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Abstract. To justify the need for summarizing and extracting information
efficiently in right ways, this paper highlights the growing challenge posed by the
increasing number of PDF files. Reading lengthy documents is a tedious and time
consuming task in many sectors. To save time and quickly comprehend the key
points out of a PDF, a PDF summarizer tool has been developed to tackle these
issues reducing the document size reasonably without losing actual contents. In
today's professional environments, gathering and managing data from documents
is critical to cite the exact semantics in right way. This article introduces an
innovative solution called ‘DocSum’, automates the process of summarizing
extracted data reducing size of document up to 70%. The system facilitates users
a user friendly interface that encourages interaction and engagement, utilizing
Artificial Intelligence and machine learning techniques to streamline document
handling. Users can request specific sum- maries, enabling efficient document
management workflows. By empowering users to seamlessly interact with vast
amounts of information, ‘DocSum’ enhances productivity and explores new ways
to optimize document management with respect to retrieve effective summaries.
Such a solution fits the requirements of a professional who wants to be up-to-date
with data management in an efficient way.
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1. INTRODUCTION
1.1  Background

The need to quickly extract insights from lengthy documents is increasing in today's
data world. In practically every industry, summarizing papers is crucial since it
minimizes the need to read the complete document. This allows one to rapidly browse
through documents and analyze them in specific terms in order to grasp the necessary
depth of contents. Automating material-related chores benefits students by saving time
and facilitating effective organization. With this method, pupils can comprehend ideas
without becoming overburdened by the volume of reading. Students are better able to
reread text details or get ready for tests when information is made simple enough for
them to understand. To meet this need, DocSum was created. A utility that creates
customized summaries of PDF documents. The site allows users to upload PDF files
for processing and summary. DocSum includes a paradigm for having conversations
regarding the content that has been summarized. Through an interface created to
improve cross domain summary refinement based on individual needs and increase user
engagement by presenting summaries and changes made to the subject they are working
on or learning effectively. The development of the DocSum system is described in this
publication. Provides an explanation of each component functionality starting from
uploading PDF files to processing and summarizing the content. This also emphasizes
the importance of Al and machine learning in enhancing the precision and effectiveness
of summaries.

2 Research Method

2.1  Existing work

Significant developments in word embeddings and text extraction from PDF documents
have affected applications in the developing field of natural language processing (NLP),
especially in document summarization. Word embedding methods like Word2Vec,
GloVe, and FastText, which have revolutionized the communication of information,
have been the driving force behind this change. These techniques of text extractions
involve mapping words into dimensional vector spaces that capture subtle semantic
correlations contributing good hold in natural language processing. The research
presented in the publication [7] shows how word embeddings improve different tasks
in natural language processing and provides insights into how they are assessed and
combined for domains under study. The number of words to present summary varies
with respect to domains decreases when abstractive techniques are used. [1, 2, 32, 33]
While abstractive methods provide summaries that more closely resemble human
language by rewording and presenting the topic in a novel way, extractive methods
directly choose sentences from the text. Hence various summarizing techniques has
been studied to reduce document size by 30 to 50% while maintaining important
information. Abstractive approaches, on the other hand, are more complex. Provide
coherence and intelligibility, particularly when using cutting-edge models like BART
and T5. When applied to machine-readable text, these developments have improved
ROUGE scores by about 10 to 15%. Long texts can be condensed using state-of-the-
art deep learning models such as BART T5 and GPT [3]. Extractive and abstractive
pipelines used in many fields are highlighted in several surveys of these diverse
consolidated methodologies, datasets, and evaluation strategies [6, 11, 15]. Even with
today's technological improvements, summarizing text formats that are difficult for
computers to read, like PDF files, remains a challenge because of their layouts, which
typically feature tables and graphics seen in academic and professional texts. Even
though Apache PDFBox and Tesseract OCR tools are commonly used for extracting
text from PDF files; they face challenges in preserving the document’s layout and
context which leads to errors, like misinterpreting tables or overlooking non-textual
components. The quality of summaries created from these documents is negatively
impacted by this constraint; text accuracy rates can decrease significantly too, around

721



722

P. Dhamdhere et al.

60% to 70% especially when handling PDF files. As per our survey the research on
automatic text summarization has evolved through several key phases identified some
relevant methods are presented in survey. Early approaches relied on statistical and
feature- based extraction, where systems selected important sentences using heuristics
or train- able models [12,15,19,20,26]. Classic graph-based algorithms like TextRank
and LexRank framed summarization as a centrality problem, while early trainable
summarizers [12] demonstrated the potential of machine learning for sentence ranking.
The embedding era introduced semantic representations [7], [9], [10], improving
cohesion and meaning capture. These methods combined unsupervised and supervised
techniques, often benchmarked in low-resource and domain-specific contexts [14].

2.2 Proposed work

Given the expanding use of PDF documents in all industries, the primary motivation
for this research is to address the growing demand for excellent PDF summary and
information extraction tools. DocSum is a program for automating the summarization
of data extracted from PDFs, alleviating users of the load of large amounts of
information. This paper proposes an easy-to-use solution based on ASP.NET Core that
delivers concise summaries and interactive data handling via artificial intelligence and
machine learning. The study also emphasizes advances in natural language processing,
namely the use of word embeddings such as Word2Vec, GloVe, and FastText to
improve document summarization in an accurate and fast manner. This paper aims to
evaluate the performance of word embeddings and their potential improvement in PDF
summarization effectively, which finds the insights from recent studies concerning the
evaluation and combination of word embeddings for NLP tasks in document
management [29, 30].

The various proposed PDF summarizer available to addresses some of the key research
problems in text processing and natural language understanding and processing, such
as balancing the management of document formats, between extractive and abstractive
summarization, and tailoring models to domain-specific contexts with semantics
preserved. Scalability, privacy, and customization for the users add serious challenges
to the demand for an efficient, secure, and adaptable summarization. The basic
motivation behind this project is the increasingly large number of digital documents
produced by industries, where immediate knowledge extraction is critical to immediacy
and response in decision-making, accessibility, and information management. This
project works to make accessible to users the information in dense documents and
reduces cognitive load and meets privacy requirements thereby making it valuable for
specialized domains as well as general users. The proposed PDF summarization tool
represents an advancement to manage intricate documents by combining powers of
various cutting-edge technologies utilizing k-means and stsbroberta base to
revolutionize our engagement with written materials. Using just word embedding may
not be enough, for understanding papers like PDF files due to their complexity and
unique features such as terms and visual content like graphs and tables, alongside
irregular formatting that can make it challenging for traditional NLP methods to extract
valuable information efficiently. The study "Extracting Body Text, from Academic
PDF Documents for Text Mining" [8] discusses the difficulties in obtaining text from
academic PDF files and suggests methods to tackle the shortcomings of current
extraction tools that find it hard to deal with the intricate and varied content of academic
papers. This study focuses on the matter of condensing academic PDF documents
[17,19]. Many professionals often deal with the increasing volume of materials to be
read and scan to utilize some knowledge out of it, spanning hundreds of pages long to
manage their time effectively and grasp essential information, for learning efficiently
[21,23]. The current summarization tools face few challenges when it comes to the
complexities found within context aware texts due to their varied structures and
specialized language used as well as the presence of multi-modal content. The study
intends to enhance the summarization system by utilizing the word embedding
techniques and text extraction methods discussed in research papers such as "Word
Embeddings Evaluation and Combination [28,29]." By combining insights from this
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study with approaches out- lined in "Extract Body Text from Academic PDF
Documents, for Text Mining " the project aims to improve the precision and
significance of summarizations generated from PDF documents [34-35]. The system
uses Sentence Transformers to create sentence representations and apply K-Means
clustering to categorize sentences, with meanings to produce coherent and accurate
summaries of the original documents. Starting at the foundation of the system is the
extraction of PDF text. In the extraction of text from highly diverse PDF structures
including academic papers and reports, the summarizer will use the PyPDF2 library.

The process of extracting text completed as Text Extraction and Multi-page extraction
as reflected in the following steps:

Text Extraction: For extracting text from pages of the PDF document, PyPDF2 is used.

This, PdfReader read the PDF files to interpret and display materials saved in the

Portable Document Format, developed by Adobe Systems. . So, this will be obtaining

readable text from the PDF document.

Multi-page extraction: PdfReader reads multi-page files and traverses over every page
to extract texts for processing. To extract text from a PDF file using PyPDF2, basic steps
involved are: Open the pdf file. Initialize the PdfReader. Collect the text of all pages.
This will ensure that text content from the PDF is more than what would be processed
later, including summarization. After extracting the text from its source material and
utilizing a trained Sentence Transformer model (stsbroberta base) [4,24,25,27] the
system enhances its functionality significantly also summarize long PDF documents in
seconds, converting PDFs to text. This process involves more than extracting text, it
delves into the underlying essence of each sentence to provide a comprehensive
understanding of the document’s essence. By converting sentences into high-quality
embeddings to create vector representations. Next, a K-Means clustering algorithm [5]
is applied to these embeddings, grouping them into clusters with ten centroids
representing the cluster centers. After that, these embeddings are plotted, with the
centroids highlighted and each point shown as a dot. A succinct summary of the text
data is created by combining the points that are closest to each centroid. It makes use of
text standardization to guarantee a result by fixing any formatting errors, like extra
spaces or line breaks, to produce an understandable synopsis. ensuring that people can
interact with the given information with ease. Additionally, by integrating the Gemini-
pro API, the site features a chat interface that allows users to engage directly with the
summary process and customize their summaries according to their requirements [6].
Finally, the PDF with its summary is stored in the cosmos DB. The history of the up-
loaded documents can be viewed and select PDF repeatedly and get summary without
running, but from the stored database saving lots of time. As a outcome of study a tool
is developed with FRONTEND: Developed using Streamlit for better interactivity.
BACKEND: Developed backend in FastAPI.
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2.2.1 Phase A- Azure Ai Text Analytics Approach

Azure Al Text Analytics is a cloud-based service provided by Microsoft that offers
various natural language processing (NLP) capabilities. It helps analyze text data and
extract meaningful information. Key features include Sentiment Analysis, Named
Entity Recognition (NER), Key Phrase Extraction, and Language Detection. Azure Al
Services for Summarization offers both Conversation Summary and Text Summary
features, providing capabilities for different summarization needs: Conversation
Summary [9, 10] Text Summarization Azure Text Summarization includes two primary
approaches: Extractive Summarization - Extractive summarization selects the most
significant sentences or phrases directly from the source text to form a summary.
Abstractive Summarization - This method generates a summary by creating new
sentences that capture the essence of the original text [11]. Abstractive summarization
methodology was chosen for phase A. Abstractive Summarization is a technique in
natural language processing (NLP) where the system generates a summary by
rephrasing the content of the original text. Unlike extractive summarization, which
selects existing sentences directly from the source text, abstractive summarization
understands the context and generates new sentences that may not appear verbatim in
the original document. [12-14]

Key aspects of abstractive summarization:

Contextual Understanding

Human-Like Summaries

Challenges: While abstract summaries can be more fluent, they may introduce
inaccuracies or hallucinations, where the model generates information that is not
directly present in the original text.

2.2.2 Phase B- Embeddings and K-means Approach
In phase A, there were challenges while summarizing large PDFs, so to overcome the
limitations the technique — embeddings with k-means clustering was used.

J=i=1%kx € Ci¥ Il x — pi Il 2 (1)

Equation (1) shows the K-means minimizes the squared distance of each point for its
cluster centroid

Fig 1 presents the phases of the summarization process:

1. PDF Parser: Extracts text from PDF files.
Sentence Tokenizer: Divides text into sentences.
Sentence Transformer: Uses the stsb-roberta-base model embeddings to
capture the semantic meaning of each sentence to encode sentences into
numerical vectors (embeddings) [15-17].
K-Means Clustering: Groups similar sentences.
Centroid Calculation: Finds the representative point for each cluster.
Extracting summary
Chat with summary using Gemini pro API

bl

Nawm ke
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Input a PDF file
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Sentence Embedding
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Fig. 1. Flowchart illustrating a PDF summarization process.

3 Methodology

The sentences are tokenized and embedded into vectors.

Fig 2 shows how the sentences are clustered from the nearest distance points.

K-Means clustering groups these vectors into a predefined number of clusters (in this
case, 10). Each sentence is assigned to a cluster, and the centroid (central point) of each
cluster is identified. Sentences closest to the cluster centroids are selected as
representative sentences, forming the summary.

A A
]
b (m]
(] % Clustering
a,
X e
X
X [}
® X
X X
> =
Scattered documents Documents clustered

Fig. 2. A Process of a clustering document
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3.1 Summarization

3.1.1 Extractive Summarization:

The summary is generated by selecting sentences that are closest to the centroids of the

clusters [18]. This means it extracts parts of the text that are most representative of the

entire document.

By sorting sentences based on their distance from the cluster centroid, the most central
sentences (those that best represent the clusters) are chosen to form a summary. [19- 22]

K-Means Clustering with 10 Clusters K-Means Clustering with Centroids
% 8 cenroids
10 x X x ok
¥ XX 2
sgf& R
%x X & bl % xﬂ%% x
x Yo % % % ") %
. g"“ * x xxi(x % xk
5 e
Fa : 5 5 PO S
xR g{’i‘x %* p KX
x x % 3
[:} x 4 x % &
ﬁ% XX X
x *x B o i
x #
x
o
-5 R 5
x = LS
x : %
e £ o
o TR ok
-10 “ - x
X -10 .
5 y & < %5 -125 -100 -75 50 -25 00 25 50 7.5

Fig. 3. K-Means clustering with 10 clusters ~ Fig. 4. K-Means clustering with centroids

Above Fig 3. Shows the plotted vector points of the text and Fig 4. Shows the graph after
finding centroids for the clusters.

ui=| Ci| 1x € Ciyx (2)

Equation (2) shows the centroid update rule, where each cluster center ui is recalculated as
the mean of all sentence

3.1.2 Summarization using Generative Al

A. Google Generative Al (Gemini-pro): Used for further summarization and
analysis.
B. API Interaction:

API Key: The script uses an API key to authenticate Google's generative Al service.
Chat-based Interaction: The generative Al model is used to analyze the summarized
text further. The script sends the text to the model and prompts it to provide more
insights, such as generating subheadings or responding to specific questions. This
document summarizer falls into moderate complexity level as it uses Machine Learning
algorithm to summarize, and use built in models like sbstroberta sentence transformer
to get vector embeddings and integration of google generative API for further chats [27].
If this is extended to the future scope mentioned above the complexity increases to
advanced level as it extracts image summaries which needs OCR and NLP methods for
multi-language summarization.
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4 Findings and Implications

The proposed summarization system, DocSum, has been evaluated on a dataset of 5,000
documents spanning from varied domains including technology, law, medicine, and
medical technology, each accompanied by human written summaries for
benchmarking. Preprocessing steps such as tokenization, stop-word removal, and
normalization were applied to refine the text input. The model achieved ROUGE-1 =
0.72, ROUGE-2 = 0.65, and ROUGE-L = 0.70, reflecting close alignment with human
summaries. Complementary evaluation using precision (0.74), recall (0.68), and F-
measure confirmed that the system balances essentially with the main content and
eliminating of redundant details not as such contributing in context. The evaluations
parameters used in study present how close the machine generated summary is to a
human intelligence summary, ensuring the system is both concise and comprehensive
in most of scenarios making it successful.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation): Measures overlap
between candidate and reference summaries, typically based on n-grams, word
sequences, or word pairs. Common variants include ROUGE-N (n-gram overlap),
ROUGE-L (longest common subsequence), and ROUGE-S (skip-bigram).

Precision: The ratio of correctly predicted positive instances to the total predicted
positive instances.

Recall: The ratio of correctly predicted positive instances to all actual positive
instances.

F1 Score: The harmonic mean of Precision and Recall, balancing both metrics to give
a single performance measure.

Feature analysis highlighted that title phrases (40%) and key terms (30%) strongly
influenced summarization quality in considered domains of study. When compared
performance against traditional extractive baseline approches such as TextRank and
Latent Semantic Analysis (LSA), this proposed DocSum demonstrated approximately
15% higher ROUGE scores, showcasing its advantage in producing more coherent and
contextually rich summaries for all domains under consideration. Despite this,
challenges remain in handling highly domain-specific terminology and extremely
condensed summaries, where semantic fidelity may decline the exact need. From a
practical standpoint, DocSum efficiently solved few several real-world challenges in
large-scale summarization. It employs a chunking strategy to manage lengthy PDFs,
ensuring comprehensive coverage without overwhelming system resources. The system
meets user expectations for prompt responses by incorporating lightweight embeddings
and clustering in various domains. Furthermore, its potential for research and
professional applications is expanded by the ability to extract both free text and tabular
content from PDFs. A caching approach that uses CosmosDB to store previously
processed documents and their summaries further increases efficiency. When
documents are re-uploaded, this enables immediate result retrieval, greatly cutting
down on processing time. The hybrid design of the system benifits guarantees factual
reliability, and extractive clustering acts as a semantic backbone, preserving contextual
integrity, while abstractive techniques enhance fluency. DocSum is useful for various
research domains, tailored learning, and organizational knowledge management in
addition to its technological capabilities. It enhances the relevancy of outputs for a range
of user demands by providing customizable summary lengths and areas of focus.
Scalability is further made possible by cloud-based deployment, which makes it
appropriate for processing large volumes of documents. The results show that DocSum
not only offers a useful, effective, and flexible solution for managing big and
complicated text corpora but also to improving summary quality over conventional
techniques in better ways.
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5 Results and Discussion

The performance of DocSum have been analyzed by comparing different sets of the
original document from various domains and different lengths with their corresponding
summarized outputs showcasing efficiency and better improved performance over the
existing once. As shown in the results table 1 and figure 5 below, the system was able
to substantially reduce word count of various files while retaining the core content with
semantics and contexts. To elaborate more on results, for instance, PDF 1 was
compressed from 1975 words to 490 words, achieving a reduction of nearly 75%, while
PDF 4, the largest document with 3926 words, was summarized into 893 words without
significant loss of contextual meaning. Similar goes with documents with little small
length, smaller documents such as PDF 2 and PDF 3 were condensed to less than one-
third of their original size (621 — 180 words and 286 — 114 words, respectively). On
average, the system decreased document size by 70%, demonstrating its ability to
eliminate redundancy and provide brief, legible summaries for average and middle
lengthy documents as well. These results show that the proposed hybrid technique can
handle both short, average and long texts efficiently, allowing for scalability and
practical application in real-world scenarios where huge amounts of textual data must
be handled rapidly and reliably. The project was successfully implemented in the form
of a web application capable of accepting PDF inputs of any size, conducting extractive
summarizing, and presenting the summarized version. Table 1 below shows the overall
summarization of a few PDFs highlighting performances in different cases. The length
of the content before and after summarization can be noticed. The application also
allows users to request further summarization or ask questions to an Al [20]. Unlike
previous models, which struggle with parsing large documents, these embeddings are
used to tokenize and efficiently process larger documents.

Table 1. Summarized document length using proposed approach

Documents Original Content Summarized Content
Word Count Word Count

PDF 1 1975 490

PDF 2 621 180

PDF 3 286 114

PDF 4 3926 893

PDF 5 2374 786

Comparison of original word counts vs. summarized word counts

4000
3000
2000 l
1000 l
i > =
PDF 1 PDF 2 PDF 3 PDF 4 PDF 5
M Original Content Word Count B Summarized Content Word Count

Fig. 5. Comparisons of original word counts vs. summarized word counts
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Table 2. Comparative Analysis with Proposed System

Performance Refer-
Method Strengths Weaknesses | (ROUGE / ence
Accuracy)
Redundant [12, 15,
TextRank / Fagt, light- | sentences, ROUGE 19, 20]
LSA (Extrac- | weight, easy to | shallow con-
. . ~0.55-0.60
tive) implement text  under-
standing
Hallucination [3,4,
Abstractive Human-like (adds non-ex- ROUGE 9,10,
Models summarics.  flu- istent info), | ~0.65-0.70, 16, 17,
(BART, TS5, ent and coh’erent poor scaling | but lower fac- 18]
PEGASUS) for long | tual accuracy
PDFs
Cloud-based, rSlze'r hmltbs’ [3.6,11]
Azure Al pre-trained, sup- e;]iulties slu ) Moderate
Other APIs | ports  multiple | SPHO™- 1888 1 600.68)
customiza-
languages .
tion
Combines em- . Current
. Slight de-
?;(iir(limgsi;g::: pendence on ROUGE | Work
Our Pro- posed tive & uervin clustering ~0.72, Preci-
Method . querying, quality, com- | sion 0.74, Re-
high  semantic .
putationally |call 0.68
accuracy, scala- heavier
ble for long docs

6 Conclusion and Future Scope

The proposed summarizer demonstrates an efficient and resource-optimal approach by
generating high-quality summaries with minimal redundancy. The approach proved to
efficient through the integration of Sentence Transformer embeddings and K-means
clustering techniques. This hybrid strategy enables clear thematic grouping of content,
ensuring semantic richness while maintaining summarization speed even for longer
documents through batch and parallel processing utilizing good balance of semantic
richness and crisp summaries. The incorporation of storage in Azure Cosmos DB
further enhances efficiency by allowing quick retrieval of previously processed
summaries without recalculations. Additionally, leveraging Google Generative Al
provides improved readability and reliability of outputs. Despite its strengths, the model
faces certain limitations. The performance is highly dependent on the assumptions of
the clustering algorithm, as K-means presumes spherical and equally distributed
clusters, which may not always align with the complex distribution of semantic text
data. This can occasionally lead to omission of nuanced information or subtle
viewpoints. Furthermore, while sentence embeddings effectively capture semantic
meaning, they may lose fine-grained, context-specific details that affect the precision
of the summaries. Future refinements may focus on advanced clustering techniques,
finer tuning of embeddings, and caching strategies to enhance both precision and
efficiency. By rightly addressing length, context, semantics, domain specific aspects,
the summarizer can evolve into a more robust solution capable of handling diverse
domains and improving user adaptability, making it a valuable tool for scalable and
reliable document summarization.
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