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ABSTRACT

Optical Character Recognition (OCR) and Large Language Models (LLMs)
can be combined to improve document digitization, especially when traditional
OCR struggles with complex layouts, multilingual content, and limited
contextual understanding. This project addresses these limitations by
developing a modular OCR-LLM application designed for English, Malay, and
Chinese document processing. The methodology involves a flexible pipeline
that evaluates five free and open-source OCR engines (Tesseract, EasyOCR,
PaddleOCR, DocTR, and DeepSeek-OCR) and two locally deployable 8-
billion-parameter LLMs (DeepSeek-R1 and Llama 3.1), which are then
deployed via a Streamlit web interface. Performance evaluation on single-
column and unstructured layouts demonstrated that DeepSeek-OCR 2 achieved
the highest robustness, maintaining 90.17% accuracy on simple layouts and
83.78% on complex structures. For contextual refinement, DeepSeek-R1
outperformed Llama 3.1 with a 94.77% BERT-based Semantic Similarity Score
(BERTScore) and 81.38% Bilingual Evaluation Understudy with
Representations from Transformers (BLEURT) score. While post-processing
by the Artificial Intelligence (AI) agent improved the average Fl-score to
91.34%, it introduced a trade-off by increasing the Character Error Rate (CER)
and Word Error Rate (WER) due to semantic reformatting. Overall, this project
demonstrates that combining free, open-source, and locally deployable OCR
engines with LLMs in a modular architecture can produce a flexible, and user-
friendly document processing system without Application Programming
Interfaces (APIs) charges. Moving forward, future work should focus on GPU-
based optimization, improved support for handwritten and highly degraded
documents, stronger multilingual handling, and further enhancement of agentic

Al capabilities for more functions.
Keywords: Optical Character Recognition, Large Language Model, DeepSeek-
OCR 2, Multilingual Document Processing, AI Agent, Document Digitization,

Streamlit Web Application

Subject Area: TA168 Systems engineering
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CHAPTER 1

INTRODUCTION

1.1 General Introduction

Converting physical documents into digital form has become a crucial task for
many industries, as managing large amounts of information from paper-based
sources is now a common need. As stated by TechPrate (2023), organizations
in sectors such as banking, healthcare, education and government process large
volumes of information contained in printed reports, handwritten notes and
scanned invoices. Manually converting this information into digital formats is
not only time-consuming but also prone to human error. As a result, Optical
Character Recognition (OCR) has become an important tool for automating this
process. OCR systems can recognize printed or handwritten text from images
and convert the text into editable or searchable content, improving operational
efficiency and reducing the workload of staff (TechPrate, 2023).

However, most conventional OCR tools were developed to extract text
from clean, structured documents that are printed in a standard font on plain
backgrounds. These OCR systems reliably produce accurate results under those
conditions, but their accuracy drops significantly when dealing with real world
documents that feature multiple columns, tables, unusual layouts, a mix of
printed and handwritten text as well as multilingual content (Sharma, 2023). In
such cases, conventional OCR engines struggle to maintain accuracy, thus
producing incomplete or incorrect results which is a serious limitation when the
extracted data is used for critical purposes such as patient records, legal
agreements, or financial reporting.

Another drawback of OCR systems is lack of ability to interpret the
meaning or context of the extracted text. They can recognize characters and
words but cannot interpret the content, the relationships between different
elements of the document and the structure of the content itself. This lack of
contextual understanding means that extracted text often requires additional
manual correction, annotation or restructuring before it can be meaningfully

used.



The rise of Artificial Intelligence (Al) has introduced new approaches
to address these limitations. Large Language Models (LLMs) have shown
outstanding ability in processing and producing text that resembles natural
human language (Ferraris et al., 2025). LLMs can help bridge the gap by
understanding context, handling domain-specific language and summarizing or
reorganizing content based on what the user needs. When integrating LLMs
with OCR, LLMs can add a layer of intelligence that turns raw text into useful
information. For example, in a scanned academic paper, the OCR might detect
all the words, but the LLM can recognize which parts are the abstract,
introduction and conclusion. This kind of capability is valuable in many
practical use cases. To support this, models like Llama (Large Language Model
Meta Al) and DeepSeek provide open-source solutions (Browne, 2025) with
strong text understanding capabilities, making them suitable for integration into
research and development projects.

This project proposes a modular application that combines the
strengths of OCR and LLM technologies to create a more adaptable and
intelligent document or image processing system. A modular approach allows
each part such as image pre-processing, the OCR engine, and the language
model to function independently, making it easier to test, update or replace
individual components without rebuilding the entire system. This OCR-LLM
integration is useful in research and industry settings where continuous
improvement is essential. The system will be deployed as a web-based
application, offering users an accessible interface for uploading documents,
viewing extracted text and interacting with the analysis tools. To ensure
comprehensive text extraction performance, this project employs five open-
source OCR engines which are Tesseract, EasyOCR, PaddleOCR, DocTR, and
DeepSeek-OCR. These engines were chosen based on their active development,
broad usage in both academic and industrial contexts and their support for
multilingual text processing in Chinese, Malay and English.

Even with recent improvements, there are still major challenges in
making OCR work well for different types of documents, keeping it accurate in
important fields, and enabling the system not only to extract text, but also to

interpret and refine the extracted content. This project aims to tackle these



problems by creating a system that is flexible, easy to improve and smart in

handling documents.

1.2 Importance of the Study

The significance of this study lies in its focus on addressing the persistent
limitations that existing OCR systems have yet to resolve. Many industries still
struggle with documents that include complex layouts, multiple languages or
handwritten elements (Sharma, 2023). Errors in these contexts can slow down
workflows and increase costs.

By developing a modular OCR system enhanced with LLMs, this
project offers a practical way to improve not only extraction accuracy but also
contextual understanding. The modular architecture ensures long-term viability
where it can be updated or replaced independently, allowing organizations to
easily adopt better OCR engines or more advanced LLMs without a complete
system redesign.

Furthermore, the integration of LLMs represents a critical
advancement beyond mere text extraction. The system aims to understand the
content, allowing tasks like summarizing, translating and organizing
information. This makes the extracted text more useful and reduces the need for
people to fix or process documents manually.

Finally, by developing the system as a user-friendly, web-based
application, this project ensures the solution is accessible to a wide range of
users, including small businesses and institutions lacking advanced technical
resources. This study, therefore, not only contributes a functional tool but also
provides a reference framework for building intelligent and adaptable document

processing systems.

1.3 Problem Statement

1.3.1 Limitations of Traditional OCR in Handling Complex Inputs
Traditional OCR tools have been widely used for digitizing printed or
handwritten text. Although they work reasonably well for clean, printed
documents, they often struggle with complex formats such as tables, multi-
column layouts, unusual fonts, handwriting and multilingual content (Sharma,

2023). Additionally, when documents contain more than one language or



handwritten notes, the accuracy of these tools drops significantly. This limits
their effectiveness for use in practical situations where documents are messy,

varied or non-standardized.

1.3.2  Cost and Data Privacy Concerns in Cloud-Based OCR and LLM
Services
Many high performance OCR and LLM services are provided through
commercial cloud-based Application Programming Interfaces (APIs). Although
such services can achieve impressive performance, they pose two major
challenges. First, their usage-based pricing structure can become expensive
when large volumes of documents are processed regularly. For instance, Google
Cloud Vision requires payment for every processed document, making the
operation costly (Google Cloud, 2026). The second challenge is that uploading
sensitive documents to external cloud servers introduces privacy risks. Studies
reveal that passing user information to a cloud-based LLM model leads to
security risks, such as data leaks and breaches (Li et al., 2025). Therefore, there
is a clear need for a locally deployed OCR-LLM solution that can provide strong
performance without the recurring cost and privacy risks of external cloud

dependencies.

1.3.3  Lack of Contextual Understanding in Extracted Text

Most OCR tools can recognize individual characters or words, but they do not
understand the context or meaning behind the text. This limitation becomes a
problem when working with documents that contain complex formatting,
abstract language or a mix of content types. OCR systems struggle not only to
detect headings and interpret figures from tables but also to understand
unfamiliar layouts, integrate visual elements like charts or diagrams and
summarize key points accurately (Tanasa and Oprea, 2025). Without the ability
to understand context, the extracted text may not be useful for deeper processing
or analysis. To address this issue, the integration of LLMs with OCR offers a
more robust solution by enhancing text understanding, summarization and

generation.



14 Aim and Objectives

The aim of this project is to build a flexible and interactive system that combines
OCR with LLMs to support accurate text extraction and processing from images
or scanned documents. The project focuses on three key objectives.

e To develop a modular application that integrates open-source OCR
engines for versatile text extraction.

e To integrate LLMs for text summarization, generation, and translation,
allowing users to synthesize, interpret, and evaluate extracted content
more effectively.

e To design a user-friendly interface to facilitate easy interaction and
visualization of results, making the system practical and accessible for

end users.

1.5 Scope and Limitation of the Study

The scope of this project is centered on developing a modular pipeline that
integrates OCR engines with LLMs for enhanced document processing.
Specifically, the system supports three languages (English, Malay, and Chinese)
and 1s designed to handle both simple text-based documents and more complex
layouts, including tables and diagrams. In addition to text extraction, the LLM
extends the capabilities of the system by enabling higher-level functions such
as summarization, translation, and structured data generation, making it useful
for diverse academic and industrial applications. The solution is implemented
as a web-based application to ensure accessibility, scalability, and interactive
use.

However, the study is subject to several limitations. First, although the
system was designed to support local deployment, some experiments were
conducted using Google Colab with a T4 GPU to accelerate model testing. Full
local GPU deployment was limited by hardware and cost constraints, which may
affect processing speed and efficiency when handling very large datasets on
local CPU-based machines. Second, while the modular design allows for
flexibility in replacing or upgrading components, the performance of the system
is still influenced by the accuracy of the OCR engines, particularly in cases of
extreme text degradation, handwritten notes, or highly complex scripts. Lastly,

the resource-intensive nature of LLMs poses constraints for real-time or high-



volume processing, although cloud or GPU-based solutions could be explored

in future extensions of this work.

1.6 Contribution of the Study

This study contributes to the development of a modular OCR-LLM pipeline for
multilingual document processing. The proposed system combines open-source
OCR engines, local LLMs, Al agent post-processing, and a web-based interface
into one engineering framework. This allows scanned documents and images to
be processed from raw input into editable, refined digital text.

This study also provides a comparative evaluation of multiple OCR
engines, including Tesseract, EasyOCR, PaddleOCR, DocTR, and DeepSeek-
OCR. Their performance is evaluated using accuracy, precision, recall, F1-score,
CER, and WER to identify the most suitable OCR engine for handling different
document layouts and multilingual content. This provides a clearer
understanding of how different OCR engines perform under the same evaluation
pipeline.

In addition, this project demonstrates how locally deployed open-
source LLMs can be integrated with OCR output to support contextual
understanding, summarisation, translation, text refinement, and chat-based
interaction. By using local deployment instead of relying on paid external APIs,
the system supports better privacy, lower long-term cost, and greater flexibility
for future modification.

Lastly, this study contributes a functional Streamlit web application
that allows users to upload documents, view extracted text, refine the output,
and interact with the processed content. Therefore, the project serves not only
as an OCR application, but also as an engineering reference for building flexible,

privacy-aware, open-source, and multilingual document processing systems.

1.7 Outline of the Report
This report is structured into five chapters. Each chapter covers a key
part of the study, from the introduction and literature review to methodology,
results and discussion, and finally the conclusion and recommendations.
Chapter 1 introduces the background and importance of the study,

presents the problem statement, and outlines the aim and objectives. It also



discusses the scope, limitations, contributions, and the overall structure of the
report.

Chapter 2 reviews a large number of relevant studies related to OCR
engines, LLMs, and their integration strategies, while also examining evaluation
metrics and identifying research gaps.

Chapter 3 outlines the methodology adopted for this project, including
the overall research design, implementation approach, and the detailed work
plan.

Chapter 4 presents the results and discussion, where the performance
of OCR engines, LLMs, and the integrated OCR + AI-Agent system is evaluated
using various metrics.

Chapter 5 concludes the project by summarising the major
achievements based on the stated aims and objectives. It also provides
recommendations for future work, such as GPU-based optimization and agentic

Al enhancement.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

This chapter provides a review of the literature and technologies that support
this research. It begins by describing the principles and development of OCR,
including both traditional rule-based methods and modern deep learning-based
techniques. Five OCR engines, which are Tesseract, EasyOCR, PaddleOCR,
DocTR, and DeepSeek-OCR, are examined to understand their mechanisms and
performance. The chapter also discusses LLMs, explaining their architecture,
capabilities and potential to enhance OCR output through contextual
understanding and advanced text processing. Existing studies that integrate
OCR with LLMs are then analyzed to identify their methods, advantages, and
limitations. The findings from this review form the basis for identifying research

gaps and defining the modular approach proposed in this work.

2.2 Optical Character Recognition (OCR)

OCR is used to convert text by recognizing the printed text or handwriting in
images, to make it searchable and editable as digital text. Christian and Kusuma
(2023) explain that the process of OCR begins with the scanning of image
followed by pre-processing of the image to deskew or remove background noise
so that the text can be uniform. The OCR then extracts potential text from the
scanned documents, analyzing each individual letter, numeral, and symbol,
converting the information from an image file to digital text. This digital format
allows users to store paper documents such as receipts, forms, and invoices more

efficiently and retrieve them easily through search functions.

2.2.1 Traditional OCR

OCR systems can generally be divided into two main types which are traditional
rule based methods and deep learning based approaches. Traditional OCR
systems, particularly rule-based methods, rely on a fixed sequence of operations
such as binarization, text detection using connected component analysis, and

character recognition via pattern matching. These systems typically process



each text region independently and often fail to capture the spatial relationships
between elements, leading to errors in reconstructing the logical structure
(Singh, 2025). While effective in clean and simple documents, rule-based
methods tend to break down in the presence of noisy background or non-
rectangular fonts (Datta et al., 2025).

Traditional OCR systems work in a predetermined pipeline: first, the
pre-processing phase; then, the segmentation phase; and finally, the pattern
recognition phase. During the pre-processing phase, the input image will be
binarized, so that there is a simplification of the further processing. Additionally,
noise removal can be applied to eliminate any extra marks or smudges and
deskewing to straighten tilted text lines (Patil et al., 2022). In the segmentation
phase, the system identifies the text lines, words and individual characters using
connected component analysis. Finally, in the recognition phase, the characters
are identified using pattern matching. However, these are a deterministic or
fixed rule-based pipeline, which does not adapt well to low quality, handwritten
or other unconventional format image (Olson and Berry, 2021).

Early versions of Tesseract used traditional OCR techniques such as
pattern matching and rule-based methods, while version 4.0 and later introduced
Long Short-Term Memory networks, making it a deep learning—based OCR
engine (Patience et al., 2024). ABBYY FineReader is another widely used OCR

engine which also relied heavily on rule-based approaches in its earlier versions.

2.2.2  Modern OCR

In contrast, modern OCR engines utilize deep learning models such as
convolutional and recurrent neural networks (Sharma, 2023). Like the earlier
versions of OCR, modern day OCR use machine learning-based components
that can learn from the available data and allows for a much more robust
tolerance for differences in font styles, font orientations and complex layouts.
Deep learning-based OCR offers greater flexibility and accuracy, particularly
when handling multiple languages or processing text from real-world images
(Bir6 et al., 2023). Thus, modern OCR tend to be more reliable than the
traditional approaches for dealing with handwriting and visually complicated

documents.
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Unlike traditional OCR systems that solely operated as a pipeline or a
sequence of steps, more recent deep learning-based OCR systems, have
combined text detection and recognition into one framework (Singh, 2025). For
example, convolutional recurrent neural network (CRNN) combines feature
extraction, sequence modeling, and transcription all in the same network (Sai et
al., 2020). Similarly, transformer based architectures such as single visual model
for scene text recognition (SVTR) are able to capture global dependencies in
image features, allowing for more flexibility in the recognition of irregular
layouts, patterns and non-uniformities (Bir¢ et al., 2023). The advantage of this
end-to-end framework is that it mostly eliminates the need for handcrafted pre-
processing and segmentation steps, thus making them more scalable in real-

world applications.

2.3 Working Mechanisms of OCR Engines

This section explains the working mechanisms of the modern OCR engines
discussed in Section 2.2, with focus on the engines relevant to this study which
are Tesseract (Version 4++), EasyOCR, PaddleOCR and DocTR. Their
processing pipelines consist of three main stages: text detection, text recognition,
and output formatting. Each engine follows a distinct approach to locate text in

an image, identify its content, and return the result in a readable format.

2.3.1  Tesseract OCR

Tesseract OCR is a widely used OCR engine originally developed by HP and
later maintained by Google. It follows a pipeline-based strategy for rendering
scanned or imaged text into machine-readable characters. The first step of the
Tesseract process is image pre-processing. The input image is initially
converted to grayscale to simplify it by removing color information and
reducing computational load. It is then transformed into a binary image using
Otsu's thresholding. According to Akhil (2016), this method applies a single
global threshold value across the entire image to separate dark (text) pixels from
light (background) pixels. In contrast, adaptive thresholding calculates different
thresholds for different regions, which can help with uneven lighting or shadows.
This also automatically determines a threshold value to separate dark pixels

which assumed to be text and from light pixels which assumed to be background
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(Thresholding, 2024). Following binarization of the image, Tesseract performs
connected-component analysis, where it analyzes the image pixel by pixel to
group connected black pixels as blobs. These bloblets are identified as
individual characters or fragments of characters, and bounding boxes are labeled
around them to show the possible areas where text can reside (Smith, 2007).

According to Gadade (2019), Tesseract 2.0, the engine performed a
two-pass recognition process, initially recognizing words and adapting via a
classifier, followed by a second pass over uncertain words to improve accuracy.
Tesseract 4.0 then replaces this approach with a modern LSTM recognizer,
enhancing text recognition performance significantly. LSTM is a type of
Recurrent Neural Networks (RNN) that are particularly suited for sequence data.
LSTMs process text left to right one character at a time, while maintaining
context of previous characters during text recognition to improve accuracy
(Ingole and Jain, 2025). For example, when the model sees "Th" as the first two
letters it is more likely to give the next character an "e" to fill out the word
"The." Then, Tesseract used a two-pass recognition approach, where the first
pass attempted word recognition using a dictionary and the second pass
reprocessed uncertain or rejected words for better accuracy.

Finally, the recognized characters are turned back to an ordinary text
string. Normally, Tesseract will just return the raw text, but the spatial location
of each word can be included in output formats such as hOCR or ALTO XML
which includes the x, y location, width, height, and confidence of each word or
line found (Wajer, 2023). This type of output format helps as a means for the
layout awareness needed to accurately get out words in the right location in one
page layouts. From the sum of the parts, Tesseract is a rule-based, sequence
sensitive OCR engine that works well on relatively clean documents, but does
not work well when the background is noisy or the text layout is bent. The

overall workflow of Tesseract OCR is illustrated in Figure 2.1.

Adaptive/Otsu's Connected-
P . —>»  Component LSTM Post-Process
Thresholding .
Analysis

Figure 2.1: Architecture of Tesseract OCR Framework

A 4
h 4
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2.3.2 EasyOCR

EasyOCR is a modern OCR engine that uses deep learning. It is known for its
ease of use, support for multiple languages, and ability to read text even when
presented in different fonts and layouts. EasyOCR uses neural networks for both
text detection and text recognition (Tammana, 2023). The first step in EasyOCR
is text detection which uses the deep learning model called CRAFT (Character
Region Awareness for Text Detection). As described by Aloyan (2025), CRAFT
scans the input image and outputs a series of heatmaps of the input image that
indicates where text is likely to appear in the input image. The heatmap is then
used to create bounding boxes for words or lines of text.

After detecting the text regions, the process moves on to text
recognition. As stated by Xiong and Liu (2024), EasyOCR has text recognition
capabilities based on Convolutional Recurrent Neural Networks (CRNN) which
takes advantage of both Convolutional Neural Networks (CNN) and Recurrent
Neural Networks (RNN) for recognition. In this case, the CNN part extracts
visual features from the text image based on edges and strokes while the RNN
component implemented with LSTM understands the sequence created by these
features and can output entire words (MathWorks, 2023). EasyOCR uses
ResNet as the backbone of the CNN for feature extraction, enabling robust and
accurate representation of text patterns before passing them to the LSTM for
sequence modeling. The output is further processed by using a technique known
as a Connectionist Temporal Classification (CTC) loss (Hosseini, Shabaninia
and Nezamabadi-pour, 2025). This is done in such a way that it enables
EasyOCR to moderate the output of the model by simply removing the repeated
characters and unnecessary white spaces. For example, if the raw model output
is "HH-EE-LL-LOQ" the CTC layer would convert it to "HELLO".

The final output from EasyOCR is a raw text, which can be
accompanied by the confidence score, and the area of the bounding box where
the text appears. The coordinates of the area are provided by four corner
coordinates and allows the model to report text in cases where there is rotated
or skewed text (Jaided Ai, n.d.). The framework of EasyOCR is presented in
Figure 2.2.
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Figure 2.2: Architecture of EasyOCR Framework

2.3.3 PaddleOCR

PaddleOCR is an extended OCR system created as part of the PaddlePaddle
deep learning framework that contains both deep learning and layout analysis,
making it particularly effective for processing documents that incorporate
complex layouts like tables, forms, or multi-column formats (Cui et al., 2025).
Lim et al (2025) state that the initial step involves determining the textual areas
in the document using a model called Differentiable Binarization (DB). DB
produces a pixel-level heatmap that shows the probability of all the pixels being
part of the textual area. Then DB uses adaptive thresholding to distinguish the
text from the remaining background (also separating multi-layer layout images)
and it produces accurate polygon-shaped bounding areas around the detected
text (Liao et al., 2020). PaddleOCR uses an optional Direction Classifier (CLS)
to correct the orientation of rotated or vertical text regions before recognition,
meaning that PaddleOCR has the ability to accurately detect not only straight
horizontal text but also curved, slanted and vertical text.

According to the PaddleOCR 3.0 technical report (Cui et al., 2025),
after the text areas are determined, PaddleOCR proceeds to do the recognition
with a CRNN model, which has in fact been optimized to recognize characters
in varying fonts and sizes relative to one another. Furthermore, PaddleOCR
incorporates layout analysis capability provided by an existing module called
PP-Structure. The PP-Structure module can detect cell boundaries and layout
content into rows and columns for table or spreadsheet identification or
extraction. Furthermore, the PP-Structure module can perform key-value pair
extraction useful in structured documents, like forms, where fields like "Name",
or "Date", need to be matched with the associated data.

Cui et al. (2025) state that PaddleOCR produces output in two formats.
The output for normal OCR includes the polygon coordinates of the text areas,

the text and a confidence score while the output for structured documents is
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provided as JSON or Markdown files. Overall, PaddleOCR has one of the most
robust and complete OCR solutions available, with significant capabilities of
both natural text recognition and layout analysis. The architecture of

PaddleOCR is shown in Figure 2.3.

. : - CRNN
.D'ﬁ?rer.mable > D'red.'?n > + »{ Post-Process
Binarization (DB) Classifier cTC

Figure 2.3: Architecture of PaddleOCR Framework

234 DocTR

DocTR, which stands for Document Text Recognition, is a relatively new OCR
library designed for high-accuracy text extraction and document understanding.
It uses a deep learning approach similar to PaddleOCR but is more focused on
document-level interpretation rather than speed. Liao et al. (2023) outlines that
DocTR uses the DB-ResNet50 model (similar to the DB model from
PaddleOCR) which predicts the text areas and draws polygons around the
detected text areas as a heatmap. However, it was designed with accuracy in
mind, so it does not work very well for real-time application as it is slow.

Referring to Mindee (2021), DocTR utilizes the CRNN model based
on the VGG16 backbone for text recognition. This model extracts features from
the detected text regions and recognizes the content using sequential analysis.
The main strength of DocTR lies in its document understanding features.
DocTR allows grouping text blocks into paragraphs, titles, and sections using
layout detection methods. DocTR supports key-value extraction capabilities,
which is useful when processing documents that contain phrases such as
"Invoice Number: 123", or the example "Total Amount: RM50.00". Each of the
text blocks has been tagged with semantic types to represent their meaning in
the document (Liao et al., 2023).

DocTR outputs its results in JSON format, containing a structured
hierarchy of pages, blocks, lines, and words, along with the corresponding
bounding box coordinates and recognized text content. In addition to this, when
using the Key Information Extraction (KIE) module, the results are returned in

a dictionary format, where each key represents a class label (such as "Name" or
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"Date"), and the associated value contains the extracted predictions for that class
on each page (Felix-T2K, 2023). However, DocTR does not appropriately
include automatic detection and processing of tables. Instead, developers may
use accredited third-party technology like OpenCV for table extraction.
OpenCV is an open-source computer vision library that utilizes computer vision
practices for detection of lines and contours that can be useful for identifying
table structures from scanned images (Gaikwad, 2023). Overall, DocTR is a
very powerful document-level OCR with understanding capabilities,
particularly where layout understanding is important. Figure 2.4 illustrates the

architecture of DocTR.

DB-ResNet50 CRNN » Layout Post-Process
Analysis

Figure 2.4: Architecture of DocTR Framework
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2.3.5 DeepSeek-OCR

DeepSeek-OCR is a document oriented vision language model developed to
improve OCR performance on visually complex documents. According to the
official report (Wei, Sun and Li, 2026), the model is designed around a new
encoder called DeepEncoder V2, which dynamically reorders visual tokens
based on image semantics before they are passed to the language model decoder.
This differs from conventional vision language models that usually process
visual tokens in a fixed raster scan order from top-left to bottom-right. The
authors argue that such fixed ordering does not reflect human visual reading
behavior, especially when documents contain complex layouts, formulas, or
tables.

As shown in Figure 2.5, the processing pipeline begins with dynamic
tiling and pre-processing, where the image is prepared and divided into suitable
visual regions. The image is then passed to the vision encoder, which is
implemented using DeepEncoder V2 (Wei, Sun and Li, 2026). The report also
states that visual tokens use bidirectional attention, while learnable query tokens
use causal attention. This allows the model to progressively reorder visual

information based on semantic relationships in the document.
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A key contribution of DeepSeek-OCR is the reordering stage. Instead
of preserving the original patch order, the encoder produces a new reading order
guided by what the paper calls causal visual flow. Only the reordered causal
flow tokens are then passed to the decoder. This design enables cascade causal
aware visual understanding while keeping the model efficient.

The final stage is the LLM decoder, which interprets the reordered
visual tokens and generates the textual output. According to the report,
DeepSeek-OCR uses a DeepSeek-MoE decoder and preserves the image
compression ratio and decoding efficiency of the earlier DeepSeek-OCR system
(Wei, Sun and Li, 2026). Overall, this architecture shows that DeepSeek-OCR
is particularly suitable for document OCR tasks where reading order and layout
understanding are important.

The effectiveness of this visual causal flow is reflected in its
benchmark performance, where DeepSeek-OCR achieves a CER of 2.30% and
a WER of 5.60% (Skywork, 2026). Furthermore, it demonstrates high-level
document understanding with an overall score of 91.09% on the

OmniDocBench (Wei, Sun and Li, 2026).

Dynamic Tiling Vision Encoder ]
& Pre-process | | (DeepEncoder v2) | 7| eoraenng = LLM Decoder

Figure 2.5: Architecture of DeepSeek-OCR Framework

2.3.6 Comparison of OCR Frameworks

Each OCR engine has its advantages and disadvantages, depending on the
application requirements. In terms of accuracy, DeepSeek-OCR showed the
strongest overall performance in this study, especially in CER and WER
evaluation. PaddleOCR and DocTR are also deep learning-based OCR engines,
but their performance was more affected by complex document layouts
compared to DeepSeek-OCR. PaddleOCR uses the PP-OCRvVS5 pipeline which
is highly optimized for Chinese and English, while DocTR applies a more
document-focused recognition approach. EasyOCR also has capabilities across
many languages and is fairly confident detecting text in natural images.

Tesseract is still widely used, but it has limitations when it comes to distorted
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text, low-resolution images, or uncommon fonts due to the fact that it does not
utilize the full suite of modern deep learning based text detection.

When it comes to supported languages, EasyOCR is the most
comprehensive with over 80 languages supported by default (Jaided, n.d.).
Tesseract also supports a wide range of languages, however, Tesseract may
require extra trained data files to be installed manually to support some
languages. With regards to the currently lesser known and smaller application
DocTR, it specifically supports far fewer languages, while currently it is
specifically focused on supporting the English language and only a few others
which makes it less suitable for multilingual processing.

Layout handling is another important issue, particularly when dealing
with scanned documents which may include layout elements such as tables or
forms, or documents with mixed content. PaddleOCR has an advantage in this
instance as its PP-Structure module allows layout analysis, including table
structure recognition and key-value extraction (Cui et al., 2025). However,
DeepSeek-OCR has an advantage in complex document understanding because
it uses visual token reordering and reading order understanding. DocTR also
provides layout understanding by grouping detected text into paragraphs or
blocks, but it does not support table recognition. EasyOCR lacks layout analysis
features and focuses mainly on text detection and recognition. Tesseract can
output word positions using hOCR format but does not interpret tables or forms
natively (Wajer, 2023).

Other important factors include community support, documentation,
and customizability. Tesseract has been around for a long time and has active
and useful community support. EasyOCR is newer, but has a good userbase and
is easy enough to use for simple tasks. PaddleOCR has official documentation
to help and also has a rather large collection of models that have actually been
pre-trained for different types of use cases. Although DocTR is powerful, it has
fewer users and resources available, so it might need more technical skills to use
or modify.

In summary, the choice of OCR engines depends on the user needs. In
a simple example, basic text extraction, Tesseract or EasyOCR may be
sufficient. For a complete OCR document processing solution where structured

data such as tables and key-value information is required, PaddleOCR remains
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a suitable choice. However, when the main requirement is highly accurate text
extraction from complex or unstructured documents, DeepSeek-OCR is the
strongest option. If the main requirement is document-level understanding of
text, where a high degree of accuracy is needed and outputs are highly detailed,
then DocTR is a reasonable choice. As shown in Table 2.1, the comparison of

the OCR engines are listed.

Table 2.1: Comparison Table of Five OCR Engines (Mangal, 2025)

Feature Accuracy Language Layout Model Type
Support  Handling
Tesseract High 100+ Basic LSTM
EasyOCR High 80+ None CRAFT + CRNN
+ CTC
PaddleOCR  Very High 80+ Advanced DB + CRNN +
CTC
DocTR Very High  Fewonly  Moderate Transformer-
based
DeepSeek-OCR  Very High 100+ Advanced VLM +

DeepSeek-MoE

24 Large Language Models (LLMs)

LLMs are advanced natural language processing systems capable of processing
and generating natural, human-style language. They have been trained on
extensive text corpora and can perform tasks requiring a human ability, such as
summarizing, sentiment analysis, translating, answering questions and
generating content (Matarazzo and Torlone, 2025). LLMs make predictions of
the next word sequence based on prior words and their contexts, as well as
leverage that prediction ability in order to perform tasks that do not require
extensive programming (Sartori and Orrt, 2023). Moreover, recent models
contain billions of parameters and are often refined using techniques like
Reinforcement Learning from Human Feedback (RLHF) to achieve higher
accuracy and produce responses that better match human judgment (Wang et al.,

2022).
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According to Ferraris et al. (2025), LLMs are based on a transformer
architecture and are able to process all the words at once and learn relationship
within words, like other deep learning architectures using an attention
mechanism to infer relationships within the data. The various LLMs they
discussed learn from billions of sentences during their training phase and build
statistical relationships between words, phrases, and patterns across languages.

LLMs are used for many process and services, such as automated
customer service, summarization of documents, review of legal documents, and
as a conversational agent (Singh, 2024a). While LLMs have numerous benefits,
there are also limitations. LLMs can produce errors when the context is unclear
or when the model is presented with data that varies considerably from the
training data. LLMs can also produce responses that seem reasonable, but are
factually inaccurate, this occurrence is sometimes referred to as "hallucination"
(Cleti and Jano, 2024). In addition, LLM performance is dependent on the
training and fine-tuning data used. Despite these challenges, LLMs have
considerably advanced the natural language processing capabilities of

computers to better understand and deal with human communication.

2.5 Architectural Principles of LLMs

LLMs are primarily built on the transformer architecture, which was a
breakthrough that changed how machines process sequential data (Ferraris et al.,
2025). While traditional methods to sequentially analyze data include recurrent
neural networks (RNNs) and long short-term memory networks (LSTM),
transformers analyze input words in a different way which is to consider entire
sentences or paragraphs of text at once using what is known as self-attention.
Through using self-attention, a transformer can determine how words relate to
one another no matter their positions in the sequence, which results in a better
understanding of context (Li, 2024).

According to Tay et al. (2022), LLMs are built with multiple layers of
transformer blocks, with each layer of a transformer consisting of two primary
features which are multi-head self-attention layers and feed-forward networks.
The multi-head self-attention layers compute how important each word is
relative to every other word in the input text, while the feed-forward networks

take those relationships and compute meaningful relationships of the input.
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Once relationships from the input to some output have been computed, the
transformer layer can predict the next word or token in a sequential manner.
Positional encoding is another key aspect of LLMs. Tay et al. (2022) also
describe that, positional encoding is a way to incorporate an understanding of
the order of text, which is important to maintain meaning in what could be

sequential ordering.

2.5.1 DeepSeek

DeepSeek is an open-source LLM that starts from the transformer architecture
and employs certain optimizations to improve scalability and computational
efficiency. Liu et al. (2024) state that one of the main design features is using a
Mixture-of-Experts (MoE) design whereby only a certain number of the total
parameters are activated per input. While full model could be hundreds of
billions of parameters, only some portion is activated at any one time and this
results in faster processing and reduced supply chain hardware.

Besides, according to the DeepSeek technical report (Liu et al., 2024),
the model employs sparse attention with Multi-head Latent Attention (MLA), a
mechanism designed to reduce the need to compute relationships between every
token pair in a sequence. This enables more efficient sequence processing and
allows the model to handle longer documents with lower computational
requirements.

DeepSeek shows its performance across various benchmarks. In
summarization tasks, DeepSeek achieved a Final Score of 0.5794,
outperforming competitors such as OpenAl o3mini (0.4869) and Poro (0.3333).
It demonstrated particularly strong results in cosine similarity of 0.8943 and
BERT-based Semantic Similarity Score (BERTScore) of 0.6820 (Ataei, 2025).
Additionally, in zero-shot evaluations, DeepSeek showed exceptional
capability on the ASE dataset, securing top scores in Bilingual Evaluation
Understudy with Representations from Transformers (BLEURT) of 0.587 and
BERTscore of 0.746. On the ArgKP benchmark, it maintained competitive
performance with a BERTScore of 0.769 (Li et al., 2025).

This architecture makes DeepSeek particularly strong in code
generation, mathematical reasoning and understanding multilingual documents

with improved contextual accuracy as evident from extensive training across
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datasets and languages such as both Chinese and English. By integrating sparse
attention and Mixture-of-Experts (MoE) with conventional transformer layers,

DeepSecek offers an efficient and scalable model.

2.5.2 Llama

Llama is another open-source LLM that uses a dense transformer architecture,
where all parameters are active during inference (Dubey et al., 2024).
Parameters here mean the values the model has learned during training, and
being “active” means that all of these values are used whenever the model reads
text and produces an output, instead of only some of them.

Llama introduces several optimizations to improve the efficiency of
transformer-based language models. GeeksforGeeks (2024) state that Llama
leverages the technique of Grouped-Query Attention (GQA). In this approach,
queries are divided into smaller groups and each group will share the attention
scores instead of computing them separately (Singh, 2024b). This method
optimizes the attention mechanism by reducing memory consumption and
maintaining accuracy, particularly for long sequences. In terms of
computational and memory efficiency, Dubey et al. (2024) also mentioned that
Llama uses rotary positional embeddings (RoPE) to better preserve contextual
relationships when handling longer sequences.

This dense transformer architecture makes Llama well-suited for tasks
requiring stable language understanding. By keeping all parameters active
during inference, Llama delivers consistent performance, though at a higher
computational cost, making it a reliable choice for fine-tuning and integration

in modular OCR-LLM pipelines.

2.5.3 Comparison of LLMs

When comparing DeepSeek and Llama, both models demonstrate strong natural
language processing capabilities, but each model focuses on different priorities
in its design. DeepSeek adopts a Mixture-of-Experts (MoE) approach and sparse
attention mechanisms, focusing on computational efficiency and scalability (Liu
et al., 2024). This allows DeepSeek to choose only a subset of parameters to be
activated during inference, which is a huge advantage in situations of limited

computing capacity or where extended context lengths are required.
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In contrast, Llama employs a dense transformer architecture, where all
parameters are active during inference. This increases the overall compute load
of the model, particularly when processing very long contexts, but on the other
hand, it ensures consistent performance across all tasks. Llama integrates
optimizations for performance such as Grouped-Query Attention (GQA) and
rotary positional embeddings (RoPE) to balance performance (Dubey et al.,
2024).

In terms of development, both models are open-source. However, their
optimization strategies are different which, DeepSeek prioritizes selective
activation and long-context reasoning, whereas Llama focuses on robust, stable
performance. These differences influence their suitability for integration into
modular systems that combine OCR with LLMs, depending on whether the
application prioritizes efficiency or output consistency. Table 2.2 summarizes

the fundamental architectural distinctions between DeepSeek and Llama.

Table 2.2: Architectural Differences between DeepSeek and Llama

Feature DeepSeek Llama

Architecture Sparse attention + Dense transformer

Mixture-of-Experts

Parameter Partial (selective Full activation during

Activation activation) inference

Context Length  Supports extended context Moderate context length

(up to 128k) (varies by version)
Optimization Computational efficiency  Stable performance & fine-
Focus & scalability tuning
2.6 Evaluation Metrics

To evaluate the effectiveness of OCR and LLM systems, different metrics are
used depending on the nature of the task. In OCR evaluation, the metrics focus
on exact character-level and word-level recognition accuracy, as well as the
correctness of extracted output. In contrast, LLM evaluation places greater
emphasis on semantic similarity and contextual quality, since generated text

does not always need to match the reference exactly word for word.
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2.6.1 OCR Evaluation Metrics

For OCR systems, evaluation is commonly conducted using accuracy, precision,
recall, F1-score, Character Error Rate (CER), and Word Error Rate (WER).
These metrics are useful because they measure different aspects of OCR
performance.

According to Leung (2021), CER measures the proportion of
characters that are incorrectly recognized compared to the ground truth. It is
calculated based on the total number of substitutions, deletions, and insertions
divided by the total number of characters in the reference text. Therefore, CER
is useful for showing how well an OCR system performs at the character level.

The formula for CER is shown in Equation (2.1).

CER = S+D+I1

2.1)

where

S = number of substitutions
D = number of deletions

I = number of insertions

N = number of characters in ground truth text

Leung (2021) also state that WER complements CER by assessing errors at the
word level, accounting for insertions, deletions and substitutions. WER is
calculated similarly, but at the word level. The formula for WER is shown in
Equation (2.2).

WER = S+D+1

(2.2)

where S, D, 1 follow the same definitions as in CER, and N is the number of
words in the ground truth text.

While CER and WER capture how often recognition errors occur, they
do not show how well the system distinguishes correct predictions from
incorrect ones. For this reason, accuracy, precision, recall and F1-score are also

included. Precision measures the proportion of correctly predicted text among
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all predictions, recall evaluates how well the OCR can capture all the text
present in the ground truth while F1-score represents the mean of precision and
recall which is useful for balancing the trade-off between correctness and
completeness (Kashyap, 2024). Accuracy is also included to measure the overall
proportion of correct predictions, while precision, recall, and Fl-score are
derived from confusion-matrix terms such as true positives, false positives, false
negatives, and true negatives (Obi, 2023). Equations (2.3) to (2.6) show the

formulas for accuracy, precision, recall, and F1-score.

TP+TN

ACC'LLTCLC}/ = m (23)
Precision = — 2.4)
TP+FP
Recall = —~ 2.5)
TP+FN

Fl=2x PrecisionXRecall (2.6)

Precision+Recall

where

TP = true positives
TN = true negatives
FP = false positives

FN = false negatives

Together, these metrics provide a more complete view of OCR
performance by measuring both exact recognition quality and correctness of
extraction. This combination supports a more robust and fair comparison of the

five OCR engines used in the study.

2.6.2 LLM Evaluation Metrics
The evaluation of LLMs focuses on the quality of generated text using metrics
that emphasize semantic similarity and contextual closeness. In this study, the

LLM evaluation focuses on BERTScore, BLEURT, and cosine similarity, as
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these metrics are more suitable for assessing semantic quality than exact lexical
overlap.

BERTScore evaluates semantic similarity at the contextual embedding
level (Zhang et al., 2019). It matches each token in the candidate text with the
most similar token in the reference text using cosine similarity, then computes
precision, recall, and F1-score based on those similarities (Zhang et al., 2020).
This makes it suitable for measuring semantic preservation even when the
wording differs.Because of this, BERTScore is useful for measuring semantic
preservation in generated output. The F1 measure of BERTScore is shown in

Equation (2.7) (Zhang et al., 2020).

PBERT X RBERT (2 7
PBERT+ RBERT )

Fggrr = 2 X
where
Feert = F1 BERTScore
PgEerT = Precision Bert

Rgsert = Recall Bert

BLEURT serves as a reference based metric that goes beyond word
level similarity by assessing fluency, adequacy, and contextual relevance.
Unlike traditional lexical metrics, it does not rely on a simple overlap formula,
instead, it uses a pre-trained and fine-tuned BERT-based model to produce a
scalar quality score for a candidate sentence relative to a reference sentence
(Sellam, Das, and Parikh, 2020). Therefore, BLEURT is more aligned with
human judgment and is useful for evaluating the quality of generated responses.

In addition, cosine similarity is used to measure how close the semantic
representation of generated text is to the reference text. In Natural Language
Processing, it is commonly applied to text embeddings, including contextual
embeddings produced by BERT-based models (Reimers and Gurevych, 2019),
thus it is also known as Sentence-Bert. A higher cosine similarity indicates that

the generated output is more similar in meaning to the expected result.
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By combining BERTScore, BLEURT, and cosine similarity, the
evaluation provides a suitable basis for assessing LLM output in terms of

semantic quality, contextual preservation, and overall similarity of meaning.

2.7 Integration of LLM with OCR Engines

The integration of OCR with LLM appears to be a highly effective approach to
improve text extraction from complex documents. Traditional OCR systems are
effective at detecting characters but often fail when faced with challenging
layouts, multilingual content or handwritten text. LLMs enhance this process by
providing contextual understanding, correcting errors, and enabling advanced
tasks such as summarization, translation and information structuring. Together,
OCR and LLMs create a pipeline that transforms raw extracted text into more

accurate and meaningful content.

2.7.1  Existing Solutions

One of the existing solutions is the LLM-centric pipeline proposed by
Loukil et al. (2024), which was developed for automated invoice processing. In
this approach, raw text is first extracted from invoice images using OCR engines
such as Tesseract or the deep-learning-based DocTR, after which a pre-trained
LLM refines the noisy output and structures it into a standardized JSON format.
This process allows for accurate identification of key details including supplier
information, total amounts and product tables across multipage invoices, with
Pydantic employed to validate the structured results. The system was
implemented using the OLlama API to run open-source models such as Llama3,
Llama3-8B and Mistral-7B. The experimental findings highlighted that OCR
quality had a greater impact on performance than model size, with smaller
LLMs still achieving substantial improvements at lower computational cost.
Despite these advantages, the paper acknowledges limitations of inaccuracies in
information generation and its monomodal dependency on OCR text, which
prevents it from leveraging visual layout information. To address these
challenges, the authors suggested to include incorporating multi-modal LLMs
capable of directly interpreting invoice images and enhancing prompt design

with layout information for instruction-tuned models to improve performance.
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Another relevant solution is the OCR-augmented GPT pipeline
introduced by Park et al. (2025), which focuses on addressing the difficulties of
text recognition in industrial environments where handwritten notes, engravings
or environmental noise often hinder accuracy. In this system, OCR engine such
as PP-OCR is first used to extract raw text from image, which are then passed
to a GPT model that applies contextual reasoning and prompt guidance to refine
errors and determine the most reliable transcription. An optional feedback loop
process further enhances adaptability by allowing human input to be
incorporated without retraining, which in turn improves the contextual guidance
applied within the GPT stage. The primary metric used for evaluation was the
CER, where a lower score indicates better performance. Despite its
effectiveness, the study acknowledges two key limitations which are the system
struggles in cases of extreme text degradation where OCR fails to provide
meaningful input, and its relatively high computational cost that could be a
barrier for high-volume, high-speed industrial applications.

A further study by Gupta et al. (2024) examines the integration of OCR
and LLMs for handwritten document processing. In this work, EasyOCR 1is used
to detect and extract handwritten text, which is then refined using an LLM
(Google’s Gemini 1.5 Pro). The evaluation showed that the LLM-based
approach consistently outperformed OCR in both accuracy and speed,
producing more coherent text outputs and completing tasks significantly faster,
even as the number of input images increased. However, despite these
advantages, the study highlights important limitations which LLMs are
resource-intensive, requiring high computational power and memory for
inference. Moreover, their processing times can scale poorly with larger datasets,
raising concerns for real-time or high-volume applications and their
effectiveness declines when dealing with rare or complex scripts outside their

training scope.

2.7.2  Gap of study

The current studies on OCR and LLM integration show clear improvements in
text recognition and post-processing. However, several technical gaps remain
unresolved. First, most existing solutions rely on a single OCR engine, which

limits their adaptability when processing documents with different languages,
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layouts, or handwriting styles. Second, these systems often follow a fixed
pipeline design, making it difficult to replace or upgrade individual components
such as the OCR module or the language model. Third, many of the reviewed
approaches do not support real-time interaction or user feedback, reducing their
ability to adapt to changing requirements. Lastly, the use of large LLMs
increases computational demands, creating challenges for high-volume or time-
sensitive applications.

To address these limitations, this study proposes a modular integration
strategy that evaluates multiple open-source OCR engines, including Tesseract,
EasyOCR, PaddleOCR and DocTR, combined with open-source LLMs such as
DeepSeek and Llama. The system is designed to allow each module to be
upgraded or replaced independently while maintaining overall functionality. It
also supports advanced tasks including summarization, translation and
structured information extraction, and will be deployed as a web-based

application supporting Chinese, Malay and English documents.

2.8 Summary

This chapter explored the key technologies and related studies that support this
research. It examined both traditional and modern OCR approaches,
highlighting how deep learning-based engines such as PaddleOCR and DocTR
outperform older rule-based systems in handling complex layouts and
multilingual documents. This review also covered the architecture and
capabilities of LLMs and their role in refining OCR outputs through contextual
interpretation and advanced text processing. In addition, evaluation metrics such
as accuracy, precision, recall, Fl-score, CER, WER, BERTScore, BLEURT,
and cosine similarity were reviewed to establish a suitable basis for assessing
OCR and LLM performance. Analysis of existing OCR-LLM integrations
revealed that while they improve accuracy and automate information extraction,
most remain limited by fixed pipelines, single-engine dependence and high
computational requirements. These insights guided the identification of research

gaps and shaped the modular integration strategy adopted in this project.
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CHAPTER 3

METHODOLOGY AND WORK PLAN

3.1 Introduction

This chapter presents the design and implementation of the proposed OCR-LLM
system, detailing the architectural framework, integration of key components
and development of the web-based interface. The system adopts a modular
architecture to ensure flexibility, scalability and maintainability, allowing each
layer, ranging from image input and pre-processing to OCR, Al post-processing
and language model refinement, to operate independently while contributing to
the overall workflow. Five OCR engines (Tesseract, EasyOCR, PaddleOCR,
DocTR and DeepSeek-OCR) are integrated for comparative evaluation across
different document types in order to select the best performing OCR engine for
the proposed system, while two LLMs (DeepSeek and Llama) are integrated for
comparative evaluation in order to select the most suitable model for contextual
refinement and chat-based interaction. To ensure usability, the entire pipeline is
deployed through a Streamlit web application that supports user interaction and

document management.

3.2 System Architecture

The proposed system was designed with a modular architecture to maximize
flexibility and maintainability. At a high level, the architecture consisted of
several interconnected layers that worked together to process physical or
scanned documents and convert them into meaningful digital text.

The workflow began with the input module, where users uploaded
scanned images or PDF documents. These files were passed to the pre-
processing module, which prepared the images for OCR by applying basic
image enhancement techniques such as resizing, noise reduction, and
binarization. These steps were crucial for improving the quality of text
recognition, particularly when dealing with documents that were scanned in
poor lighting or low resolution.

Next, the prepared images entered the OCR engine layer, where one of

the five selected engines (Tesseract, EasyOCR, PaddleOCR, DocTR, or
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DeepSeek-OCR) was applied to extract raw text. Each OCR engine operated
independently, and the system allowed comparison between them to assess their
performance on various document types and select the best-performing OCR
engine for the proposed system. After text extraction, the results proceeded to
the Al post-processing module, where the text was further refined to improve
readability and contextual quality.

After OCR extraction, the output was passed to the LLM layer. In this
study, two LLMs, DeepSeek and Llama (both 8-billion-parameter versions),
were integrated using the Ollama framework for comparative evaluation. The
LLM layer supported both chat interaction and Al agent post-processing. In the
chat function, the model generated responses based on the extracted text, while
in the Al agent stage, it refined the OCR output to improve readability and
contextual quality. Based on the evaluation results, the most suitable LLM was
selected for the final implementation of the system.

Finally, the processed text was presented to users through a web
interface module, where they could view, download, or further interact with the

extracted content. Figure 3.1 shows the overall system architecture.

Pre-Processing

v

OCR Layer

v

Post-Processing

v

LLM Layer

v

Web Interface

Figure 3.1: System Architecture Diagram
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33 Dataset and Document Layout Categories

The dataset used in this study consisted of 500 images prepared for OCR
evaluation. To assess OCR performance under different levels of layout
complexity, the documents were grouped into two layout categories, which are
single-column layout and unstructured layout.

The single-column layout contained text arranged in a regular top-to-
bottom reading order with cleaner alignment and simpler structure. In contrast,
the unstructured layout contained more complex arrangements, such as multiple
text blocks, mixed alignment, embedded images of different sizes and less
predictable reading order. The dataset used in this study was taken from a
Chinese newspaper clipping sourced from the David Chen Electronic Library,
which contains a large collection of newspaper clippings and related materials.
Examples of both layout categories are shown in Figure 3.2.

These two layout categories were selected because they represented
different levels of OCR difficulty. By evaluating OCR engines across both
layout types, the study was able to assess not only extraction performance, but
also the robustness of each OCR engine under more realistic and complex

document conditions.
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34 OCR Engine Integration

The system incorporated five OCR engines, which are Tesseract, EasyOCR,
PaddleOCR, DocTR, and DeepSeek-OCR. These engines were chosen based on
main criteria of open-source nature for academic use, and their active
development communities that ensured continued updates and support.

The integration of these OCR engines was carried out through their
respective Python libraries using custom scripts. Tesseract was accessed via the
pytesseract wrapper, where an image was loaded using the library and processed
with image to string(). EasyOCR was integrated through the easyocr package,
with a reader initialized for multiple languages and applied to image files for
extracting text along with confidence scores. PaddleOCR, built on the
PaddlePaddle deep learning framework, was implemented using the
PaddleOCR class with configurations to disable unnecessary orientation and
document unwarping for streamlined processing. DocTR was employed using
its ocr_predictor model, loading input images through the DocumentFile API
and exporting results in structured dictionary format for text line iteration.
DeepSeek-OCR was integrated through its OCR inference framework and was
applied to uploaded document images to generate extracted text output for
comparative evaluation against the other OCR engines.

Each OCR engine was implemented as a separate module within the
system, and its performance was evaluated using standard metrics such as
accuracy, precision, recall, F1-score, CER, and WER. Based on the evaluation
results, the best performing OCR engine was selected for the proposed system.
After the selected engine extracted the text, the output was passed to the Al post-

processing module for further refinement before being sent to the LLM layer.

3.5 LLM Integration

To enhance the extracted text beyond simple recognition, two LLMs which are
DeepSeek and Llama, were incorporated into the system and evaluated for
performance. Both models were deployed through the Ollama platform, which
enabled local hosting and execution of LLMs with manageable resource
requirements. This project utilized the 8 billion parameter versions of these

models to ensure an effective balance between computational efficiency.
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The primary function of the LLM layer was to support chat interaction
using the text produced by the selected OCR engine. The LLM was used to help
users interact with the extracted document content in a more contextual and
meaningful way. Through the chat interface, users could ask questions related
to the uploaded page, and the LLM generated responses based on the OCR
output. This allowed the extracted text to be used not only for viewing, but also
for interactive understanding and user assistance.

Both models were evaluated using quantitative metrics, namely
BLEURT, BERTScore, and cosine similarity. Based on these evaluation results,
the model that delivered the best performance was selected for the final
implementation of the system, ensuring that users benefited from the highest
possible quality of text interpretation and enhancement. The integration
involved sending the post-processed text as input to the selected LLM through
Ollama, using prompts designed to guide the model in generating consistent and
contextually relevant responses. Since both DeepSeek and Llama were used
with the same parameter scale, their outputs could be compared fairly to analyze
which model offered better contextual correction and text enhancement when

working with OCR output.

3.6 Al Agent Post-Processing

After OCR extraction, an Al agent post-processing step was applied to refine
the extracted text before it was used in the final system. This step was
implemented to improve the readability and contextual quality of the OCR
output, especially when the extracted text contained spacing issues, formatting
inconsistencies, or OCR-related errors.

In the proposed system, the Al agent post-processing function was
represented through the Autocorrect feature in the web application. After the
OCR result was displayed, the extracted text could either be manually edited by
the user or refined automatically through the Al-based post-processing step.
This allowed the output to become cleaner and more suitable for further
interaction.

In this project, the Al agent post-processing module was implemented
using the Strands Agents framework. Strands Agents is an open-source Python

framework that supports the development of model-driven Al agents (AWS,
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2025). In this system, the Strands Agent was used specifically as an OCR token
correction assistant rather than a general text rewriting tool.

A strict system prompt was defined to control the behaviour of the
agent. The agent was instructed to correct only obvious one-token OCR
mistakes caused by visual character confusion, such as replacing “qults” with
“quits”, “K1ta” with “Kita”, “NOVEMSER” with “NOVEMBER”, “WONG”
with “WONG”, and “IMDB” with “1MDB”. The agent was not allowed to
rewrite phrases or sentences, guess meaning, improve grammar, expand
abbreviations or names, or change dates, metadata, and formatting.

To reduce uncontrolled modification, the extracted OCR text was
divided into smaller chunks before being processed by the agent. For each chunk,
the agent was required to return only a valid JSON object containing corrections
in the form of incorrect-token and corrected-token pairs. If no obvious OCR
mistakes were detected, the agent returned an empty JSON object. The working
flow of the Al agent is described as follows:

1. The OCR engine extracts raw text from the uploaded document.

2. The extracted text is divided into smaller chunks.

3. Each chunk is passed to the Strands Agent for analysis.

4. The agent identifies obvious one-token OCR errors based on the

predefined prompt rules.

b

The agent returns the detected corrections in JSON format.
6. The system reads the JSON object and applies the corrections to the
original OCR text.

The Al agent post-processing stage was then evaluated by comparing
the OCR-only pipeline with the OCR + Al agent pipeline. The comparison was
carried out using the output generated from the selected OCR engine to observe
whether the refinement step improved the quality of the extracted text under

different language settings.

3.7 Web Application Development

To make the system accessible and practical, it was implemented as a web-based
application using Streamlit, which was highly suited for rapid development of
machine learning and OCR-driven applications. Streamlit was chosen because

it enabled developers to create interactive web applications entirely in Python



35

(Sayed, 2024), eliminating the need for separate HTML, CSS and JavaScript
coding. This made it ideal for quickly integrating OCR and LLM outputs,
allowing users to upload documents, extract text, refine the OCR output, and
interact with the extracted content through the chat function.

During the selection process, three options were considered which
were Streamlit, Flask and Solara. Flask provided full flexibility and control over
backend and frontend development but required manual implementation of web
components, which increased complexity and development time (Bhadra, 2022).
Solara was a Python library for building web applications that allowed
developers to create apps entirely in Python, while also offering React-style
state management with reactive variables that updated automatically across the
app, reusable components for building applications, and support for standalone
web apps (Kop, 2023). Streamlit, on the other hand, offered the simplest
learning curve, seamless integration with Python workflows and rapid
prototyping capabilities (Folder IT, 2025). Since this project prioritized OCR,
Al post-processing, and LLM integration rather than complex UI customization,
Streamlit was selected as the most practical solution. Table 3.1 shows the

comparison of different web application frameworks.

Table 3.1: Comparison of Web Application Frameworks

Framework Ease of Ul Learning Best For
Development = Complexity Curve
Streamlit Easy Built-in Low Rapid

ML/OCR

prototypes
Flask Moderate Manual Medium Full-featured
HTML/CSS custom web

apps

Solara Easy Component-  Medium Interactive

based dashboards,

new projects
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3.8 Software and Environment

The development and evaluation of the system require a consistent software
environment to ensure reproducibility and compatibility. Table 3.2 summarizes
the programming languages, libraries, frameworks and platforms used in the

implementation and testing of the OCR and LLM application.

Table 3.2: Software and Environment Setup

Component Tool / Library Version / Platform
Programming
Languages Python 3.11
OCR Engine 1 Tesseract 534
OCR Engine 2 EasyOCR 1.7.2
OCR Engine 3 PaddleOCR 3.1.0
OCR Engine 4 DocTR 1.0.0
OCR Engine 5 DeepSeek-OCR Version 2
Local LLM Ollama (Llama, Ollama 0.5.3, models:
DeepSeek) Llama3.1:8b, DeepSeek-r1:8b
Al Agent Strands Agents Python SDK
Frameworks PyTorch, OpenCV 2.8,4.12
Visualization Matplotlib,
Tabulate 3.10.5,0.9.0
Web Application Streamlit Latest release
Platform Google Colab T4 GPU
3.9 Performance Evaluation

Different metrics were used for OCR, LLM, and Al post-processing
performance. OCR evaluation focused on both correctness of extraction and
exact text matching, while LLM evaluation focused on semantic similarity
between the generated output and the reference text.

For OCR evaluation, accuracy, precision, recall, F1-score, CER, and
WER were used. These metrics were selected to provide a balanced assessment

of OCR performance across different document layout categories. Accuracy,
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precision, recall, and F1-score were used to measure the correctness of the
extracted output under the selected evaluation setup, while CER and WER were
used to measure how closely the OCR output matched the ground truth text at
the character and word levels.

For LLM evaluation, BLEURT, BERTScore, and cosine similarity
were used. These metrics were selected because they are suitable for measuring
semantic similarity and contextual closeness between generated output and
reference text. The selected metrics were used to compare DeepSeek and Llama
in order to determine the more suitable model for chat interaction in the
proposed system.

For Al post-processing evaluation, the performance of the OCR-only
pipeline and the OCR + Al post-processing pipeline was compared using
accuracy, precision, recall, F1-score, CER, and WER. These metrics were used
to observe whether the refinement step improved the extracted output in terms

of correctness, while also identifying its effect on exact text matching.

3.10 Gantt Chart
Figure 3.3 outlines the 28 weeks project timeline where Final Year Project 1
(FYP 1) focuses on initial research and preliminary evaluation, while Final Year

Project 2 (FYP 2) covers system integration, development, and final testing.
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PROJECT ACTIVITY Wi w2 W3 W4 W5 W6 W7 W8 W9 WI0 W11 Wi2 W13 Wi4

Understand objectives and
problem statement

Research on OCR

Research on LLM

Evaluate OCR engines
Evaluation metrics preparation
Preliminary results: OCR

Progress report writing

PROJECT ACTIVITY w15 W16 W17 W18 W18 W20 W21 W22 W23 W24 W25 W26 W27 W28

Finalize System Architecture &
Workflow

OCR Engine Integration &
Evaluation

LLM Integration & Evaluation
Al Agent Integration & Evaluation
Web Application Development

Final Testing
Results documentation & Report
Writing

Figure 3.3: Gantt Chart

3.11 Summary

This chapter presented the methodology used in the development and evaluation
of the proposed OCR-LLM system. It described the system architecture, dataset
and document layout categories, OCR and LLM integration, Al agent post-
processing, web application development, software environment, and
performance evaluation. Five OCR engines and two LLMs were integrated for
comparative evaluation in order to select the most suitable models for the
proposed system. In addition, an Al agent post-processing step was included to
refine OCR output before it was used in the final system. This chapter also
outlined the Streamlit web application and the evaluation metrics used for OCR,
LLM, and Al post-processing analysis. Overall, the methodology supported the
development and evaluation of the proposed OCR-LLM system.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the results and discussion of the proposed OCR-LLM
system. The evaluation focuses on three main components, which are OCR
performance, LLM performance, and Al agent post-processing performance. In
addition, the chapter also presents the interface and functionalities of the

developed web application.

4.2 OCR Performance Analysis

This section presents the performance of the selected OCR engines used in this
project. The evaluation was carried out on two types of layouts, which are
single- column and unstructured layouts. The purpose of this evaluation was to
compare how well each OCR engine performed when extracting text from
documents with different levels of complexity. For each metric, the final value
shown in the results represents the average performance across English, Malay,

and Chinese. The detailed breakdown of performance by languages are provided

in Table A-1 and Table A-2 in Appendix A.

4.2.1 CER and WER Analysis

The CER and WER results in Figures 4.1 and 4.2 show that DeepSeek-OCR
achieved the best performance across both layout categories. It recorded the
lowest CER and WER for both single-column and unstructured documents,
indicating that its output was closest to the ground truth text at both the character
and word levels. In contrast, DocTR recorded the highest CER, especially for
unstructured documents, making it the weakest engine in terms of character-
level transcription fidelity.

For single-column documents, PaddleOCR also produced relatively
low CER and WER, showing that it performed well when the layout was simple
and regular. However, its error rates increased much more clearly for
unstructured documents, while DeepSeek-OCR remained comparatively stable.

This is an important comparison because it shows that PaddleOCR was strong
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in easier layouts, but DeepSeek-OCR was more robust when the document
structure became more complex.

A major trend can also be observed in WER, where most OCR engines
produced higher error rates for unstructured layouts than for single-column
layouts. This suggests that word-level transcription became more difficult when
the reading order was less regular. For WER, Chinese was excluded because
word-level comparison is less fair when the language does not explicitly
separate words using spaces. Even with this exclusion, the overall pattern
remained clear.

Overall, the CER and WER results show that DeepSeek-OCR was the
strongest OCR engine in exact text preservation, while DocTR was the weakest,
particularly under more complex layouts. This is important because lower CER
and WER indicate fewer spelling mistakes, substitutions, and word-sequence
errors, making the OCR output more suitable for later stages such as LLM

refinement and chat interaction for users.

Single column ® Unstructured
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Figure 4.1: CER Comparison of OCR Engines
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Figure 4.2: WER Comparison of OCR Engines

4.2.2  Accuracy, Precision, Recall, and F1-score Analysis

Based on Figures 4.3 to 4.6, the results show that DeepSeek-OCR and
PaddleOCR were the strongest OCR engines overall, although their strengths
differed across layout types. For single-column documents, DeepSeek-OCR
achieved the highest accuracy at about 90%, while PaddleOCR obtained the
highest precision, recall, and Fl-score. This indicates that both engines
performed strongly on simpler layouts, but in different ways.

For unstructured documents, DeepSeek-OCR clearly became the best
performing engine, achieving the highest accuracy at around 84% and the
strongest precision and F1-score, while also maintaining relatively high recall.
By contrast, the accuracy of DocTR and PaddleOCR dropped, which shows a
major gap between DeepSeek-OCR and the weaker engines when layout
complexity increased. This is one of the most important comparisons in the
results because it highlights the stronger robustness of DeepSeek-OCR across
both layout types.

Among the other OCR engines, EasyOCR showed a smaller drop in
recall, suggesting that it remained relatively capable of capturing text under
different layouts. However, its overall scores were still lower than DeepSeek-

OCR. Tesseract showed fair and balanced performance, but it did not achieve



42

the best score in any of the grouped metrics. DocTR generally remained the
weakest, especially for unstructured documents, where both its accuracy and
F1-score were low.

The results also indicate that recall behaves differently from accuracy
and precision. An OCR engine may retrieve more text, but the output may still
contain errors or incorrect grouping. Therefore, recall should be discussed
together with precision and F1-score rather than being interpreted alone, since
F1-score provides a balanced measure of completeness and correctness (scikit-
learn, 2026).

Overall, the accuracy, precision, recall, and F1-score results indicate
that DeepSeek-OCR offered the most consistent balance between correctness
and robustness, while PaddleOCR was the strongest competitor in single-

column layouts but showed a larger decline in more complex layouts.
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Figure 4.3: Fl-score Comparison of OCR Engines
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Figure 4.4: Accuracy Comparison of OCR Engines
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Figure 4.5: Precision Comparison of OCR Engines
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Figure 4.6: Recall Comparison of OCR Engines

4.2.3  Overall Comparison of OCR Engines

Based on the overall results presented in Figures 4.1 to 4.6, DeepSeek-OCR was
the best performing OCR engine in this study. It achieved the highest scores in
accuracy, precision, recall, and F1-score, while also producing the lowest CER
and WER values across both single-column and unstructured document layouts
In comparison, PaddleOCR also showed strong performance, especially for
single-column documents. It achieved very high precision, recall, and F1-score
in structured layouts. However, its performance dropped more obviously for
unstructured documents, especially in terms of accuracy, CER, and WER. This
means PaddleOCR is effective when the layout is simple, but less stable when
document complexity increases.

Meanwhile, Tesseract showed fair and balanced results. It did not
achieve the best result in any metric, but it performed more consistently than
some other engines. This makes it a useful baseline OCR engine, especially for
simpler documents.

Regarding the remaining engines, EasyOCR produced moderate results.
Its recall and F1-score on unstructured documents were relatively acceptable,
but its error rates were still higher than DeepSeek-OCR. Similar to DocTR,

which had mixed performance where it showed high precision and recall in
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simpler layouts, but the low accuracy and high CER and WER when dealing
with unstructured layouts suggest that the overall quality of the extracted text
was less reliable.

From these findings, it can be concluded that DeepSeek-OCR is the
most suitable OCR engine for the proposed system. The engine not only
performed well on regular documents but also maintained strong results on more
challenging unstructured layouts. Since this project aims to process different
layout types in a web application, robustness across layouts is an important
requirement.

This finding is also consistent with the benchmark discussion presented
in Chapter 2. DeepSeek-OCR-2 has been reported to perform strongly in exact
text recognition tasks, with benchmark values of 2.30% CER and 5.60% WER
under general benchmark settings. In this study, DeepSeek-OCR also achieved
the best overall OCR performance across the selected evaluation metrics. This
further supports the suitability of DeepSeek-OCR-2 as the OCR engine for the

proposed system.

4.3 LLM Performance Analysis

This section presents the performance of the LLMs used in this project. The
main purpose of this evaluation is to compare two open source LLMs which are
Llama 3.1 and DeepSeek rl, in order to determine which model is more suitable
for the implementation of the chat function in the proposed web application. To
ensure consistency in the evaluation, the LLM comparison was conducted using
text produced by DeepSeek-OCR, as it was identified as the best performing
OCR engine in the OCR evaluation.

4.3.1 Comparative Analysis of LLMs Performance

The comparison between Llama and DeepSeek is shown in Figure 4.7. Based

on the figure, DeepSeek achieved higher scores than Llama in all three

evaluation metrics, which are BLEURT, BERTScore, and cosine similarity.
For BLEURT, DeepSeek obtained a score of about 81%, while Llama

obtained around 62%. This is the largest gap among the three metrics. The result

suggests that DeepSeek generated responses that were more semantically

appropriate and closer to the reference text. Since BLEURT focuses on text
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quality and meaning, this shows that DeepSeek performed better in producing
more natural and meaningful output.

For BERTScore, both models showed strong performance, but
DeepSeek still achieved a slightly higher result, around 94%, compared to
Llama at around 90%. This means both models were able to preserve important
contextual meaning, but DeepSeek was still more accurate in matching the
reference content.

For cosine similarity, DeepSeek again achieved a higher value, around
90%, while Llama achieved around 81%. This indicates that the semantic
representation of DeepSeek was closer to the expected result. In simple terms,
DeepSeek generated responses that were more similar in meaning to the target
output.

The trend shown in Figure 4.7 indicated that DeepSeek consistently
outperforms Llama across all evaluation metrics. This suggests that DeepSeek
is more effective in handling text extracted by OCR and refining it into output
that is more understandable and contextually correct. Llama still showed good
performance, especially in BERTScore, but its lower BLEURT and cosine
similarity indicate that it was less consistent in preserving the intended meaning.

This finding is also consistent with the benchmark discussion presented
in Chapter 2, where in one benchmark setting, DeepSeek obtained an average
cosine similarity of 0.8943, an average BERTScore of 0.6820, and a final score
of 0.5794. In another benchmark setting, DeepSeek-R1 achieved a BLEURT
value of 0.587 and a BERTScore value of 0.746, while Llama 3.1 obtained 0.524
and 0.721, respectively. Therefore, this suggests that the stronger performance
of DeepSeek observed in this study is broadly consistent with benchmark
findings, although the performance may still vary depending on the dataset,

language setting, and evaluation method.
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Figure 4.7: Comparative Evaluation of Llama and DeepSeek

4.4 Al Agent

This section presents the performance of the Al agent in the proposed pipeline.
The evaluation was conducted to determine whether adding the Al agent after
OCR could improve the overall output quality compared to using OCR alone.
In this study, the Al agent was evaluated using text produced by DeepSeek-
OCR, since DeepSeek-OCR was identified earlier as the best performing OCR
engine. The comparison focused on unstructured document layouts in English,

Malay, and Chinese to examine the performance of the Al agent.

4.4.1 Al Agent Performance Analysis

Based on Table 4.1, the Al agent improved the performance for English and
Malay in most of the metrics. For English, the accuracy increased from 88.70%
to 91.83%, while precision, recall, and Fl-score also improved. A similar
pattern can be observed for Malay, where all four metrics recorded clear
improvement after the Al agent was applied.

The results suggest that the Al agent was able to improve the usefulness
of the OCR output for these two languages. The increase in recall and F1-score
is especially meaningful, as it shows that the refined output became more
complete while still maintaining strong correctness. This indicates that the Al

agent was effective in improving the semantic quality of the extracted text. For
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Chinese, the improvement was not observed in the same way. As shown in Table
4.1, the accuracy decreased from 78.20% to 73.60%, while precision and F1-
score also showed a slight decrease. Recall increased slightly, but the overall
result was still weaker than the OCR-only pipeline.

These findings show that the Al agent was beneficial for English and
Malay, but its performance was less stable for Chinese. This suggests that the
Al agent was less effective for Chinese under the current implementation. A
possible reason is that Chinese remains a challenging setting in open-source
models, especially across different capability and evaluation dimensions (Cai et
al., 2024). Furthermore, Chinese text does not explicitly separate words using
spaces like English and Malay, it remains an important challenge in Chinese
text processing (Chen et al., 2025). Therefore, even small changes introduced
during post processing may lead to larger differences in the final evaluation. As
a result, the lower performance for Chinese may be caused by both model

limitations and the structural characteristics of Chinese text.

Table 4.1: Comparison of OCR-only and OCR + Al Agent Performance

Language Pipeline Accuracy Precision Recall F1-score

(o) (%) (%) (%)
OCR-only 88.70 94.72 90.65 92.58

English
OCR + AI Agent 91.83 96.80 94.94 95.83
OCR-only 84.44 91.09 87.10 89.01

Malay

OCR + AI Agent 90.70 96.29 95.19 95.72
OCR-only 78.20 84.03 82.23 83.04

Chinese
OCR + AI Agent 73.60 82.16 83.41 82.47

4.4.2 Al Agent Trade-Offs

Although the Al agent improved the accuracy, precision, recall, and F1-score

for English and Malay, Table 4.2 also shows that both CER and WER increased

after the agent was applied. This means that the refined output became less

similar to the original ground truth text at the exact character and word levels.
This difference can be explained by the fact that accuracy, precision,

recall, and Fl-score were evaluated based on token overlap, while CER and
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WER were based on edit distance. Therefore, the refined output could contain
more meaningful and correctly matched tokens, which improved precision,
recall, and F1-score. However, because the Al agent may semantically rewrite,
rephrase, restructure, add, or remove words from the OCR output, the refined
text may no longer preserve the original wording exactly. As a result, the output
became easier to understand and more contextually meaningful, but it differed
more from the ground truth text at the character and word levels, leading to
higher CER and WER.

Furthermore, a larger increase in WER compared to CER was observed,
which can be explained by the sensitivity of word-level evaluation. CER
measures changes at the character level, so small spelling or character
differences may only cause a slight increase. In contrast, WER treats a whole
word as incorrect if the word is inserted, deleted, substituted, or reordered.
Therefore, when the Al agent rewrites a sentence by adding words, removing
words, or changing the word order, the word-level difference becomes much
larger even if many individual characters remain correct. This explains why
CER only increased slightly, while WER increased more significantly after Al
agent post-processing.

In summary, the Al agent introduced a trade-off between improved
output quality and exact text matching. Although CER and WER increased, the
improvement in accuracy, precision, recall, and Fl-score suggests that the
output became more useful, which supports the objective of making OCR output

more contextual using LLM.

Table 4.2: Comparison of CER and WER for AI Agent Performance

Language Pipeline CER WER

OCR-only 0.05 0.11

English
OCR + Al Agent  0.08 0.37
OCR-only 0.06 0.16

Malay

OCR + Al Agent  0.09 0.39
OCR-only 0.25 0.22

Chinese

OCR + Al Agent  0.29 0.82
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4.5 Web Application Interface and Functionalities

This section presents the interface design and main functionalities of the
developed OCR-LLM web application. The system was built to allow users to
upload document images or PDF files, extract text using OCR, refine the

extracted output, and interact with the content through a chat function.

4.5.1  User Interface Overview

The overall interface of the developed OCR-LLM dashboard is shown in Figure
4.8. The web application was designed with a simple and user-friendly layout
so that users can perform document upload, OCR processing, text refinement,
and chat interaction in a single interface.

As shown in Figure 4.8, the dashboard is divided into several main
sections. These include the file upload area, document preview panel, extracted
result panel, action buttons, and chat interaction section. The arrangement of
these components allows users to follow the workflow more easily, starting
from document input and continuing to text extraction, refinement, and
interaction with the extracted content. Figure 4.8 also shows that the interface
integrates OCR extraction, text refinement, and chat interaction into a single

dashboard.
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OCR-LLM Dashboard

Extract, Autocorrect, and Chat with your documents seamlessly.

Group makes gesture of peace el

3 a A Pape All Page:
Churchgoers moved by gifts of flowel® and oranges from Muslims i & OwldPage ool

t held 3 tea-party to foster goadwill with refigious leaders of other faiths. Yesterday’s gathering

ende ing for peace and harmony.

Ask DeepSeek About This Page

& | canyou tell me the main points?

| Based on the provided text, her

the main points:

1. Event: A gesture of peace oc

ed at the Holy Family Church in Kajang, Malaysia.

Figure 4.8: Overall Interface of the OCR-LLM Dashboard

4.5.2  File Upload and Document Preview Functions

The file upload and document preview functions allow users to provide input
documents to the system in an easy and direct way. As shown in Figure 4.9,
users can upload either an image or a PDF file through the upload area located
near the top of the dashboard. After the file is uploaded successfully, the
document is displayed in the preview panel on the left side of the screen.

This function is important because it gives users a clear view of the
original document before OCR is performed. By showing the uploaded page
visually, the system allows users to compare the extracted text with the original
source. This is useful for checking text quality, layout structure, and possible
OCR errors. In addition, for PDF input, the multipage preview also helps users

understand which specific page is currently being processed.
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DAP is caught between a rock and a hard place — it
needs PAS but not its clerics or its hudud policy.

president Datuk Seri Abdul Hadi Awang

~ calling him dishonest and treacher-
ous but maintaining ties with PAS as a party
- shows that it can't do without a major
Malay party as a partner.

By this ambiguous policy, it is telling all
that it needs PAS more than ever but a
PAS, minus clerics like Abdul Hadi and their
cherished hudud policy. The hudud policy
was passed in the Kelantan state assembly
and the PAS president is ready to table it in
Parliament.

DAF: recent decision to cut ties with PAS

DAP is caught between a rock and a hard
place - it needs PAS but not its clerics and
certainly not its hudud policy

It is an admission that it cannot capture
Putrajaya on its own because it is a Chinese
majority party and the maximum that the
party can wan is what it won in the 2013 gen-
eral election - 38 seats in Parliament.

It contested 51 parlament seats and won
38, and lost one - Teluk Intan - in 2 subse-
quent by-election,

This performance is excellent and out-
standing but it is also the maximum that it
can achieve on its own. With a major Malay

DAP could not participate in recent protests
organised by PKR because it had ne focus,

The recent proposal by DAP adviser Lim Kit
Siang (o capture the imagination of Sabah and
Sarawak politicians by moving a “Coalition to
Save Malaysia" must be seen in this context.

Bur Sabah vaters are not excited by the pro-
posed coalition, seeing it as a shot in the dark.

Alxiul Hadi, on the other hand. is muster-
ing a lot of support from clerics because of
this strange DAP policy to condemn him but
support PAS.

Many PAS divisions have come out to voice
support for him.

Kelantan Deputy Mentri Besar Datuk Mohd
Amar Nik Abdullzh, a strong Hadi supporter,
even said DAP might lose its crown jewel
Penang il PAS were 10 be expelled from
Pakatan Rakyat
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partner, it can give its supporters the dream “Don't tunk that only PAS depends on

af ruling Putraiava ane daw arhare Onher neanle alin densnd on PAS in

Original Decument (Page 1)

Figure 4.9: File upload and Document Preview Functions

4.5.3 OCR Text Extraction Function
The OCR text extraction function is one of the core functions of the system.
After a document is uploaded, the user can click the “Extract Text (DeepSeek-
OCR)” button as shown in Figure 4.9, to begin the extraction process. Once the
OCR process is completed, the extracted text is displayed in the result panel on
the right side of the dashboard.

This function allows the system to convert the visual content of the
uploaded document into machine readable text. The extracted result is shown in
a text box as shown in Figure 4.10 so that users can immediately review the

content without leaving the current page.

4.5.4  Text Editing and Autocorrect Functions
After the OCR result is displayed, the extracted text can be edited directly in the
text area as shown in Figure 4.10 which allows users to manually correct the
extracted content if needed. In addition to manual editing, the system also
provides an Autocorrect button to further refine the extracted text.

In this system, the Autocorrect function represents the use of Al agent

as a post-processing step. By providing both manual editing and Al refinement,
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the system gives users more flexibility in handling OCR results. Users can either
make their own corrections or use the autocorrect function to improve the
extracted output automatically. Instead of limiting the system to raw text
extraction only, the application allows the extracted text to become cleaner and

more contextual before it is used for chat interaction or download.

o Extracted Results
# Autocorrect & Dwid Pape Sk OCR All Pages

You can edit the final text here:

[ when it had a ready and winnable candidale in Tormer Teluk Intan MP M. Manoharan.

That expesiment was disastrous as nearly 9,000 people who had vated for DAP in the 2013 general election, did not tun up
Lo wote for the party in the by-election.

It lest the seat narrowly to Gerakan president Datuk Mah Siew K.eun_;,]
“That experirment was a disaster and from that, we réalisad that we will need a Malay partner like PAS or PER because we
cannol hope Lo Lake Pulrajaya on our ewn,” said a DAP central executive commitiee [CEC) member.

“Teluk Intan put an end to the 2013 general election euphoria.” he said.

This strange policy - condemning Abdul Hadi and supporting PAS - is also an admission that it cannot rely on PER, a
Malay-led party fixated with Datuk Seri Arwar lbeahim, who has been sentenced to five years in jail for sodomy. DAP wanls
Lo look beyond Anwar and see the political possibilities that the post-Anwar era will definitely open up.

“We don't want to be fixaled with one man like PR, said the CEC member, adding that DAP could not participate in
recant protests organisad by PER because it had no focus.

The recent propocal by DAP adviser Limn Kit Siang o capture the imagination of Sabah and Sarawak politicians by mowving
a “Coalition to Save Malaysia” must be seen in this contest. -

Figure 4.10: OCR Text Extraction Result in the Dashboard

4.5.5 Document Export and Multipage Processing

The system provides several buttons to support document output and multipage
processing. These include Download Page, OCR All Pages, and Download All
Pages as shown in Figure 4.11. The Download Page function allows the user to
download the processed output for the current page only, while OCR All Pages
allows OCR extraction to be performed across the entire document. The
Download All Pages function supports the downloading of the full extracted

result after multipage processing has been completed.

- Extracted Results

~ Autocorrect & Dwld Page I OCRAIl Pages [ Dwld All Pages

Figure 4.11: Action Buttons for Extracted Results
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4.5.6  Chat Interaction Function

The web application also includes a chat function, as shown in Figure 4.12,
which is at the lower section of the dashboard. This feature is labelled “Ask
DeepSeek About This Page” and allows users to type questions related to the
extracted content of the current page. The system then generates a response
based on the OCR result shown in the extracted text area. This function allows
users to interact with the document content in a more contextual way. For
example, users may ask for the main points of the page, request a summary, or
ask about specific information mentioned in the document. This supports the

project objective of making OCR output more useful through LLM integration.

Ask DeepSeek About This Page

What it s talking about?

This text is discussing the complex political relationship between Malaysia's DAP (Democratic Action

]

Party) and PAS (Parti Islam SeMalaysia), focusing on DAP's stance towards PAS and its former
president, Datuk Seri Abdul Hadi Awang.

The main points are:

1. DAP's Dilemma: DAP needs an alliance with PAS (a major Malay party) to potentially win the Prime
Minister's post (Putrajaya) but doesn't want PAS's clerical leadership (like Abdul Hadi) or its hudud
(Islamic penal code) policies.

2. Abdul Hadi's Expulsion: DAP expelled Abdul Hadi from a key position but continues to support
PAS as a political partner.

3. Reasons: DAP feels it cannot win Putrajaya on its own (being a Chinese-majority party) and needs
PAS's rural support. They see PAS as strategically important despite their differences on leadership
and policy.

4. Internal Conflicts: DAP is distancing itself from PKR (Parti Keadilan Rakvat). another Malav-led

Figure 4.12: Chat Interaction Function

4.5.7  Overall Functional Flow
The overall functional flow of the web application is illustrated in Figure 4.13.
The process begins when the user uploads an image or PDF file into the system.
After the file is uploaded successfully, the document is displayed in the preview
section so that the user can inspect the original content. The user then initiates
the OCR process by clicking the extraction button, and the extracted text is
displayed in the result panel.

As shown in Figure 4.13, once the OCR output is shown, the user may

either edit the text manually or apply the autocorrect function to refine the
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extracted result. If the uploaded file contains multiple pages, the user can choose
to process all pages using the multipage OCR function. The resulting output can
then be downloaded either for the current page only or for the entire document.

In addition, the user may interact with the extracted content through
the chat function provided in the dashboard. This allows the system to support
not only OCR extraction, but also text refinement and contextual interaction in
a single interface. Therefore, the overall workflow shows how OCR and LLM

are integrated to produce a more practical and user-friendly application.

/ Upload document /

Display document in
Preview Section

v

/ Extraction Button Clicked /

System initiates OCR Process

v

Display extracted text in

Result Panel
Y ¢ h 4
Autocorrect Manual Text Editing Chat Interaction

Al Agent Process ‘/K‘ Contextual Interaction
» Y

(LLM Agent) (LLM Chatbox)

Download output

Figure 4.13: Functional Flow of the OCR-LLM Web Application
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4.6 Summary

This chapter presented the results and discussion of the proposed OCR-LLM
system. The findings showed that DeepSeek-OCR 2 achieved the best overall
OCR performance, while DeepSeek-R1 outperformed Llama 3.1 in the LLM
evaluation. The Al agent improved the output for English and Malay, although
it also introduced a trade-off between improved output quality and exact text
matching. In addition, the chapter presented the main interface and
functionalities of the developed web application. Overall, the results support the
suitability of the selected OCR engine, LLM, and Al refinement process for the

proposed system.
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CHAPTER 5

CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

This project successfully developed a modular OCR-LLM application for
multilingual document processing. The system integrates OCR extraction, Al
agent post-processing, and local LLM interaction into a Streamlit web interface.

Based on the final evaluation, DeepSeek-OCR 2 was selected as the
most suitable OCR engine, achieving an average F1-score of 88.21%, CER of
0.1175 and WER of 0.1622. In the LLM evaluation, DeepSeek-R1
outperformed Llama 3.1 with a BLEURT score of 81.38%, BERTScore of
94.77%, and cosine similarity of 90.46%, showing its ability to support
contextual understanding and chat-based interaction. Furthermore, the OCR +
Al agent pipeline achieved an average Fl-score of 91.34%, showing
improvement over the OCR-only baseline. While a trade-off was observed in
exact word matching, the Al agent effectively produced cleaner, more useful
text.

Overall, the implementation of this project demonstrates that open-
source, locally deployable, privacy-aware, and multilingual technologies can be
combined into a flexible OCR-LLM pipeline that can be upgraded and
optimized in future work. Since the system can be deployed locally, it also
reduces reliance on paid cloud services or external API platforms, making it

more cost-effective and suitable for users or organisations with limited budgets.

5.2 Recommendations for Future Work

In future research, the proposed OCR-LLM pipeline can be further optimized
by upgrading the system with GPU-based hardware. Since OCR extraction, Al
agent post-processing, and local LLM inference require high computational
resources, GPU acceleration presents a promising approach for improving the
processing speed and efficiency of the system. This enhancement would allow
the system to handle larger images, multipage PDF files, and higher-volume

document processing more effectively.
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Furthermore, by expanding the dataset size and increasing the number
of supported languages, additional document samples can be collected from
different layouts, image qualities, document types, and real-world conditions to
provide a more comprehensive evaluation of the OCR-LLM pipeline.

In addition, the Al agent can be further developed into a multifunction
agentic Al system. Instead of only refining extracted OCR text, the agent could
be extended to interact with external platforms such as email, WhatsApp, or
other communication tools. For example, the agent could summarise processed
documents, draft responses, send extracted information to selected users, or
assist in completing document-related workflows. With these improvements,
the optimized system holds strong potential to support practical document
automation tasks while maintaining the advantages of a free, open-source,

locally deployable, and privacy-aware engineering pipeline.
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APPENDICES

Appendix A: Tables

Table A-1: OCR Performance Comparison (Single-Column Layout)

OCR Lang. Accuracy CER WER Precision Recall F1-

Engine (%) score
EN 9721 00279 0.0325 1.0000 1.0000 1.0000
D k-
cepSeck- L 9697 00303 0.1000  1.0000  1.0000 1.0000
OCR

CHI 76.33 0.2367 0.6078  0.8825  0.8455 0.8636

EN 94.70 0.0530 0.1870  1.0000  0.9804 0.9901

PaddleOCR MAL 93.93 0.0607 0.3091  1.0000  0.9800 0.9899

CHI 76.14 0.2386 1.3137 0.9525 0.9450 0.9488

EN 94.70 0.0530 0.1220  0.9434  0.9804 0.9615

Tesseract MAL 86.21 0.1379 0.3455 0.9038  0.9400 0.9216

CHI 61.52 0.3848 2.4314 0.7713  0.7592 0.7652

EN 89.68 0.1032 0.3252  0.9091 0.9804 0.9434

EasyOCR MAL 72.41 0.2759 0.7364  0.8103  0.9400 0.8704

CHI 57.59 0.4241 2.8235 0.7739  0.8063 0.7897

EN 96.51 0.0349 0.0650 0.9804 0.9804 0.9804

DocTR MAL 95.72 0.0428 0.2091  0.9800  0.9800 0.9800

CHI N/A* N/A*  N/A* N/A* N/A*  N/A*

*Note: DocTR data was not available for Chinese
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Table A-2: OCR Performance Comparison (Unstructure Layout)

OCR Lang. Accuracy CER WER Precision Recall Fl1-

Engine (%) score

EN 8870  0.0483 0.1130 09472 09065 0.9258

DeepSeek- ~\ /Al 8444 00578 0.1556 09109 0.8710 0.8901
OCR CHI 7820 02465 02180 0.8403 0.8223 0.8304

EN 3105 05309 0.6895 09271 0.8078 0.8575

PaddleOCR MAL 3725 04501 0.6275 0.8999 0.7755 0.8290
CHI 3127 0.6652 06873 08167 0.7853 0.8001

EN 7218 02231 02782 08629 0.8257 0.8279

Tesseract MAL  68.15 02109 03185 0.8361 0.8449 0.8397
CHI 4020 0.6292 05980 0.6499 0.5234 0.5683

EN 3942 04619 0.6058 09046 0.9060 0.9050

EasyOCR MAL 4598 03825 05402 0.8709 0.8738 0.8719
CHI  60.69 04853 03931 08261 08177 0.8214

EN 3042 05405 0.6958 0.8789 0.7955 0.8269

DocTR ~ MAL  39.44 04416 0.6056 08812 0.8640 0.8721

CHI  N/A*  N/A* NA* NA*  NA* N/A*

*Note: DocTR data was not available for Chinese



