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Abstract: AE¥ley of the Automatic Text Summarization system for Indian and Foreign Languages has been presented
in this paper. Text Summarization is one of the central arcas of Natural Language Processing. A text Summarization system
plays a vital role in facilitating a meaningful summary of a large text in any language. There is a wide availability of data
in almost all languages on the Internet. So here, there need for text Summarization for reading more in less time and
we can also decide whether toread it or not. Automatic Text Summarization has become the necessity of many applications
for example- Shortest No§®, Search Engines, Business Analysis, Legal Document Summaries, etc. Summarization
Approaches are primarily classified into two categories: extractive and abstractive. Extractive techniques aim to select
salient phrases, sentences, or elements from the text while Abstractiv hniques focus on generating summaries from
scratch without the constraint of reusing phrases from the original text. In this paper, we will provide a survey in detail on
the various methods and approaches of Text Summarization that are mostly used in the present scenario.

Keywords — Automatic text summarization, Extractive, Abstractive, Machine Learning, Information Extraction.

1. Introduction of Automatic text summarization: With the dramatic growth of web data, information overload has
become a serious problem for humans and machines. Automatic text summarization systems provide an indispensable
tion to mitigate the problem of information overload. That system creates short summaries of documents to present
most salient content in a condensed form to suit the needs of the task and the user. Thus, helping users in assimilating
maximum information in minimum time.

gu omatic text summarization is one of the Extensive Applications in ral Language Processing. Automatic text
summarization helps people from different locations to understand and Crcate a Summary of the text of any language
without the help of manual summarization by a human. Its Functionality and Speed are more than manual Summarization.

ummarization methods are primarily classified into two categories: extractive and abstractive. Extractive methods aim to
select salient phrases, sentences, or elements from the text while abstractive iques focus on generating summaries
from scratch without the constraint of reusing phrases from the original text. Sentence extraction is a crucial step in the
extractive summarization system.

Automatic text summarization has a wide range of applications viz Shortest News, Search Engine, Social Media
Summarization, Domain-Specific Summaries, Business Analysis, Legal Document Summaries, Review of content, etc.

This Research Paper has been divided into 4 parts — (1) Introduction oq Automati t Summarization. (2) Various
Approaches and Methods of Text Summarization have been introduced in detail. (3) The Research Work done on Text
Summarization so far has been discussed based on languages along with their characteristics, domain, etc. (4) and finally,
the paper is concluded.

2. Classification of Automatic Text Summarization Techniques:

e earliest research on TS began in 1958, including the recurrence of a specific word, the positioning of the sentence, and
the presence of keywords. Since then, technology has come a long way and has consequently provided huge improvements
in the field of automatic summarization. There are now multiple methods used to achieve accurate summaries [1].

In the previous section, we provided definitions of automatic summarization systems. is section, we aim to provide
different categorizations of text summarization techniques. There are several classifications of summarization based on
the function of summary, type of summary, genre of document, number of documents, and supported media types [2, 3].
We list summarization categories as follows:

(1) Summarization categories based on the type of generated Summary:-
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Fig.1. Text Summarization Techniques

g}stractive Summarization: Abstractive summarization process consists of understandingl the original text and re-
tellingl it in fewer words. In abstractive summarization semantic analysis of the documents is done on basis of which a
summary of the document is generated. In this type of summarization interpretation of each of the sentences is done and
may be represented in a different style from the original one [3].

Abstractive Summarization Approaches: Structure-based Methods

The structured-based approach encodes the most important information from the document through cognitive schemes
such as templates, extraction rules, and other structures such as a tree, ontology, lead, and body phrase structure [4,5].

Tree-based Method - This technique uses a dependency tree to represent the textfcmqns of a document. The
technique uses either a language generator or an algorithm for the generation of a summary. The major strength of this
approach is that the use of language generators significantly improved the quality of resultant summaries i.e. reducing
repetitions and increasing fluency. The problem with this approach is that context of the sentence was not included while
capturing the intersected phrase [4].

(b) Template-based Method - This technique uses a template to represent a whole document. Linguistic patterns of
extraction rules are matched to identify text snippets that will be mapped into template slots. These text snippets are
indicators of the summary content. The templates are filled with important text snippets extracted by the Information
Extraction systems. A significant advantage of this approach is that the generated summary is highly coherent because it
relies on relevant information identified by the IE system. This approach works only if the summary sentences are already
present in the source documents. It cannot handle the task if multi-document summarization requires information about
similarities and differences across multiple documents [5].

(c) Ontology-based Method - M0st documents on the web are domain related because they diffiss the same topic or
event. Each domain has its knowledge structure and that can be better represented by ontology. in this method, domain
ontology for news events is defined by the domain experts. The next phase is the document processing phase. Meaningful
terms from the corpus are produced in this phase. The meaningful terms are classified by the classifier on basis of events
in the news. A membership degree is associated with various events of domain ontology. A membership degree is generated
by fuzzy inference. The limitations of this approach are it is time-consuming because domain ontology has to be defined
by domain experts. The advantage of this approach is it handles uncertain data [5].

(d) Rule- Method — In this method, Documents to be summarized are represented in terms of categories and a list
of aspects. s the potential for creating summaries with greater information density than the current state of the art. The
drawback of this methodology is that all the rules and patterns are manually written, which is tedious & time-consuming

(5).
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(e) Lead and Body Phrase Method - This method is based on the operations of phrases (insertion and substitution) that
have the same syntactic head chunk in the lead and body sentences to rewrite the lead ce. It is good for semantically
appropriate revisions for revising a lead sentence. The limitation of this method is parsing errors degrade sentential
completeness such as grammaticality and repetition. It focuses on rewriting techniques and lacks a complete model which
would include an abstract representation for content selection [5].

Abstractive Summarization Approaches: Semantic-based Methods

In the Semantic-based approach, the semantic representation of the document is used to feed into the natural language
generation (NLG) system. This method focuses on identifying noun phrases and verb phrases by processing linguistic data
[4!

Y

(a) Multimodal Semantic Model - In this method, a semantic model, which captures concepts and relationships among
concepts, is built to represent the contents (text and images) of multimodal documents. The important concepts are rated
based on some measure and finally, the selected concepts are expressed as sentences to form a summary. An important
advantage of this framework is that it produces an abstract summary, whose coverage is excellent because it includes
salient textual and graphical content from the entire document. The limitation of this framework is that it is manually
evaluated by humans [5].

Information Item-based Method - In this method, the contents of the summary are generated from an abstract
representation of source documents, rather than from sentences of source documents. The abstract representation is the
Information Item, which is the smallest element of coherent information in a text. From this method, a short, coherent,
information-rich, and less redundant summary can be formed. Despite so many advantages, this method has also many
limitations. While making grammatical and meaningful sentences, many important information items get rejected. Due to
this, the linguistic quality of the resultant summary gets reduced [5].

(c¢) Semantic Graph-based Method - This method is used to summarize a document by creating a s@mic graph called
Rich Semantic Graph (RSG) for the original document, reducing the generated semantic graph. It produces concise,
coherent, less redundant, and grammatically correct sentences. This method is limited to single document abstractive
summarization.

xtractive Summarization: An extractive summarization method only decides, for each sentence, whether or not it will
be included in the summary. In the extractive summarization system, different weights are assigned to each sentence of
the document on which sentence is selected to get added to the summary. Weights can be assigned to the sentences
according to the position of the sentence in the document i.e. sentences in the beginning and at the end are assigned more
weight as they are supposed to contain more valuable information. Weights can also be assigned according to the type of
information they contain. For example, if a sentence contains the name of a person, and the date of the event that occurred
then more weight is given to that sentence than those which do not contain any Named Entity [3].

Classic Methods of Extractive Text Summarization

(a) Term Frequency-Inverse Document Frequency Method - It is a word distribution method in which two measures
namely term frequency (TF) and document frequency (DF) are calculated for each non-stop word (w) in the document.
Term frequency (TF), indicates the number of times a word appears in the text which measures the salience of the word
within that document. Document frequency (DF) indicates the number of documents in which the word appears. The
frequent occurrence of a word in a document is treated as an informative word, which is calculated by document frequency
measure. Thematic words are obtained by comparing the ratio between two frequencies, referred to as (TF*1DF) measure.
Once the (TF-1DF) score has been computed for each word the next step is to calculate the number of such thematic words
per sentence. With this value sentences in the Input text are ranked and the highest-scored sentences are picked to be part
of the summary. The redundancy of information is extremely high in this method [4].

(b) Cluster-based Method — It is an unsupervised machine learing method. It is intuitive to think that summaries should
address different “themes” appearing in the documents. If the document collection for which the summary is being
g)duced is of totally different topics, document clustering becomes almost essential to generate a meaningful summary.

everal clustering techniques are also available for text categorization like K-means, Suffix tree Clustering, Label
mion Grouping (LINGO) Algorithm, and Scmanta)nlinc Hierarchical Clustering (SHOC). sentence selection is

ased on the sentences' similarity to the cluster's theme (C1). The next factor is the location of the sentence in the document
(Li). The last factor is its similarity to the first sentence in the document to which it belongs (Fi). 8Si =W1 * Ci + W2 * Fi+
W3 *Li Where, W1, W2, and W3 are weightages for inclusion in summary [4].

¢) Graph-Theoretic Method - Representation is an extractive summarization model, which provides a method to identify
themes in the document. Pre-processing steps, namely, stop word removal and stemming are done before, to obtain a
graphical view of the documents. Graphic representation yields partitions indicating distinct topics covered in the
documents. Identification of nodes with high cardinality forms higher preferred sentences to be included in the summary
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This system uses s ics of the E:quency of words and a term positional and weight-age calculation by string pattern for
scoring sentences [4].

(d) Latent Semantic Analysis Method — It is a supervised machine learning method. Etent Semantic Analysis (LSA) is
an algebraic statistical method that extracts the meaning of words and the similarity of sentences using the information
about the usage of the words in the context. It keeps the information about which words are used in a sentence while
preserving information about common words among sentences. The more common words between sentences mean that
those sentences are more se lly related. The LSA method can represent the meaning of words and the meaning of
sentences simultaneously. The LSA method uses Singular Value Decomposition (SVD) for finding out semantically
similar words and sentences. SVD is a method that models relationships among words and sentences. It has the capability
of noise reduction, which leads to an improvement in accuracy [6].

(e) Neural Network Metho achine Learning technique i.e. an artificial neural network is implemented to generate
a text sum tion system. This method involves training the neural networks to leam the types of sentences that should
be included n'the summary. Such a thing is accomplished by training the network by using several test paragraphs which
identify each sentence whether to be included in the summary or not. These test paragraphs were framed by human readers.
By using this training the neural networks inherit the pattern of the sentences that should be included in the summary.
Among the other Neural Network methods, the universal function approximation technique called three-layered feed-
forward network is used [7].

(f) Fussy L based Method -ﬁesign of a Fuzzy logic system usually involves selecting membership functions and
fuzzy mles. The four main components of Fuzzy Logic were: the zipper, the inference engine, the de-fuzzifier, and the
fuzzy knowledge base. In the fuzzifier section, snappy inputs are translated into linguistic values, using a membership
function, which is to be ford for the input linguistic variables. After fuzzification, to derive the linguistic values, the
inference engine refers to the rule base containing fuzzy IF-THEN rules. Finally, the de-fuzzifier converts the output
linguistic variables from the inference to the final crisp values using the membership function which represents the final
sentence score. The output membership function in the de-fuzzification step is divided into three membership functions:
Unimportant, Average, and Important, which are used to convert the inference engine result into a crisp output to obtain a
final score for each sentence [7].

(g) Query-based Method - In aelcry-bascd text summarization s m, the sentences in a given document are scored
based on the frequency counts of terms. It uses Vector Space Model. The sentence containing the query phrases are given
higher scores than the ones containing single query words. Then, the sentences with the highest scores are incorporated
into the output summary together with their structural context. Portions of the text may be extracted from different sections
or subsections. The resulting summary is the union of such extracts [5].

i?,i ummarization categories based on the number of documents to summarize:

i.Single Documt Summarization - Single Document Summarization system takes on t document as an Input and
transforms it 1nto a condensed, shorter text in which the relevant information is preserved. Séntence ranking is an important
step in such a system. E

ii.Multi-Document Summarization — Multi-Document Summarization is a process of representing a set of documents with
a short piece of text by capturing the relevant information and filtering out the redundant information.

éB) Summarization categories based on Content/Function of summary:

LIndicative Summary - This type of summary categorizes the document’s topics and characteristics such as length, writing

style, et is sort of summary is required for writing an abstract for a less-structured document like an essay, editorial,
an' book. Tthelps to decide whether a user wants to read the document or not [8].
i.Informative Summary - This sumi is for writing an abstract for a strictly structured document like an experiment,

investigation, survey, etc. It contains gehierally longer concontenand reduces the length of other original text by 70-80%.
It includes facts and information which can replace the original text [8].

iii.Evaluative Summarization - It aims to capture the opinion or views of the author on a given topic/subject/product.
Sometimes, it is also referred to as review or Opinion based summarization [9].

é:) Summarization categories based on input and output language:
1

.Mono-lingual summarization - This type of summarization includes the input documents and the target document being
in the same language. Example: English Summarization System [8].
il.Multi-lingual summarization - When the source document is in several languages like English, Hindi, and Punjabi and a
summary is also generated in these languages, then it is termed a multi-lingual summarization system [8].
iii.Cross-lingual summarization -This type of summary includes a source document in one language and a summary
generated in another language [8].
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3. Literature Review

e review of rescarch papers on text summarization is important becau mmarizing extractive techniques has become
a very broad research topic and is heading toward maturity [10]. Now research has shifted towards abstractive
summarization and real-time summarization [10]. This is because abstractive summaries are more complex and
complicated than extractive summaries. So extractive summaries are easier to give expected and better results than

abﬁaclive summaries [11,12,13].

1. Review Method-This review research on text summarization was conducted with the Rapid Review method.

Research Question

Motivations

RQ1 In which Identify the most significant n
Joufghl/Conferences paper is Journal/Conferences papers on Text
the Text Summarization Summarization.
available? f%x
RQ2 What Journal/Conferences Identify the research topic/trend o t
paper about Text Summarization.
Summarization?
RQ3 W Features are available Identify what features in Text
in TCXt Summarization? Summarization.
RQ4 Which Techniques are Identify techniques that are often used in
available in Text Text Summarization.
Summarization? Ee
RQ5 Which Methods are available Identify the method USed in Text
in Text Summarizﬂn'? Summarization.
RQ6 Which Challenges/Problems Identify the challenges/problems in the

are available in the Text

Text Summarization.

RQ7 Summarization?
What evaluation techniques
are used in text
summarization?

Identify what evaluations are carried out
in the text summarization

Tablel. Research Question and Motivation.

gResearch question and motivation - RQ is constructed to facilitate the review process to be more focused and
consistent.

The research (liestion and motivation in this review paper are described in Tablel. RQ3 through RQ?ge the main study
research questions, while RQ1 anﬁgz are assigned to help evaluate the context of the main study. RQ3 shows the features
used and RQ4 to RQ7, namely, niques, problems, methods, and evaluations. RQ1 and RQ2 provide a synopsis of
certain areas of research in summarizing texts [14].

Property Research Question
blication RQI1
esearch topic or trend RQ2
Text summarization feature RQ3
Text summarization technique RQ4
Text summarization method RQS5
Text summarization problem RQ6
Text summarization evaluation RQ7

Table2. Data Extraction.

3. Data Extraction - The data extraction stage is a process that functions in gathering data from the main study to answer
research questions. Table 2 The following is the data extraction table used.

4. Result —
1. Publications — research paper studies

There are discussed 75 research papers ong(t summarization 2001 to 2020. Fig. 2 shows a graph of the establishment
of the number of paper publications for twenty years, From e graph, it appears that research on text summarization is
still relevant. Our study discusses text summarization techniques and methods used in Hindi/Indian languages and foreign
languages.
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210 A large number of tésearch on text summarization is in 2020 with 10 publications. From the graph, it can be seen that from

211 2001 to 2012 research on this study was of little interest, namely 1,2 or 3 publications. The research of this study
212 experienced significant growth in 2016, with 10 publications out of 75 selected publications. The beginning of this research
213 went quite well in 2013 until now, when, and it had 10 publications in 2020.

Elstn'bution over the past 20 years for selected studies
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215 Fig.2 Partition over the past Twenty years for Text Summarization.
216 ﬂbli jon journal papers or important conferences based on literature reviews are shown in fig.3.1 and fig.3.2. there are
217 some publication journal papers or conferences that are based on Hindi/Indian languages and some of them are based on
218 foreign languages.
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220 Fig.3.1 Publications and Conferences based on Text Summarization of Hindi/Indian Languages.
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Fig.3.2 Publications and Conferences based on Text Summarization of Foreign Languages.

2. Topics and“ends Research

Automatic text summarization research includes several research topics or trends. Over the last 20 years, there have been
6 research topics or trends on text summarization, that is, abstractif®) extractive, single document, multi-document,
domain-specific, and machine leamning. The dissemination of research t0pics or trends in text summarization is shown in
fig4.

A great ber ofnavoriﬁe research topics ortrends of the last 20 years are Domain-based research, which is 40%. Domain-
specific Tesearch on text summarization is more challenging because the domain is classified into many parts i.e. language-
based, subject-based, etc.

After domain-specific topics,active text summarization and machine leaming-based text summarization are in trend.

Topic or Trends Research

W Extractive

W Abstractive

u Multi-document
Single document

M Domain Specific

M Machine Learning

Fig. 4 Dissemination of Topic or Trends Research
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Table 3.getail Topics or Trends in Text Summarization.

Extractive

Abstractive

Machine Learning

Domain
Hindi

Panjabi
Tamil
Malayalam
Bangali
Telugu

Marathi

Kannada
Turkish
Arabic
Persian
Hebrew

Gujrati and Urdu
Egyptian
Legal Document

Neural document

Single document

Multiple documents

k. Vimal and Yadav(Jan 2015, Sep 2015), Gulati and Sowarkar(2016), Thaokar
and Malik(2013), Gupta et al.(2012), M. Bhanu and et al.(2007), Aimal and

Haroon(2015), Sarkar(2012), nde et al(2013), Sarwadnya and
Sonawane(2018), Rathod(2018), Kallimani et al. (20 Mohamed and
Hariharan({2016), Roy et al.(2017), Megala et al.(2014), Gong and Liu(2001),
Erkan and Erkan(2004), Ozsoy et al.(2010), yeh Jen yuan et al.(2005)

Subramaniam and Dalal {2015), Gaikwad et al.(2016), Kallimani et al.(2014),
Sudha and latha{2020), Malviya and Tiwary(2016), Timofeq and Choi(2017),
Brazilay and Elhadad(1997), Ramezani et al.(2015), Jinggine et al (2019), Wonjin
(2020), Bhargava et al.(2016), kai Qiang song et al. {2019), Bansal et al.

8), LeiLi et al. (2020), Fei Liu et al. (2019)

@TSM and Yuji (2001), Dalal and Malik (2017), Vipul and Latesh (2017), Patel
et al. (2007), J. Anitha et al. (2015), Khanam et al. (2016), Wang and Li Tao
(2008), Rossiello (2016), Nallapati et al. (2016), Gallinari (2002), won jin et al.
(2020), Ambati (2020)

Domain Hindi Sargule and kagalkar(2016), k. Vimal and Yadav{Jan 2015, Sep
2015), Gupta({2013), Dalal and Malik{April2017, July2017), Subramaniam and
Dalal(2015), Patil et al.(2015), Gupta and Garg(2016), Gulati and
Sawarkar{2017, 2019), Thaokar and Malik(2013), Reddy et al.{2015)

domain Panjabi Gupta et al{2012)
domain Tamil Mohamad et al.(2016), Bhanu et al.{2007)
domain Malayalam Ajmal and Haroon{2015)
domain Bengali News Sarkar(2012),
domain Telugu Khanam et al.(2016), domain Telugu Sports Sudha and
Latha(2020)
domain Marathi news article Rathod(2018), domain Marathi Sarwadny and
Sonawane(2018)
ptnain Kannada Kallimani et al.(2012,2014)
'omain Turkish Ozsoy et al.(2010),
domain Arabic Imam et al.(2013),
domain Persian Ramzani et al.(2015),
domain Hebrew Litvak et al.(2016), domain Multi-lingual MUSEEC Vanetik et
al.(2016),
domain Gujrati and Urdu Alkesh et al (2007),
domain Egyptian K. Nandhini (2013),
domain legal document Megala et al.(2014), domain legal Jurix Farzindar et
al.(2004)
domain Neural document Sandeep et al (2019)

Sargule and kagalkar (2016), Sarkar%f.QOB), Imam et al.(2013), Alkesh et al
(2007), M. Bhanu et al (2007), kallimani et al (2012), Litvak Marina et al (2016),
yeh jen Yuan et al (2005), Elena and manuel(2010), Rasim M. Alguliev et al
(2011), Subramaniam et al (2015)

Gulati and Sawarkar(2017, 2019), Gupta (2013), Sarwadnya and
Sonawane(2018), Patel et al.{2019), wang Dingding et al (2008,2009), Rasim M.
Alguliev et al {2011), Sudha and Latha {2020)
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Hybrid Algorithm Subramanian Qal. (2019), Sahoo et al. (2018), Gupta (2013)

3. Features in Text Summarization

Properties of text or features of text Eed in text summarization research from 2001 to 2020 are described in fig. #features
of the text in text summarization are significant characteristics to be extracted to produce a ise summary. In the last
twenty years of text summarization research are often used approximately eleven features of the text.

The most popular features are sentence length and sentence position. In the sentence length feature, long sentences contain
more important or relevant information. That means short sentences do not cover any relevant information, so short
sentences are considered unimportant or ignored.

Sentence sition is the most studied feature in extractive text summarizing [15,16,17,18, l9,20].g1rious methods have
been used to feature the sentence position, one of which is weighting with the reverse sentence order. Its use for example
with a text of 30 sentences, the first sentence will be 30 times more important than the last. So it’s almost impossible the
last sentence will appear in the summary.

ccent research thatuses quite complete features are ord features (title word, proper noun word, thematic word, keywords
using TF-IDF, numerical data), sentence features (sentence length and sentence position), and scoring features using the
fuzzy logic system [21]. Combining the statistical approach with fuzzy-based, namely the TF-IDF method and fuzzy logic
with multi-document text input, multi-document summarization (MDS) produces extractive summaries. The advantage of
the approach taken is to use sentence assessment in a better tuning process. The disadvantage is the problem of sorting
sentences in summary. Ordering sentences is a very difficul @@sk but very important in summarizing documents. One way
that can be done in the future is to improve the MDS form BY adding semantic and linguistic features to produce a more
coherent summary [21].

Distribution of Features used in TS
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Fig. 5 Description of features in Text Summarization

4. Approaches Technigues for Text Summarization




264 In ge literature studies that have been obtained over the last twenty years, there are six approaches or techniqud@lised in

265 text summarization, that is fuzzy-based, machine leaming, statistical, Graph-based approach, thematic approach, and rule-
266 based. To find out the distribution of approaches and techniques for text summarization in the past twenty years, it can be
267 shown in Fig.6.

268 T ost popular approach technique used in text summarization is machine learning. The machine learning performance
269 is automatic and leams to improve from experience without being explicitly programmed.

270 ¢ less popular approach in research on text summarization in the last 20 years is rule-based. The rule-based approach
271 has the advantage of being applied to a simple domain, so the rule-based is easy to verify and validate but has weaknesses
272 when applied to a domain with a high level of complexity, if the system cannot recognize the rules, then no results are
273 obtained [22]. Besides, if there are too many rules, it will become difficult to maintain the system’s performance.

274
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277 5. Methods for Text Summarization
278 e method of text summarization research that is used there are various kinds of various approach techniques. The
279 distribution of methods from 2001 to 2020 for this research is described in Fig.7. Based on literature studies, the most
280 widely used method in text su rization over the past twenty years is the neural network and fuzzy logic. A nm
281 network is trained to leam the relevant features of sentences that should be included in the summary of the article. The
282 network observes the pattern of the dataset and gets trained. For each neuron, the network calculates what the target output
283 is and a scaling factor, how much er or higher the output must be adjusted to match the target output. The network
284 performs better if it is trained more. Flizzy logic is often used to extract or determine the final value of words or sentences
285 included in the summary. The fuzzy logic approach can prevent data contradiction because it involves the role of humans
286 to be able to examine sentences and reach an agreement on the choice of certain sentences to produce summary sentences
287 ﬁS],
288 ¢ most widely used methods for summarizing texts are TF-1DF. TF-1DF is #fficthod with a statistical approach technique.
289 Some text summarization studies that use this method are [24,2.6,25,26,27] ¢fc. This method is one algorithm that can be
290 used to analyz the relationship between a phrase/sentence with a collection of documents. The concept is to calculate the
291 TF value and IDF value [28]. For a single document, each sentence is considered a document. TF is the frequency of
292 occurrence of the word (t) in the sentence, which shows how important the word is in the document. While IDF is the
293 number of sentences where a word (t) appears, which shows how common the word is. Word weight will be greater if it
294 often appears in a document and smaller in many documents. To calculate the weighting of words in a document is to

295 multiply the TF value by the IDF value.
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6. Challenges ﬂText Summarization

Based on a text summarization research study from 2001 to 2020, several problems have become challenges that have
been tried to be resolved. Details of the problems in the text summarization in the last twenty years can be shown in Fig.
8. the problem most often done in text summarization over the past ten years is extraction because extraction is a fairly
challenging problem. In-text summarization, extraction is ﬂ'lFooess of taking data from a data source (structured or

unstructured data) to be processed to produce a summary. [14]
word frequency, sentiment analysis, sentence relevancy, overlapping, clustering

oblems that ha@fjrarely been done in the last 20 years are

d sentence ranking, etc. Word frequency

and sentence ranking are less challenging problems because these problems can be solved by a statistical approach. While
sentiment analysis is one of the problems that arise because it is part of the benefits of text summarization that is used to
determine the sentiment analysis of the contents of the text. A less desirable but quite challenging problem in text
summarization is determining new features to produce a summary.

One othcrgoblern of redundancy and similarity is the same, that is, looking for sentences that are the same or similar to
finally be trimmed, or discarded. So get summary results without changing the essence of the document.
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7. Evaluation

Evaluation is an identification process to measure/assess the performance of a hod or tool. In text summarization
research, the evaluation of text quality is often assessed by human annotators [29]. The annotator sets the value of the scale
that has been determined for each summary. Based on studies over the past 20 years, there have been various approaches
to evaluating the results of machine summaries, namely evaluation in terms of essential, extracting sentences, content-
based, and task-based.

Evaluation with the essential approach is often done by comparing the results of the machine summary with an ideal
summary from the expert. Essential evaluation is done by measuring terms of grammatical, non-redundancy, and
coherence. This measurement is very rarely done because it is very rare research that raises grammatical and coherent
problems. Evaluate in terms of extracting sentences that are by finding how many ideal sentences are in an automatic
machine summary. The evaluation was carried out using precision, recall, and f-score/f-measure measurement methods.
For evaluation in terms of content, compare the actual words in a sentence, not the whole sentence. The evaluation was
carried out by the measurement method of Rouge, pyramids, and cosine similarity. The advantage of the evaluation is that
it can compare human extracts and automatic summarizing machines with human abstracts that contain new sentences or
paraphrases. Another evaluation is a task-based approach, which measures the performance of an automatic summarizing
machine by using summaries for specific tasks, for example, question answering and document categories [29].

from the literature studies of the last 20 years, the most evaluation approach taken is in terms of sentence extract and
content-based. In terms of sentence extracts, measures that are often performed are precision, recall, and f-measure/f-score.
While in terms of content-based, the measure that is often done is N-Gram matching (Rouge), which is used in
approximately 21 studies of literature, then pyramid and cosine similarity. For details of the distribution can be seen in
Fig. 9.
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Conclusion: The above review leads to the conclusion that a lot of research is being done %e arca of Natural Language
Processing and every view of the research in Indian and Foreign Languages. Automatic Text Summarization is an emerging
topic that will give rise to the possibility of further research like Corpora based approach, and cross-lingual sum ation,
and also decide the future course of action. In the present paper, a brief description of the research work done mthe past
related to the creation of the Text Summarization System and the various methods, techniques, and approaches used in
them has been presented. This will help in the formulation of appropriate and effective methods for Hindi Text Summarizer

for various domains and languages.
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