLOv5 (You only look once, version 5) is a popular real--

time object detection model that can detect and localize ob-

jects  in  images  or  videos.  Using  these  models  together  en-

ables  the  extraction  of  valuable  information  from  multiple

data sources, providing insights that support decision-mak-

ing and enhance performance in various applications. Fur-

ther sections present an overview of all these models.

Optical Character Recognition (OCR)

The  field  of  Artificial  Intelligence  encompasses  a

number of subfields, one of which is computer vision. This

subfield  investigates  how  computers  interpret  digital  im-

ages;  unlike humans, computers don’t have eyes or a mind

to  interpret  what  they  see.  One  use  of  computer  vision  is

identifying digital images and converting them into strings

through  Optical  Character  Recognition  (OCR)  (Figure.  1).

It  involves  extracting  textual  information  from  a  picture

and converting  it  into  a  format  a  machine  can understand

[2]. It also allows automated extraction of data from printed

or  handwritten  text  in  scanned  documents,  which  is  then

transformed into a machine readable format for tasks such

as editing or searching [3]. OCR can be employed in a wide

range  of  applications,  from  reading  ZIP  codes  to  reading

number plates [4], [5], [6].

However, computerized OCR systems still face dif-

ficulties. Some letters and numbers look almost the same to

computers, making them hard to differentiate. Additionally,
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extracting text that is not clearly visible can be challenging.

Tausheck,  a  German  scientist,  proposed  the  concept  of

OCR technology in 1929 during his work on pattern recog-

nition [2]. After a decade of research, simple recognition sys-

tems such as postal code readers were developed, making it

possible to automatically recognize codes on mail [7]. Simi-

larly,  China  began  analyzing  OCR  technology  after  1970

and developed systems to  recognize  Chinese  characters.  In

1986,  researchers  at  Tsinghua  University,  in  collaboration

with other universities, proposed an invoice recognition sys-

tem based on OCR, leading to the development of the Chi-

nese invoice OCR model [8]. Since then, various OCR mod-

els have been proposed for different purposes. In this study,

we used the Easy OCR technique, although other OCR algo-

rithms could also be applied as discussed above.

Figure 1: OCR Converts the Contents of Images, Pdfs And/or Scanned Document into Text Format.

Yolo

You Only Look Once (YOLO) is a single-shot ob-

ject detection algorithm presented by Joseph Redmon et al.

in 2015 [9]. It is extremely fast and suitable for real-time ap-

plications. Object detection algorithms are generally catego-

rized  into  two  types:  region  proposal–based  methods  such

as R-CNN, Fast R-CNN, and Faster R-CNN [10]–[12], and

regression-based  methods  such  as  YOLO.  Both  techniques

generate Region Proposal Networks (RPNs) and classify th-

ese proposals.

Before  YOLO,  R-CNN  models  were  widely  used

for  object  detection.  Although  they  produced  reliable  re-

sults,  they  were  slow due  to  the  multiple  steps  involved  in

generating  bounding  box  proposals.  YOLO  was  developed

to eliminate these multiple stages and perform detection in

a  single  step,  reducing processing  time.  In  contrast,  two-s-

tage detectors emphasize accuracy, whereas one-stage detec-

tors focus on speed. One-stage models like YOLO achieved

high  speed  by  simplifying  the  architecture  and  removing

the  pipeline  [9],  though  they  initially  had  lower  accuracy.

Continuous improvements have been made, and a compre-

hensive  review  of  YOLO  variants  (v1–v5)  is  provided  in

[13].

In  this  study,  we  used  YOLOv5  to  extract  table

content from bills and invoices. YOLOv5, created by Glenn

Jocher  (2020),  incorporates  mosaic  data  augmentation and

automated anchor box learning.

Named Entity Recognition (NER)

Another subfield of Artificial Intelligence is Natu-

ral  Language Processing (NLP),  which focuses on enabling

computers to understand and process human language. The

concept  of  named  entities  was  first  introduced  during  the

Sixth Message Understanding Conference (MUC-6), which

aimed to extract structured information from unstructured

text. Identifying references to names (person, organization,

location) and numeric  expressions (date,  time,  money) be-

came  known  as  Named  Entity  Recognition  (NER)  [14].
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NER  is  a  widely  used  NLP  approach  for  recognizing  and

classifying  key  information  in  text  into  predefined  cate-

gories  [15].

SpaCy  is  a  widely  used  Python  NLP  library  that

provides several functionalities, including NER. In this pro-

ject, we used SpaCy to extract metadata such as headers and

footers from bills and invoices. SpaCy’s NER model uses sta-

tistical  techniques  like  Conditional  Random  Fields  (CRF)

and neural network architectures to analyze text and predict

named entities with corresponding labels. By leveraging th-

ese features, we accurately extracted metadata, enabling fur-

ther analysis and efficient processing. Overall,  SpaCy’s ver-

satility and advanced capabilities make it a powerful tool for

tasks such as metadata extraction from bills and invoices.

Literature Survey

Before commencing this research, a large number

of currently available technologies and previous work were

examined and taken into account. This provided us with ad-

equate knowledge and information that clarified the metho-

dology  that  was  used  to  get  the  most  favorable  outcome.

Tesseract,  an open source and well  known OCR technique

is  still  in  demand.  The Tesseract  performs its  fundamental

processing using a pipeline technique that is comprised of a

series of step-by-step procedures, during which a connected

component analysis is carried out.

In  this  section,  we  are  presenting  an  overview  of

previous studies concerning with the specific task of extract-

ing  structured  information  using  machine  learning.  When

it comes to the process of extracting text from invoices and

bills, the input document is frequently more effectively rep-

resented  as  a  dispersed  arrangement  of  many  text  blocks

rather than as a single contagious body of text [16, 17] start-

ed the very first review on image segmentation and recogni-

tion on a  chines  bank invoice  which is  a  color  picture  and

implemented  using  an  encryption  standard.  The  essential

detailed information on the invoice is located at the right an-

gle and is made up of 26 English cross-rows and 0–9 numer-

als.  Each invoice has a distinct encoded version of this im-

portant  information.  The  Chinese  bank  digitally  controls

computer-generated  bills  using  an  image  processing  tech-

nique. 92% of the letters are correctly identified.

Many  researchers  have  utilized  the  text  recogni-

tion  or  OCR  technologies  to  translate  the  scanned  docu-

ment to a machine readable format. Tesseract‘s OCR engine

produces  low  quality  results  if  the  images  given  to  it  are

very noisy or contain any item that are not necessary. There-

fore,  images  need  to  undergo  preprocessing  before  being

sent to the tesseract OCR system. In one of the studies, au-

thors  [18]  analyzed  the  scanned  document  in  two  steps;

skew  detection  and  segmentation.  Primary  responsibilities

of skew detection are visualized and coordinated the image

accurately. Noise should not be there. The modules for text

detection  and  localization  are  closely  related  with  each

other. Similarly, the name implies, text segmentation is the

procedure  of  splitting  up  scanned  text  into  useable  parts

like  words,  sentences,  or  ideas.

Furthermore,  Open  CV  (Open  Source  Computer

Vision Library), a machine learning and computer vision li-

brary, built to provide the common structure for computer

vision applications, taken into consideration to remove the

unnecessary  and  unwanted  noise  and  objects  from  back-

ground [19]. The Open CV library allows for the processing

of images with greater quality and having effective data ex-

traction.

Authors [20] made an attempt to transform physi-

cal invoices to the digital environment. They have tesseract

OCR with CNN to recognize raw materials from handwrit-

ten  text.  In  this  investigation,  distinct  CNN  architectures

were employed. LeNet-5 is a basic and tiny architecture that

has been successfully used to read bank checks. The alterna-

tive  architecture,  VGG  architecture,  where  instead  of  the

vast filters like 9x9 and 11x1 utilized in prior architectures,

tiny filters like 3x3 are employed to extract features. Because

invoice  photos  are  structurally  identical,  a  more  thorough

inspection  was  necessary  smaller  size  filters  provide  more

detailed picture analysis. CNN architectures, which are pop-

ular in image classification, have also been applied in docu-

ment classification research. In the Deep Document Classifi-

er document classification study, a CNN architecture-based

document  classification  system  was  demonstrated  utilizing

the Image Net data set, which contained millions of sample

pictures.  The  system  uses  document  pictures  with  dimen-

sions of 3x227x227 and comprises of four convolutions and

three completely linked layers to analyze and extract the fea-
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tures in bill effectively.

Table 1: Relevant Studies on Text Extraction from Bills

Year,
Ref Benchmark Techniques Contribution

2018,
[21]

Bank serial number
of Renminbi (RMB)

Block-wise Prediction
Network (BPN), OCR

Provided a full stage study of bank serial number
recognition system with 99.92% character accuracy

and 99.24% Renminbi accuracy.

2018,
[22]

Edge detection
system from images

Convolutional neural
network (CNN), OCR

Preprocessing and post processing is applied with
various phases. Testing accuracy is 95% if image

taken at a distance of 10m. Model, failed when apply
on blurred images.

2018,
[23]

Total amount of the
bill from daily uses

OpenCV, Tesseract,
OCR

This research shown a good result when apply on
digital images invoices but often for handwritten

bills. Accuracy and efficiency relatively good.

2017,
[24]

Printed hard copy
documents OCR Extracted all kinds of blurred images and converted

binary text object into ASCII

2009,
[25]

Chinese bank bills,
scanned input Text extraction tools.

Applied preprocessing, image processing and then
number and letter segmentation. They got 92%

accuracy on letter recognition and 99 % accuracy on
number recognition.

2017,
[26]

Scanned and camera
capture images of

ERP system

Stroke Width
Transform (SWT)

text detection

Extracted the edge of images using the canny edge
detector, define the character candidate region, and

then clustering the region into text.

2019,
[27]

Invoice information
based on template

matching

OCR along with
Contour extraction,

edge detection

Identify the information in four steps;
preprocessing, matching of template, apply OCR,
and exporting of information. They claimed that
important information such as money, goods and
purchases were accurately identified with 95% of

accuracy.

2019,
[28]

Visual text of
information

CNN based feature
extractor

EATEN (Entity-aware attention text extraction
network) proposed which is a single shot method to

extract information. Study provides a new
perspective of text recognition.

2018,
[29]

Arabic and Latin
scanned invoice OCR without layout

Entity extraction framework is proposed. Structure
relationship graph built for entities. Failed to

capture the large portion of Arabic invoices. Work
carried out in around 150 real invoices.

2016,
[30]

Chinese bank
statement images OCR engine for digits

Geometrical and sentimental knowledge is used to
recognize the digit. Showing the page layout

accuracy in 98% and recognition accuracy is 89%.
Work carried out on 569 bank statement images

Other  studies  have  focused  on  the  use  of  natural

language processing (NLP) techniques for bills and invoices

analytics.  For  instance  [17]  developed  an  NLP-based  ap-

proach for extracting structured information from invoices,

such as  line items and their  corresponding prices.  In addi-

tion, some studies have proposed end-to-end machine learn-

ing frameworks for bills and invoices analytics. For example

[31] developed a framework that combines optical character

recognition (OCR) with machine learning techniques for ex-

tracting  information  from  invoices.  Their  framework
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achieved  high  accuracy  in  extracting  invoice  data,  such  as

supplier name, invoice date, and total amount.

Overall, these studies demonstrate the potential of

machine learning and NLP techniques for bills and invoices

analytics, and highlight the importance of developing end--

to-end frameworks for automating the process.

Materials and Methodology

A general invoice often contains three parts: the or-

ganizational  details,  item/commodity  details,  and  total

amount  details.  The  organizational  details  can  be  further

classified  as  organization  name,  address,  phone  number,

and  email.  The  item/commodity  details  part  also  contains

item name, quantity,  unit price,  and total  price of the item

in a list. Similarly, the details in the total part include the to-

tal amount, tax amount, and total amount with tax.

The  Azure  Form  Recognizer  service  [32]  offers

JSON-formatted  output  to  facilitate  data  processing.  For

our project, we utilized the prebuilt Receipt model in Form

Recognizer,  which performs an analysis of the input image

and returns a JSON-formatted output containing key-value

pairs for each extracted entity or line of text. The output in-

cludes  information  on  the  success  or  failure  of  the  opera-

tion, as well as details on the Form Recognizer service, such

as the version and prebuilt model used. The JSON output al-

so includes a confidence level for each extracted field, indi-

cating the degree of  accuracy of  the extracted information.

Additionally, it provides information on the extracted enti-

ties,  including  the  entity's  type,  value,  text,  and  "Bounding

Box" information, which specifies the position of the entity

within  the  image  using  coordinates.  Confidence  values

range from 0 to 1, with higher values indicating greater accu-

racy. Ultimately, we will leverage machine learning to auto-

mate  this  entire  structured  process,  standardizing  the  ex-

tracted data for further analysis.

Easy OCR is a deep learning-based Optical Charac-

ter Recognition (OCR) tool that utilizes Convolutional Neu-

ral  Networks  (CNNs)  and  Recurrent  Neural  Networks

(RNNs) to accurately recognize and extract characters from

an image (Figure2). The text output generated by Easy OCR

represents  the  extracted  characters  from  the  input  image,

and can be further processed and analyzed for various natu-

ral language processing tasks.

Figure 2: Text extracted from bill using Easy OCR
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In  the  view  of  the  above  narration,  our  proposed

framework  consists  of  4  components  including  image-to--

text translation, invoice classification, meta-text recognition

and  table  detection.  For  each  part  we  used  separate  algo-

rithms.  Working  of  all  components  is  described  in  se-

quences  as  follows

Image-To-Text Translation

In  the  initial  phase  of  our  project,  we  employed

Optical  Character  Recognition  (OCR)  technology  to  con-

vert  images  into  machine-readable  text  format.  OCR tech-

nology  utilizes  advanced  artificial  intelligence  algorithms,

such as deep learning neural networks and pattern recogni-

tion, to accurately recognize and extract characters from the

input  image.  The  converted  text  data  can  then  be  further

processed  and  analyzed  for  various  natural  language  pro-

cessing tasks. (Figure 3)

Figure 3: Framework of Easy-OCR

This process typically involves the following steps:

Pre-Processing

The  pre-processing  stage  is  the  most  crucial  step

in recognition of any hand written or printed invoices. It re-

quires a number of processes, such as binarization, noise re-

duction, smoothing, base line detection, skew detection, fil-

tering, skeletonization, or thinning, among other things.

Segmentation

In the segmentation process, the pre-processed in-

put data is broken down into smaller pieces so that the spe-

cific  features  within  the  input  picture  may  be  identified.

Once  the  lines  have  been  segmented,  bounding  box  meth-

ods  may  be  used  to  extract  the  characters  one  by  one.  At

last, the size of each character's image is standardised at 32

by 32 pixels.

Feature Extraction

The system extracts various features from the seg-

ments, such as shape, size, and texture, to identify the char-

acters. For character recognition, we first employ a process

called "feature extraction," in which the most useful features

of the text picture are extracted.

Character Recognition

The  system  uses  machine  learning  algorithms  to

match the features of the segments to a database of known

characters, such as the ASCII or Unicode character sets.

Post-Processing

The recognized text is post-processed to correct er-

rors,  fill  in  missing  characters,  and  format  the  output  to

match  the  desired  format.

NER Algorithm for Entity Recognition

In  our  project,  we  utilized  a  NER  (Named  Entity

Recognition) algorithm to identify and extract entities from

the meta data section of  invoices/bills.  The NER algorithm

is a natural  language processing technique that enables the

identification of  named entities,  such as  people,  places,  or-

ganizations, and other significant items from text data. The

NER  algorithm  identifies  and  extracts  entities,  such  as  in-

voice/bill  type,  restaurant  name,  mobile  number,  invoice
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number, and other relevant information from the meta data

section of invoices/bills. By leveraging NER technology, we

were able to automate the entity recognition process, which

typically requires manual effort and time. The extracted enti-

ties can then be used for further processing and analysis, en-

abling organizations to efficiently manage and process their

invoice/bill data.

We  have  performed  this  entity  extraction  task

with Spacy v3. Spacy has a very fast statistical entity recogni-

tion engine that assigns tags to spans of consecutive tokens.

With the use of its ‘ner’ pipeline component, Spacy can iden-

tify token spans that correspond to a given set of named en-

tities. The ‘ents’ property of a Doc object contains informa-

tion about them.

The purpose of using Spacy v3 for NER entity ex-

traction is to find various entities and their keys in a receipt

or bill.  Such as store_name, store_address,  contact,  gst_no,

date,  time,  total  etc.  NER  tagging  solved  the  problem  of

rule-based  entity  extraction  using  regular  expressions.  As

regular expressions would not work if an entity is not match-

ing  with  the  rules  we  created  using  regex.  So,  to  solve  this

problem we use the NER method.

Data Extraction

Our  bill  storage  approach  is  designed  to  be  ver-

satile  and  highly  generalized,  supporting  all  types  of  bills.

We begin by storing store-related details, followed by item/-

customary details, and finally total details. Our approach en-

sures  that  the  storage  of  bills  is  comprehensive  and adapt-

able  to  various  formats,  enabling  our  system  to  effectively

handle a diverse range of billing scenarios.

Figure 4: Data extraction

This flexibility extends to the tax details  and total

calculation,  which  may  vary  depending  on  whether  an

item's price is inclusive or exclusive of taxes. Precise and ac-

curate  calculation  is  essential,  and  we  ensure  this  by  per-

forming  the  calculation  concisely.  Once  the  data  is  struc-

tured, we store it in a database using Mongo DB, a No SQL

database  that  allows  for  structured  data  storage.  Mongo

DB’s ability to store data in JSON record format aligns well

with our chosen bill format, providing a flexible and easy--

to-manage data storage solution.

Table detection (Yolo v5)

We  have  also  utilized  YOLOv5,  a  state-of-the-art

object detection algorithm, to accurately identify the struc-

ture  of  tables  within  the  given  data.  In  conjunction  with

YOLOv5,  we have employed Paddle  OCR,  a  robust  optical

character recognition (OCR) framework, to extract text in-

formation from the detected table cells with high precision.

By  combining  these  powerful  tools,  we  have  achieved  effi-

cient  and effective  table  analysis  results,  enabling us  to  ex-

tract  valuable  insights  from  complex  datasets.  YOLO  v5  is

the latest version of the YOLO series and is designed for im-

proved accuracy and speed.
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The  model  takes  an  input  image  and  outputs

bounding boxes around detected tables, along with a confi-

dence  score  indicating  how  certain  the  model  is  about  the

detection. A novel technique, termed "dynamic anchor box-

es,"  is  used in this  YOLO v5 to generate  the anchor boxes.

Clustering the ground truth bounding boxes and then em-

ploying  the  centroids  as  anchor  boxes  is  the  method  em-

ployed  here.  Therefore,  the  anchor  boxes  may  be  adjusted

to better fit the dimensions and contours of the objects that

have  been  identified.  Spatial  pyramid  pooling  (SPP)  is  a

new  sort  of  pooling  layer  in  YOLO  v5  that  is  used  to  de-

crease  the  feature  maps'  granularity  in  space.  Since  SPP

gives the model a broader perspective, it is able to better rec-

ognize even the smallest of things. Although YOLO v4 also

makes use of SPP, the SPP architecture has been much im-

proved  in  YOLO  v5,  allowing  for  more  impressive  out-

comes.

Overall Model Architecture

Lastly, by fusing the output of NER with YOLOv5,

we potentially  improve the  accuracy of  object  detection by

incorporating  information  about  named  entities  in  an  in-

voice. For example, if the NER model identifies a person in

the scene, the object detection model may be better able to

identify  and  track  that  person.  To  perform  this  fusion,  we

developed a pipeline that takes in input data (such as text or

images), passes it through both the NER and YOLOv5 mod-

els,  and then combines the output in a  meaningful  way,  as

shown in figure 5.

Figure 5: The Complete Processing System for the Deployment of the Proposed Approach.

The process begins by passing the input image or

PDF document through a processing model that utilizes op-

tical character recognition (OCR) technology to extract text

from the input file. The data extraction stage is further divid-

ed  into  two  parts,  the  first  part  extracts  meta  details  from

the bill or receipt, including store name, store address, and

additional  information,  utilizing  Regular  Expression  tech-

niques.  The  second  part  deals  with  tabulated  data,  such  as

item names, prices, and quantities, which is extracted using

Camelot model and other form recognizer techniques.  Th-

ese techniques generate output data in a key-value pair for-

mat, which is concatenated to obtain the complete bill data

in JSON format. This JSON data can be saved as a separate

file or loaded into a database for further analysis.

Result & Discussion

Artificial  intelligence  (AI)  can  be  applied  to  vali-

date the accuracy of receipt information and provide clients

with precise rate predictions.  This can simplify the process

of adjusting order calculations, and allow for testing of dif-

ferent  algorithms.  AI  can  also  automate  internal  business

processes, increasing efficiency. To improve optical charac-

ter recognition (OCR) extraction accuracy, it is necessary to

evaluate extraction algorithms and develop better OCR en-

gines. Additionally, improving accuracy in the extraction of
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text requires the extraction of different types of layouts and fields.

Figure 6: Text Extracted from PDF/ Image file

To  increase  system  efficiency,  larger  datasets  can

be used to train algorithms, and more data fields can be ex-

tracted from all  types  of  bills.  By  deploying the  Azure  API

process, individuals can use machine learning to build user-

specific  data  models  and  classifications  that  are  tailored  to

client needs.

Figure 7: Data Extracted in JSON Format Using Azure

Further Study

Once bills are stored in the database, users can re-

trieve and view the stored data.  Filter  options are available

to enable  users  to monitor and filter  the records they wish

to view. In cases where text prediction errors are identified,

users  may  manually  modify  the  data  and  incorporate  the
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corrected  text  into  JSON format,  tailored  to  the  fields  that align with their requirements.

Figure 8a: Visualization of Items List Data – Bar Graph

As  developers,  we  have  the  option  to  train  or  re-

train the algorithm to detect specific features that clients de-

sire by exposing the algorithm to images that include or ex-

clude these features.

The  visualized  expenditure,  based  on  itemized

bills,  is  presented  through  Figures  15a  to  15d,  within  the

Utility Analysis processing system, as per the user's require-

ment.  This  graphical  representation  facilitates  a  better  un-

derstanding of the amount spent and where it was spent on.

Furthermore,  this  visualization  is  instrumental  in  loading

the data into the database.

Figure 8b: The Visualization Cost Price of Each Item
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Figure 8c: Visualization of Total Prices Spent on Each Item

This approach enables us to continually refine and

improve  the  accuracy  of  our  text  prediction,  ensuring  that

our  system  consistently  meets  the  evolving  needs  of  our

clients.  Finally,  the  filtered  data  can  be  sorted  based  on  a

range of criteria,  such as date,  store name, item name, and

more, enabling users to identify and access the relevant re-

cords with ease and convenience.

The culmination of our bill processing and storage

approach is the visualization of data. The dashboard page of

the application presents key fields such as the count of bills

data, the overall number of bills, and the total amount spent

within  a  given  timeline.  These  essential  metrics  provide

users  with  a  comprehensive  overview  of  their  spending

habits  and  enable  them  to  make  informed  decisions  based

on this data.

Figure 8d: Visualization of the Number of Products Purchased

The  final  part  of  our  system  involves  visualizing

the data. This is achieved by displaying store details, bill to-

tal  amounts,  tax  amounts  for  all  uploaded  bills,  and  da-

ta-based visualizations. The third part of the system focuses

on item-level details, and utilizes tools such as Pandas, Plot-

ly,  and  Streamlit  for  user  interface.  The  image  in  Figure  5

provides an overview of the system's processing, beginning

with the conversion of PDFs or images into a standardized

format, followed by text extraction from the bill and passing

it through Form Recognizer to retrieve the required data in

JSON format. This data can then be added to a database for

further analysis, based on customer requirements. The anal-
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ysis can be used for financial calculations on a daily basis.

Conclusion

The Utility  Bill  Analysis  is  a  comprehensive solu-

tion that empowers users to perform bill analysis through vi-

sualizations  created  using  Plotly.  The  components  of  the

bill can be conveniently filtered to suit user preferences. The

solution extracts bill text and stores it in a structured JSON

format  in  MongoDB.  It  utilizes  EasyOCR  and  Azure  form

recognizer  for  the  purpose  of  text  extraction  and  analysis.

EasyOCR facilitates  the  extraction of  text  from JPEG/PNG

bills,  while  Azure  form  recognizer  enables  the  identifica-

tion, extraction, and analysis of text, tables, and form fields

from  various  types  of  scanned  documents  and  mobile

phone  images  without  manual  intervention.  The  solution

features  a  user-friendly  interface  that  enables  easy  bill

upload  and  analysis  without  any  security  concerns.  Users

have the flexibility  to decline the save option if  they prefer

not to store their bill data in the database. Additionally, they

can manually modify the items list from the bill if required,

either  to  correct  errors  detected  by  OCR  or  to  reflect  any

modifications.  This  end-to-end  solution  provides  a  user-

friendly way to analyze and visualize bills of various kinds,

which can help users keep track of their expenses.
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