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ABSTRACT

Intelligent Document Processing (IDP) using Artificial Intelligence (Al) enables organizations to
efficiently process and analyze large volumes of unstructured and semi-structured data. Traditional
rule-based and manual methods struggle with scalability and complexity, whereas Al-driven IDP
leverages machine learning, natural language processing, computer vision, and deep learning to
enhance accuracy and decision-making. This paper presents a comprehensive study of Al-based IDP
systems before 2019, focusing on their architecture, methodologies, and applications in digital
enterprises. It explains how technologies like OCR convert scanned documents into machine-readable
formats and how supervised and unsupervised learning improve classification and data extraction. A
modular architecture including ingestion, preprocessing, classification, extraction, validation, and
storage is discussed. The study highlights improved performance in terms of accuracy, precision,
recall, and processing time compared to traditional systems. Applications across banking, healthcare,
insurance, and logistics are examined. Finally, key challenges such as data privacy, model
interpretability, and system integration are identified, along with future research directions,
emphasizing the role of Al-driven automation in digital transformation.
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1. INTRODUCTION

1.1. Background

The exponential increase in digital data has posed a major challenge for businesses to
effectively process and manage vast amounts of documents. Much of this data is unstructured, such
as PDFs, scanned documents, emails and handwritten notes, and cannot be readily processed for
extraction through conventional approaches. Traditional document processing solutions typically
rely on manual intervention or inflexible rules, which are inefficient, error-prone, and incapable of
adapting to evolving needs. To overcome these challenges, Al-driven Intelligent Document
Processing (IDP) is an effective approach. Using Optical Character Recognition (OCR) technology
combined with machine learning and Natural Language Processing (NLP) approaches, IDP systems
can classify, extract and understand documents automatically. This enables businesses to automate
processes, cut costs, and enhance accuracy while scaling to process complex and unstructured data.

1.2. Evolution of Document Processing Systems

{Manual Document Processing

OCR-Based Systems

Rule-Based Automation

Machine Learning-Based Systems

Deep Learning and Al-Based IDP

Fig 1 - Evolution of Document Processing Systems

e Manual Document Processing: Document processing began manually with human labour to
read, understand and transcribe information from documents. This method offered
adaptability and human reasoning, but was very slow, labor-intensive and prone to human
error. With growing volumes of documents, manual processing became slow and unscalable
for enterprise-level activities.

e OCR-Based Systems: The breakthrough came with the advent of Optical Character
Recognition (OCR). OCR technology allowed documents to be scanned or printed and then
converted into a text format, eliminating the need for typing. But these systems only
recognised text, not meaning, and were therefore incapable of handling documents with high
levels of complexity.

e Rule-Based Automation: To overcome the limitations of OCR, rule-based automation systems
were introduced, which applied pre-defined templates, keywords and rules to identify and
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extract information. These were effective for documents with a fixed structure, like forms and
invoices. But they were rigid and unable to handle different document structures, leading to
the need for constant manual adjustments and updates.

e Machine Learning-Based Systems: Machine learning brought flexibility to this field. Machine
learning systems were able to learn from data, allowing for document classification or
information extraction based on learned models. Methods like supervised learning and
feature extraction enhanced the process and reduced configuration efforts. But they still
needed large amounts of labeled data and feature extraction.

¢ Deep Learning and Al-Based IDP: Thanks to recent breakthroughs in deep learning, there are
now Al-based Intelligent Document Processing (IDP) systems. Using neural networks,
Natural Language Processing (NLP) and computer vision, they can interpret the structure,
content and meaning of documents. These systems can handle unstructured and semi-
structured data with great precision and efficiency. This transition from digitisation to
automation is a leap from static to smart document processing, allowing for more effective
document handling in the enterprise.

1.3. Importance in Digital Enterprises

Intelligent Document Processing (IDP) is essential in today's digital enterprises due to the
increasing demand for data processing and automation. A key advantage of IDP is cost reduction.
The automation of mundane and time-consuming processes such as data entry, document
classification and data extraction allows companies to reduce manual intervention, thus reducing
costs and avoiding human error. IDP also accelerates document processing. Manual processing and
handling of large volumes of documents can take a significant amount of time, while IDP systems can
process thousands of documents in a short time frame, enabling faster processing and increased
productivity . IDP also allows for greater data accuracy. Human-led processes involve inconsistencies
and errors, particularly with complex or unstructured data. IDP, with its use of machine learning and
natural language processing, delivers more accurate and reliable extraction, which helps to ensure
data integrity in business workflows. Additionally, IDP facilitates real-time decision-making with
instantaneous access to structured information. The extracted data can be immediately analyzed and
used for making decisions without waiting, which is crucial in industries like finance, healthcare, and
logistics. Ultimately, IDP not only automates document-intensive workflows but also helps
businesses achieve greater efficiency, accuracy and competitiveness in a data-driven world.

2. LITERATURE SURVEY

2.1. Early OCR-Based Approaches
The earliest document processing systems were simply constructed on the basis of Optical
Character Recognition (OCR) that concentrated on transforming scanned images or printed text into
machine readable forms. These systems were based on pattern recognition and image preprocessing
algorithm like binarization, noise elimination and segmentation to detect characters. Although OCR
greatly cut down on manual data entry work, its performance was hampered by issues like low
quality of image, font variations, the complexity of handwriting, and distortion of documents. In
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addition, these systems had no capability to discern any meaning or context of text that they
extracted and could only be used in simple digitization operations, not in the smart interpretation of
a document.

2.2. Rule-Based Information Extraction

Information extraction systems that were based on rules were a step forward as they added
systematic logic in processing documents. They operated on predefined templates, keyword
matching and heuristic rules to recognize and extract particular fields in documents, such as invoices
or forms. They excelled in well-organized and regular document structures where designs were not
altered. Nevertheless, their inflexibility turned out to be a significant drawback in practice when
layouts of documents changed often. Any variation of the established rules tended to lead to
extraction errors and such systems were difficult to maintain or upgrade and were not as scalable or
adaptable.

2.3. Machine Learning-Based Approaches

The advent of machine learning made document processing systems more flexible and
intelligent. The use of supervised learning methods allowed models to categorize documents into
classes using labeled training data to enhance the automation of document workflows. Systems were
able to extract meaningful patterns through text by use of feature extraction techniques, including
bag-of-words, TF-IDF, and statistical representations. Probabilistic models such as Naive Bayes and
Hidden Markov Models were also used to improve the capacity of the system to cope with
uncertainty and variability of data. These methods decreased reliance on strict guidelines and
enhanced flexibility, yet, they still needed extensive feature engineering and large labeled data sets to
perform their best.

2.4. Deep Learning Advancements

Deep learning transformed Intelligent Document Processing (IDP) to allow systems to learn
complicated patterns directly on raw data without spending a lot of time manually engineering
features. CNNs enhanced image-based tasks, including layout detection and character recognition,
by hierarchical representations of spatial features in document images. RNNs, especially Long Short-
Term Memory (LSTM) networks, have been used to improve sequence modeling, and hence are
useful in contextually processing text. Transformer-based architectures such as BERT and GPT, more
recently, provided strong contextual understanding by learning long-range dependencies in text.
These developments have made a big leap in accuracy, robustness, and scalability in unstructured
and semi-structured document processing.

2.5. Comparative Analysis

An overview of the various document processing methods reflects the development of
performance and capabilities as time goes by. Although simple, manual processing has a low
scalability and requires a lot of human labor, which causes low efficiency and moderate accuracy.
Systems that are based on rules enhance consistency but cannot adapt well in dynamic conditions.
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Text digitization is boosted by OCR based systems which do not have in-depth knowledge.

Conversely, Al-based IDP systems have a better accuracy, scalability, and flexibility because they use

machine learning and deep learning methods. This development is a clear indication of the transition

of the hard, human-intensive systems to the smart, automated systems with the ability to deal with

the complex and varied document processing tasks effectively.

3. METHODOLOGY

3.1. System Architecture

1. Document

. 2. Preprocessing ‘ 3. Classification 4. Data Extraction 5. Validation 6. Storage
Ingestion
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Fig 2 - System Architecture

Document Ingestion: The first step of the IDP system is document ingestion, which gathers
documents based on different input sources including scanners, emails, cloud storage, or
enterprise databases. The documents may have various formats such as PDFs, images or
digital text files. The system guarantees both structured and unstructured data are effectively
handled and data integrity is assured. Metadata tagging and batching (to simplify
downstream processing) may also be included in this stage.

Preprocessing: Preprocessing prepares the documents that have been ingested to be properly
analyzed by enhancing the quality and consistency of the documents. The activities associated
with this step include noise elimination, image optimization, skewness correction,
normalization and format standardization. This can also be applied using Optical Character
Recognition (OCR) to encode images into a machine-readable text. Good preprocessing is
paramount, and it can directly affect the quality of further classification and extraction
processes.

Classification: During the classification phase, the documents are automatically divided into a
set of classes that include invoices, receipts, forms, or contracts. This is normally done through
machine learning or deep learning models which are trained on labeled data. Proper
classification facilitates in directing documents to suitable extraction pipelines, and makes
sure that the system executes the right processing logic on the type of document to enhance
the overall efficiency.

Data Extraction: Data extraction is dedicated to locating and extracting pertinent data in
documents, e.g., names, dates, invoice numbers, or totals. The extraction of structured and
unstructured data is done using advanced methods such as Natural Language Processing
(NLP), deep learning, and pattern recognition. This step converts raw document content into
meaningful and organized data that can be analyzed easily or integrated with other systems.
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e Validation: Validation provides accuracy and reliability of the extracted data. This measure
can be rule-based, cross-field validation, and confidence scoring to identify errors or
discrepancies. Human-in-the-loop verification is added to some of the critical data points in
some cases. Validation assists in ensuring data quality and minimizes the chances of wrong
information being transmitted to downstream systems.

e Storage: The last phase is storage of the processed and validated data in the right storage
systems like databases, data warehouses or clouds. Data is structured so that they are easily
retrieved, queried and combined with business applications. Furthermore, they can store
documents and their extracted data to comply and be audited. Scalability, security and long-
term access to processed data are guaranteed by efficient storage.
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Fig 3 - Document Processing Pipeline

3.2.1. Preprocessing

Preprocessing is a very important stage in document processing pipeline which converts raw
documents into proper ones to be analyzed. It starts with noise reduction, the undesired distortions
including speckles, blurs, or artifacts in the background are removed to enhance the clarity. Image
enhancement algorithms such as contrast adjustment, sharpening, and skew correction are then
followed to make the document easier to read by human and machine. Lastly, text normalization
guarantees uniformity of the extracted text through standardization of formats, fixing of irregular
spacing and conversion of text into a standard format. Such joint actions can substantially enhance
the performance of the downstream operations such as the classification and data extraction.
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3.2.2. Classification

During the classification phase, machine learning algorithms are applied to automatically
classify documents into one of the pre-defined classes (i.e., invoices, receipts, or reports). It is done by
transforming the content of the document into feature vectors that represent significant properties,
such as keywords, layout patterns, or textual structures. Support Vector Machines (SVM), decision
trees, or deep learning models are algorithms that can analyze these features to label the appropriate
category. Proper classification is crucial since it defines the manner in which the document will be
handled at other subsequent stages, so that the right extraction procedure is used.

3.2.3. Data Extraction

Data extraction is a process of locating and extracting pertinent information in the classified
documents. NLP techniques are applied to make sense of the context and the semantics of the text, so
that the system can extract the important fields like names, dates, amounts and addresses. Such
approaches as named entity recognition (NER), pattern matching, and deep learning-based models
are useful in the process of recognizing both structured and unstructured data. The step converts the
raw document content into a structured and machine readable information that may be further
processed, analyzed or used in making decisions.

3.3. Algorithm
1 (2 0 s 0
Input Apply OCR Extract Classify Extract Validate Store

Document Features Document Relevant Data Output Results
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Fig 4 - Algorithm

3.3.1. Input Document

The input document can be of many different types, including scanned pictures, PDF files, or
files produced digitally, which is why the algorithm starts with the input document. These
documents can include structured, semi-structured or unstructured information. At this point, the
system receives and sets up the document to process, so it can be compatible with the next steps. It is
vital to ensure that the various formats are handled well to achieve uniformity along the pipeline.

3.3.2. Apply OCR

After the document has been ingested, Optical Character Recognition (OCR) is used to turn
any image-based or scanned text into machine-readable text. OCR is a technology that interprets the
visual images of characters and converts them into digital text format. This step is essential to non-
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text based documents so that additional processing can be done including feature extraction and
analysis.

3.3.3. Extract Features

In this step, significant characteristics of the text and document structure are identified to
present content in a form of structure. Such characteristics can be keywords, frequency of terms,
spatial information of layout, fonts or semantic pattern. The feature extraction will aid in the process
of capturing the key aspects of the document and this is then applied as inputs in classification
models.

3.3.4. Classify Document

The classification step takes the extracted features and classifies the document into pre-
established categories (invoices, receipts or forms). The algorithms of machine learning or deep
learning process the feature patterns and label the document with the most suitable label. Correct
classification guarantees that the appropriate logic has been used to extract the appropriate data in
the next step.

3.3.5. Extract Relevant Data

Once the documents have been classified, the system concentrates on the extraction of
important information within the document. This involves the recognition of key areas like names,
dates, identification numbers or financial information. This is achieved through sophisticated
methods such as Natural Language Processing (NLP) and pattern recognition to precisely extract the
pertinent data, including unstructured text.

3.3.6. Validate Output

The validation step is used to make sure that the data extracted is accurate, consistent, and
reliable. This can include searching through missing values, testing data types and running
predefined business rules. In other instances, confidence scores are employed in determining the
reliability of information extracted, and manual verification can be added to sensitive points.

3.3.7. Store Results

Lastly, validated data is saved in the relevant storage system like databases or cloud systems.
The information is arranged in a systematic format and can easily be accessed, processed and
interoperate with other applications. Correct storage also aids in auditing, compliance and long-term
management of data so that processed papers can be used in other situations later.

4. RESULTS AND DISCUSSION
4.1. Performance Evaluation Metrics
The metrics of performance evaluation are needed to estimate the effectiveness and efficiency
of Intelligent Document Processing (IDP) system. Accuracy, precision, recall, and processing time are
among the most popular metrics, each of which offers a varying picture of the system performance.
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Accuracy is the general accuracy of the system and is the number of correctly processed documents
or extracted fields divided by the number of inputs. As much as accuracy provides a broad
impression, it might not necessarily indicate performance in situations where imbalanced data exists.
Precision, in its turn, defines the percentage of the correctly predicted positives among the overall
number of predicted positives. When used in document processing, it shows the number of extracted
data fields that are correct, in effect, this is a measure of reliability of the system. Recall is used to
determine the capability of the system to recognise all the pertinent information, which is measured
as the ratio of the number of correct positives recognised to the total number of actual positives. High
recall will mean that valuable data is not overlooked during extraction, especially in applications like
processing financial documents or legal documents. Another key measure that assesses processing
speed and efficiency is the processing time of the system which deals with documents. It also
contains the duration of each stage, starting with ingestion up to final storage and is essential to real
time or large-scale applications. An effective IDP system ought to have a compromise of these
measures, where it is highly accurate, precise and recalls, with low processing time. These metrics
combined create a complete assessment model to compare the various strategies and to achieve the
best performance of the system.

4.2. Results Analysis
Table 1: Results Analysis
Document Type Accuracy (%) Precision (%) Recall (%)

Invoices 94 92 91
Contracts 90 88 87
Forms 93 91 90
Emails 89 87 86

e Invoices: The system performs well with invoices, with accuracy of 94%, precision of 92% and
recall of 91%. This is likely due to the relative uniformity of invoices, which typically have
well-defined fields such as invoice numbers, dates and amounts. The strong precision and
recall values suggest that the model extracts most of the data accurately and finds most of the
relevant data. These figures indicate that the model is very trustworthy for invoice processing.

e Contracts: When it comes to contracts, the system has an accuracy of 90%, precision of 88%,
and recall of 87%. Contracts are generally less structured and more complex than invoices,
with more legal jargon and differing formats. This impacts slightly on the system's
performance. The reduced precision suggests some occasional inaccuracies, and the recall that
some information might be lost. However, the system still delivers good performance, and
shows it can work with semi-structured and unstructured documents.
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Fig 5 - Results Analysis

e Forms: The system does a good job on forms with an accuracy of 93%, precision of 91%, and
recall of 90%. Forms typically have a semi-structured format with fixed fields, unlike
unstructured documents such as contracts. This high precision shows that the system can
reliably extract field values, and the high recall demonstrates that it can extract most of the
required information. The figures demonstrate the effectiveness of our system for documents
that have structure but are not fully structured.

e Emails: The results for emails are slightly worse, with an accuracy of 89%, precision of 87%
and recall of 86%. Emails are very unstructured and may differ greatly in language, structure
and content, making extraction more difficult. This suggests that some extracted information
may not always be accurate, and that some important information might be lost. The system
still performs relatively well and is able to handle unstructured and informal documents.

4.3. Discussion

The findings show that Al-based Intelligent Document Processing (IDP) systems offer a
substantial improvement over conventional document processing in terms of accuracy, speed and
scalability. The high and stable performance across various types of documents (invoices, forms,
contracts, emails) demonstrates its effectiveness with both structured and unstructured documents.
The strong F1 score, precision, and recall rates suggest that the system is not only accurate in
extracting information but also able to capture most of the relevant information, which is essential for
business applications. This demonstrates the success of incorporating modern technologies like
machine learning, natural language processing and deep learning into the document processing
system. Second, it can be seen that the system is scalable. Compared to traditional manual or rule-
based systems, Al-based IDP systems can handle large volumes of documents in a much shorter time
frame with consistent performance levels. This makes them particularly valuable in the finance,
healthcare and legal sectors where they are in constant need of large-scale document processing.
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Moreover, the flexibility of AI models enables the system to adapt to new data and improve its
performance, eliminating the need for frequent manual adjustments and rule-based updates. But
despite these improvements, there are still some limitations. A key challenge is the processing of
handwritten documents, where differences in handwriting styles, illegible characters and varying
space allocation can affect OCR and extraction performance. Likewise, documents with complex
structures, like those with multiple columns, overlapping objects, or irregular shapes, can be
challenging for accurate segmentation and understanding. This can result in inaccuracies in data
extraction and classification. To overcome these issues, additional work on model training, data
variability, and the incorporation of more sophisticated deep learning models is needed. In summary,
while Al-powered IDP systems have made outstanding strides, there are still improvements to be
made in terms of accuracy and efficiency.

5. CONCLUSION

Al-driven Intelligent Document Processing (IDP) is a game-changing development in
enterprise automation that overcomes traditional challenges in handling and processing information
from a large corpus of unstructured and semi-structured data. Through the combination of
technologies like machine learning, natural language processing (NLP), and computer vision, IDP
systems offer a holistic approach to understand, categorise and extract valuable information from a
range of documents. This paper has offered a thorough exploration of IDP, including its evolution
from traditional Optical Character Recognition (OCR) and rule-based approaches to contemporary
Al-powered systems, as well as an in-depth analysis of the system architecture, document processing
workflow, algorithms, and evaluation metrics. The discussion illustrates how each technological
innovation has led to the enhancement of document processing systems.

This research clearly demonstrates that IDP systems are more accurate, efficient and scalable
than manual and rule-based approaches. The high accuracy and precision values indicate the
system's capability to accurately extract information, and high recall values indicate the system's
capability to extract all relevant information. Moreover, IDP systems offer fast processing times and
the capacity to manage document-intensive workflows, making them well-versed for practical
applications across various sectors, including financial, medical, legal, and logistics. The flexibility of
Al models also improves system performance, as they can be trained to adapt to new data and
improve their accuracy with minimal human intervention.

However, there are also challenges that need to be addressed through research and
development. One is model interpretability, given that many deep learning models are essentially
"black boxes," making them challenging to interpret. Enhancing their interpretability will be crucial
for gaining trust in key applications. Another aspect is processing documents in multiple languages,
as language, script, and grammar differences can influence extraction performance. Finally,
improving support for real-time processing will be essential for applications that need to extract and
process data in near real-time.
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Overall, Al-driven IDP systems have shown tremendous promise in transforming document
processing through intelligent, scalable and efficient processing techniques. Ongoing research and
development in Al technologies, as well as targeted study of the current limitations, will continue to
enhance IDP systems and broaden their use in more complex and dynamic settings.
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