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Abstract

The rapid proliferation of digital documents hasled to a growing need
for systems capable of handling scanned and image-based Portable
Document Format (PDF) files, which often lack machine-readable text
and are difficult to search, analyze, and interact with. Existing solutions
are typically based on cloud computing or computationally intensive
transformer architectures, raising concerns about data privacy and
resource consumption. This paper proposes a fully local and privacy-
conscious document intelligence system that integrates Optical
Character Recognition (OCR), extractive summarization, and question
answering. Text extraction is performed using Tesseract OCR, followed
by TF-IDF vectorization, cosine similarity, and graph-based processing.
The LexRank algorithm is employed to generate concise summaries,
while a locally deployed Large Language Model enables document-
based question answering. Additionally, the system provides document
analytics, such as word count and reading time has been implemented
using Streamlit. The proposed system ensures efficiency, security, and
offline processing, making it suitable for private and sensitive
applications.

Introduction

representations and with better accuracy than

The rapid increase of digital documents has
caused the growing need in the intelligent
systems that can extract, analyze, and interpret
textual information in the Portable Document
Format ( PDF) files. A large part of these
documents is in scanned or image-based form,
without machine-readable text, and thus
preventing effective searching, indexing and
analysing of content. Optical Character
Recognition (OCR) has become one of the basic
solutions in converting such documents into
editable text [1].More recent developments in
document understanding are vision-language
models like Pix2Struct [2], which encode visual
documents into structured textual

© 2026 The Authors. Published by MRI INDIA.

previous models. Equally, Nougat [3] allows
extracting structured text directly out of
academic PDF documents, which enhances the
performance of OCR in intricate layouts).
Nevertheless, the problem of deriving
information out of large amount of text is a
complicated endeavor because of the difficulties
that include layout complexity, noise, document
analysis and segmentation errors [4].

The latest developments in Natural Language
Processing (NLP) and Large Language Models
(LLMs) have enhanced the understanding of
documents considerably, allowing it to
understand data, summarize it, and answer
questions. BERT

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-ncnd/4.0/).
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[5] and other transformer-based models have
been shown to perform well in all these aspects
as well as in others like machine translation and
speech recognition Moreover, layout- conscious
models, including Layout LM [6], have improved
the interpretation of structured documents by
jointly  considering textual and spatial
information Although effective, these models
generally demand significant computational
resources and are commonly implemented with
the help of cloud computing resources, which
causes issues concerning privacy, security, and
reliance on internet connectivity.

To overcome these shortcomings, researchers
have sought other methods, such as extractive
summarization methods, like graph-based
algorithms, such as LexRank [7] and TextRank
[8], which do not require a large amount of
training data or high-performance computing to
work. These methods are based on sentence
significance using similarity graphs [9] and they
are appropriate to lightweight applications and
offline applications. Moreover, there are models
that use transformers like LongT5 and can
efficiently process long documents to enhance
the contextual perception of large textual inputs.
Nonetheless, the vast majority of the current
systems are either built on the principles of OCR-
based text extraction or rely on the cloud-based
systems to perform the more sophisti- cated
language processing tasks. The ability to give

context- aware and knowledge-intensive
responses is enhanced further by recent
contributions in Retrieval-Augmented

Generation (RAG) [10], which incorporates
retrieval mechanisms with language models to
achieve high-quality performance [11]. Also, new
compact language models have shown that it is
possible to get high performance with even
smaller models that can be deployed locally
[12]. Recent retrieval methods enhance zero-
shot retrieval with improved performance [13].
OCR, summarization, and smart query
processing are still under-explored, even though
graph-based retrieval methods can further
improve contextual understanding. Moreover,
Self- RAG [14] introduces self-reflection
processes to improve reliability.

The first research gap, which has been identified,
is that there is no comprehensive, privacy-
preserving and computationally- efficient
document intelligence system that can complete
end- to-end processing, such as text extraction,
summarization, and semantic query answering,
without using external cloud services or high-
end hardware.

105

LLM
PROMPT b ~
o}

:

h

=
RESPOND —

[ )

=

Fig. 1. Retrieval-Augmented Generation (RAG)
conecpt diagram

To address such a gap, the current research
suggests a completely localized document
intelligence framework that combines Tesseract-
based OCR [15], graph-based extractive
summarization with LexRank algorithm [16], and
a locally deployed Large Language Model (LLM)
to answer document- related questions [12].
The system will be made to work fully on CPU-
based environments to guarantee accessibility
and scalability in  resource-constrained
environments. Also, document analytics,
including word count and reading time, are
available in the system, contributing to its
usability and interpretability.
The main contributions of this work are as
follows:
- Building a complete offline OCR and
document intelli- gence pipeline.
- Fusion of extractive summarization and
local LLM-based question answering.
- Privacy-preserving, cloud-independent
system architec- ture design.
- Lightweight and user-friendly interface is
implemented with Streamlit.
The originality of this paper is in the fact that the
classical methods of OCR (NLP) [17], graph-
based summaries, and local inferences of LLM
correlate to the extent of a single and unified
framework. In contrast to the current solutions
that rely on cloud-based infrastructure or
computationally-demanding  deep  learning
models, the proposed system provides a feasible,
practical, and privacy-regarding alternative that
can be applied in the real world in sensitive data
scenarios.
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Related Work

Optical Character Recognition (OCR) has been
widely researched as a basic method of turning
scanned and image format documents into
machine-readable text [1]. As more and more
documents become computerized in areas like
healthcare, legal systems, and education, OCR
systems are now necessary to allow the use of
automated information retrieval and analysis.
Classical OCR systems were mainly based on
rule-based and pattern recognition algorithms,
but the recent methods combine machine
learning and deep learning to enhance
recognition. Even with these developments, OCR
is very sensitive to the quality of documents even
when it comes to noise, skew, low resolution and
even tricky layouts. Specifically, there are still
serious problems with multi-column documents,
tables, and handwritten annotations that tend to
lead to segmentation errors and incorrect text
extraction.

In order to address such shortcomings, scholars
have considered sophisticated document
comprehension methods with deep learning
networks. Transformer-based architectures have
contributed to a substantial enhancement of the
capability of machines to comprehend textual
context and interrelations. Layout-aware models
like LayoutLM [6] and its various extensions can
use both text and spatial data and can better
understand structured and semi-structured text,
including in- voices, forms, and reports.s.
Moreover, multimodal document understanding
methods integrate both textual and visual data in
a way that additionally enhances document
understanding Nonetheless, such methods are
computationally intensive and are usually
implemented using cloud-based systems.

OCR

Fig. 2. Optical Character Recognition converting
images into text

Simultaneously, extractive  summarization
methods have been extensively utilized as
effective alternatives to deep learning-based
ones. Graph-based techniques like LexRank

[7] and TextRank [8] are based on the concept of
sentence similarity and centrality in order to
determine the most significant sentences in a
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document. These methods are not based on
training data and are computationally sparse, so
they can be used in real-time and offline.
Nonetheless, extractive summarization
techniques are limited in nature because they are
based on superficial statistical correlations and
they may not identify more profound semantic
content and contextual relationships.

More recently, with the advent of Large Language
Models (LLMs), document intelligence has
changed. LLMs can comprehend the context,
produce human-like texts, and respond to more
complicated questions relying on the content of
documents. The combination of OCR and LLMs
and Retrieval- Augmented Generation (RAG)
systems has facilitated inter- active document
analysis where users can ask documents
questions using natural language [10], [18].
Retrieval methods like the ColBERT [19] are
efficient and accurate in document search,
whereas generative retrieval methods are
efficient and effective in question answering.
Moreover, GPT-like large- scale models are
effective in few-shot learning tasks and chain- of-
thought prompting enhances reasoning and
interpretability [20]. More recently, more
efficient models like LLaMA [21] can be run with
high-performance language models using less
computation. Even with the advances in OCR,
summarization,

O
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Fig. 3. Data pipeline

And document understanding using LLM [22],
the current systems tend to be constructed to
perform these functions separately instead of as
a sequence of actions. Consequently, unified
systems that can effectively carry out end-to-end
document processing, including text extraction,
summarizing, and intelligent querying, are not
readily available [10], [18].

A. Limitations of Existing work

Despite the great progress in the technologies of
document processing, there are still a number of
shortcomings:

- High dependence on cloud-based
infrastructure, which causes issues of
data privacy and security.

- Transformer-based and LLM models have
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high computational and hardware
demands.

- Absence of end-to-end integration of OCR,
summariza- tion and question answering.

- Noise sensitivity of OCR systems, layout
complexity sen- sitivity and sensitivity to
variation in document quality.

- Weaknesses of extractive summarization
processes in glimpsing rich contextual
semantic ties and relations Lack of
usability in offline settings due to high
reliance on internet connectivity

B. Research gap

Based on the review of the existing literature, it
is clear that there is an apparent gap in the
development of a comprehensive fully offline
document intelligence system that is able to:

- Carry out proper OCR-based text extraction
on complicated documents.

- Create significant summaries with
lightweight and efficient methods.

- Intelligent question answering and
also support intelligent document-based
question answering

- Runsonresource-constrained hardware and
does not need GPUs or cloud computing.

- Protect privacy and security of data by
operating documents locally.

C. Proposed solution (this work)

To fill the given research gap, this paper suggests
a privacy- conscious, as well as entirely local
document intelligence platform, which combines
OCR, extractive summarization, and question
answering with the help of LLM into a single
system. The system uses Tesseract OCR [23], [24]
to extract text in PDF files, making it compatible
with scanned and image files. TF-IDF
vectorization and cosine similarity are then
used to preprocess the extracted text, to create a
similarity graph. The LexRank algorithm is an
algorithm that utilizes a graph-based ranking
method to find the most significant sentences
and produce brief summaries. Further, the
system has integrated a locally deployed Large
Language Model, which allows users to engage
with the document via queries in natural
language without sending data to remote servers
[20].

The whole system is deployed with the help of
Streamlit, which offers a user-friendly and
interactive interface to upload documents,
analyze them, and visualize them [17]. The
proposed solution is efficient, minimizes
computational overhead, and provides full
privacy of data by combining lightweight
statistical tools and local LLM inference [18].
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Methodology
The suggested system adheres to a pipeline of
document intelligence that includes text

extraction preprocessing via OCR, graph-based
summarization, and question answering with the
help of local large language models (LLM). The
system is intended to work effectively in the fully
offline environment without any failure to
perform effectively.

A. OCR-based Text Extraction

The initial step is to remove textual information
within scanned or image-based PDF files with
Tesseract OCR. The use of OCR is essential in the
process of document digitization, though the
accuracy of its work depends on the complexity
of the layout, noise, and the quality of the images
[25].

Recent research indicates that OCR results play a
major role in downstream activities like
document comprehension and question
answering, where any misinformation in
extraction spreads to the pipeline hence,
accurate text extraction is paramount in ensuring
that the entire system is reliable [26].

B. Text Preprocessing and Representation
Following the extraction, preprocessing steps
such as tokenization, stop-word removal and
sentence division are used. TF-IDF converts the
processed text into numerical representations
and reflects the significance of terms in the
document. TF-IDF and other statistical
techniques are still useful in the lightweight
systems because they do not need to be trained
on a large scale and give text representation of
significance in computing similarity [9].
C. Similarity =~ Computation  and
Construction

Cosine similarity between TF-IDF vectors is
calculated to determine relationships between
sentences. Every sentence is represented as a
node, and similarity scores are represented as
edges, which create a weighted graph.
Graph-based methods are extensively employed
to extractive summarization because they can
represent structural relation- ships between
sentences without learning.

D. LexRank-based Extractive Summarization
The constructed graph goes through the LexRank
algorithm to rank the sentences in terms of
eigenvector centrality. Sentences with centrality
are chosen to produce the summary.

Although neural summarization models have
become popular, graph-based summarization
methods are still useful because of the
computational efficiency and interpretability of
these methods, especially in offline scenarios
[26].

E. Local LLM-based Question Answering

To allow semantic interaction, a locally deployed

Graph
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LLM is accessed through Ollama. The text is
removed and the context is given and user query
is handled to give the answers.
The recent developments in document
intelligence show that the understanding of
documents by LLMs is greatly improved through
a combination of textual and a combination of the
contextual reasoning. The current solutions
combine layout and textual data to enhance
performance of document work, but these
solutions are frequently large-scale and need to
be deployed to the cloud [27], [28].
The proposed system overcomes this weakness
by employing models with light weight, which
confirms privacy and offline.
F. System Integration
The system is executed with the help of Streamlit,
which offers an interactive document uploading,
processing and visualization interface. The
workflow includes:
- PDF Upload
- OCR-based Text Extraction
- Text Preprocessing
- Graph-based Summarization
- LLM-based Question Answering
- Output Generation
G. Design Considerations
The system aims at the following goals:
- Privacy Preservation: All computations
are done locally.
- Efficiency: Does not use deep learning
models that are GPU-intensive.
- Scalability: Modular design to be easily
extended.
- Usability: Interactive and user-friendly
interface.
The recent trends in research focus on the use of
multimodal and layout-aware document
understanding models. Language models like
DocLLM and LayoutLLM [28] use spatial layout
in language models to enhance the
understanding of documents. Furthermore, the
survey studies also show a significant increase in
the role of LLM in document intelligence [29].
Nevertheless, these methods tend to add more
computation. The proposed system offers an
option of a lightweight system, which integrates
statistical approaches with local LLM inference.
H. System architecture
The general structure of the suggested system is
OCR-based text extraction, preprocessing, graph-
based summarization, and local LLM-based
question answering. The system works in a
modular pipeline that ensures effective and
privacy-preserving document processing, as
illustrated in fig.4.
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Proposed System Architecture
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Fig. 4. Proposed System Architecture

As shown in Fig. 4, the proposed system follows
a sequential pipeline starting from PDF
document input, followed by OCR processing,
text preprocessing, and similarity graph
construction. The processed data is then used for
both extractive summarization using LexRank
and question answering through a locally
deployed LLM, producing final outputs including
summaries, answers, and analytics.

Results and Discussion

The performance of the proposed document
intelligence system was evaluated across three
major components: OCR extraction, text
summarization, and question answering. The
evaluation was conducted using a test PDF
document, and accuracy metrics were computed
for each module.

A. Performance Metrics
Table 1: System Performance Evaluation

Module Accuracy Type
(%)

Tesseract OCR 99.74 Syntacti
C

LexRank 90.00 Semant
Summarization ic

LLM Q&A (Ollama) 78.00 Semant
ic

As shown in Table 1, The OCR module achieved
an accu- racy of 99.74%, indicating highly
reliable text extraction. The summarization
module achieved 90.00% accuracy, demon-
strating effective extraction of key sentences. The
question answering module achieved 78.00%,
which is satisfactory for a fully offline system.
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B. Accuracy Comparison Graph

System Accuracy Comparison
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Fig. 5. Accuracy Comparison of System Modules

Q&A

As shown in Fig. 5, the OCR module achieves the
highest accuracy, followed by the summarization
module, while the question answering module
records comparatively lower performance. This
variation is mainly attributed to limitations in
local LLM inference and the propagation of OCR
errors.

C. Discussion

The performance of the proposed document
intelligence system was evaluated across three
major components: OCR extraction, text
summarization, and question answering. The
evaluation was conducted using a test PDF
document, and accuracy metrics were computed
for each module.

The findings indicate that the suggested system
effectively  incorporates OCR, extractive
summarization, and local LLM- based question
answering into a single system. The OCR
accuracy is very high, which guarantees the
reliability of input, and the LexRank algorithm
is able to extract important information
Whereas Q&A module is slightly less accurate, it
is acceptable to deploy it offline and can be
refined by bigger models or better preprocessing
methods [10].

B. Comparison with Existing Systems
Table 2: Comparison With Existing Approaches

Conclusion

This paper demonstrated a privacy-aware
document intelligence system which combines
OCR,extractive summarization, and local LLM-
based question answering in a completely offline
setting. The architecture was to handle scanned
PDF documents and produce insightful
information without the use of cloud-based
services. The results of the experiment indicate
that the suggested system is characterized by
high OCR accuracy (99.74%), successful
summarization (90.00%), and good question
answering (78.00%). These findings confirm the
usefulness of graph-based summarization
methods [7] in conjunction with the lightweight
local models. The suggested solution provides a
viable solution to dealing with sensitive
documents where confidentiality of information
is vital. This system can run effectively on CPU-
based environments un- like the current systems
that rely on cloud infrastructure or
computationally-intensive deep learning models.
The next step in work can include enhancing
question answering performance by using more

effective  context retrieval, incorporating
semantic  embeddings, and considering
multimodal document comprehension methods
[27].

A. Comparison with the state of the art
methods

The suggested system has compared to a variety
of state- of-the-art (SOTA) models, both
transformer-based models, such as BERT and
LayoutLM, and Retrieval-Augmented Generation
(RAG) systems [18], and document-oriented
large language models. Large-scale pretraining
and access to high- computational resources are
features of these methods that usually have
better performance in summarization and
question answering tasks. Nonetheless, they are
dependent on the acceleration of graphics cards
and cloud computing systems, which bring
problems in terms of price, time, and information
confidentiality.

System OCR Summarizatio | Privacy
n
Cloud-based LLM High High Low
Systems Very High | Very High High | Medium
Deep Learning Models High High
Proposed System

As shown in Table 2, Existing systems often rely
on cloud- based infrastructure or GPU-intensive
models. While they achieve high accuracy, they
raise concerns related to data privacy and
computational cost. The proposed system
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provides a balanced solution by achieving
competitive  performance while ensuring
complete offline functionality and data security.

Comparatively, the proposed system is able to
perform competitively and be fully executed in
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an offline setting. The OCR module has almost
perfectaccuracy (99.74 percent), which is similar
to the current OCR systems . The LexRank- based
summarization model has 90 percent accuracy,
which is similar to neural summarization models
even though it does not involve deep learning .

The question answering module has an accuracy
of 78 per cent, lower than the large-scale LLM-
based systems, but still acceptable considering
the limitation of local deployment [30]. based
systems, remains acceptable given the
constraints of local deployment.

Table 3: Comparison With State-Of-The-Art (SOTA) Methods
Method OCR | Sum Q&A Deplo
Acc. | mary yment
BERT-based - High High GPU/C]
Systems [5] (95% | (90%) oud
LayoutLM [6] High | High High GPU
(92% | (88%)
RAG-based High | High Very Cloud
Systems [10], High
[18] (92%)
DocLLM [27] Very | High High GPU
High (90%)
Proposed 99.7 | 90% 78% Offline
System 4% (CPU)
As shown in Table 3, These results highlight that “Bert: Pre-training of deep bidirectional

the proposed approach provides a balanced
trade-off between performance, computational
efficiency, and privacy. Unlike SOTA methods that
prioritize accuracy at the cost of resources, the
proposed system emphasizes deployability and
security, making it suitable for real-world
applications involving sensi- tive documents.
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