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Abstract 
The amount of content for a specific topic is increasing exponentially every day, resulting in the provision of bulk textual data, some of 
which will be relevant to our search and some of which will be meaningless. In this case, we must summarize the text document in order 
to understand its critical components. A Hybrid Automatic Summarizer is proposed that employs computational methods such as a fuzzy 
logic system and a deep neural system. The extractive summarization technique was used to create the summary. For extracting features 
using a sentence matrix, the Restricted Boltzmann Machine (RBM) is used in deep neural networks and fuzzy rule bases. When 
compared to individual systems, hybridized systems provided a better summary. 
Keywords: Fuzzy Logic System; Restricted Boltzmann Machine (RBM); Deep neural network (DNN); fuzzy membership 
function; Neural Network; Text Summarization, Hybrid auto text summarization 
 
 
1. Introduction 
Every day, the amount of information available grows. Finding appropriate data thus becomes arduous and time-
consuming, because not all data is relevant to the user's topic of interest. A quick overview of the documents is required to 
identify relevant material for the user's search and to save time. Human-made summaries are time-consuming and 
monotonous. To save time and get fast results, it is necessary to dynamically summarize the text material [8]. 

Text summarization can be classified using various criteria. [5] Extractive summaries choose essential sentences from a 
document based on particular criteria and display them to the viewer as is, [3] whereas annotation summaries provide a 
rebuilt summary that is not identical to the original document. On the number of sources for the summary, there are two 
types: single document summary (from a single document) and multi-document summary (from many documents). 
Automatic text summarization is the process of compressing a large text file into a few lines of summary language that 
contains key information. Generic based summaries convey the summary in a compact manner as the major theme of the 
data, whereas question based summarization presents the summary as an answer to the query given by the user. Also, based 
on the summary's key elements, it can be characterized as suggestive, which informs the user whether the document should 
be read or not, and informative, which provides all the information needed to represent the original content. 

The most difficult issue with auto summarization is providing information that is relevant to the user's subject of interest. 
To achieve this, a hybrid approach using fuzzy logic and Deep neural network (DNN) is proposed, as well as a provision to 
give the summarizer a seed word so that it summarizes the documents that include the seed word, allowing the user to get 
all relevant information related to the search while saving a lot of time. The goal of fuzzy logic is to identify the relevance 
of a text based on the seed input by the user. DNN offers the semantic space for the sentence, allowing meaningful 
semantics to be retrieved and data redundancy to be reduced. 

The rest of the paper is structured as follows. The review of related work on text summarizing is done in part II. Section III 
explains how to summarize using fuzzy logic and DNN. The model of hybrid auto text summarization is proposed in 
section IV. Finally, in part V, we wrap up our work. 
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2. Related Work 
In [4], For picking sentences based on their features, fuzzy rules and fuzzy sets are used to extract important sentences. To 
summarize the document, we used a Gaussian membership function and IF-Then logic. In [1], feature extraction for 
Wikipedia articles is done using ten different feature scores which are fed to the neural network and the neural network 
returns a single value signifying the importance of the sentence in the summary. In [9],A hybrid strategy for auto text 
summarization is proposed, which uses a genetic optimization technique the rule sets of a fuzzy system's membership 
function, which uses a bell-shaped membership function. Following the recognition of the features, the information is put 
into a fuzzy system that effectively determines the relevant sentences, followed by a genetic algorithm that optimizes the 
significant ones. In [10], Query-oriented, unsupervised deep learning is used to summarize many documents. Following the 
calculation of the feature vectors, the restricted Boltzman machine is used to filter out non-relevant words and discover key 
words, followed by the rebuilding validation, which aims to recreate the data distribution through fine tuning the entire 
deep architecture globally, and at last, dynamic programming has been used to maximize the length of the summary with 
such a length constrictions. 
 
 
3. Summarization Using DNN and Fuzzy System 
 
2.1 Summarization Using Fuzzy System 
 
[2] To deal with uncertainty, modeling procedures such as fuzzy logic are employed to determine the semantic similarity of 
words. The fuzzy membership function and fuzzy rules are used in the fuzzy logic system to implicate sentence selection. 
The basic purpose of fuzzy logic control is to overcome uncertainty by using a correct fuzzy membership function and 
fuzzy rule set to properly correlate syntactic and semantic links between phrases. 
 
2.2 Summarization Using Deep Neural Network (DNN) 
 
Complex structures are theoretically difficult to extract using shallow architectures.[11] Deep architectures are made up of 
numerous layers, each of which trains data on a different set of features based on the output of the previous layer. Unlike 
most classic learning algorithms, DNN can do autonomous feature extraction utilizing the Restricted Boltzman machine 
(RBM). 
 
2.3 Proposed hybrid auto text hybrid text summarization 
 
This study provides a hybridization of a fuzzy logic system with a deep neural network, with the goal of discovering 
intrinsic qualities of sentences and increasing their degree of relevance and correlation, in order to identify significant ones 
for summarization. Figure (1) shows a block diagram of proposed hybrid auto text summarization. 
 
The following is the framework for hybrid auto text summarization: 
 

1. The summarizer is supplied with the text document to be summarized. The summarizer's first feature is sentence. 
.extraction. 

 
2. There are four features that are utilized to extract sentences that are significant for summary retrieval. 

 
The four features used are: 

 
a. Similarity in title- A sentence is regarded as important, if it matches the text document's title. 

 
F1= s ∩ t/ t                               - (1) 
Where, 
 
 S = set of words of sentences. 
 t = set of words of title. 
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 S ∩ t = common words in the sentence and title of the 

document. 
 

 

 
 

Fig. 1  Proposed model of Hybrid Auto Text Summarizer 

 

b.  Sentence importance- A sentence is significant if the word it includes appears frequently in the text 
document. 

F2 = tf * idf                    - (2)  

Where, tf = term frequency of the word in the document. 

idf = inversed document frequency refers to a word that is uncommon or repeated in sentence.[6] 

c. Named entities- If it's a proper noun, the sentence is crucial because named entities frequently include 
vital information. 
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F3 = number of named entities (proper noun) in the sentences.  

d. Numerical data - If a sentence contains numerical values, statistics, or other data, it is significant. 

F4 (S) = 1: if S has numerical value 0:  otherwise 

3.  The features are applied to the sentences according to their priority in relation to the document type. 
i. [1] The features are applied to the sentences according to their priority in relation to the 

document. 
ii. [2] If the document is entirely made up of words, title similarity, term weight, and named 

entities,   among other things, take precedence. 
4. A feature sentence matrix has now been created. The feature vector matrix score of the sentences is given by the 

sentence matrix. 
5.  A fuzzy rule basis is applied to the sentences once the feature vector matrix score is extracted. To the sentences, 

three rules are applied. 
a. If the scores are high -> then -> the sentences are important. 
b. If the scores are medium -> then -> the sentences are average. 
c.  If the scores are low -> then -> the sentences are unimportant. 

6. These sentences are then fed into a Restricted Boltzmann Machine (RBM), which trains them using the training     
data. One input layer, two hidden layers, and one output layer are used in this example. The input layer receives 
the sentences from the matrix, and the first hidden layer receives the sentence Score with a bias value. The 
technique is repeated with a different bias value for the second hidden layer. The final output is transferred to the 
output layer, which results in a more refined sentence extraction.  

7. After the sentences have been trained, they are preprocessed such that a user-defined query can be used to  extract 
sentences based on a certain topic. Stop word filtering, stemming, and POS tagging are examples of preprocessing. 

a. Stop using word filters; instead, use words like "a," "an," "the," "and," "by," period, comma, semicolon, 
and question mark are examples of punctuation. Deleted as stop words because they aren't 
necessarily as significant as the other words in the statement. 

b. The main principle behind stemming is to reduce words to their underlying words by employing singular 
forms of word and deleting "ing," "ed," and other words. 

c. Parts of speech tags classify data terms into the parts of speech categories to which they belong (noun, 
verb, and adverb, adjective). 

8. We enter the seed word for the summarization (query-based processing) once the preprocessing is complete. The 
seed word is entered with its random priority value into a seed table. The seed query with the sentences uses the 
priority value to calculate fuzzy membership. 

9. A sentence table is built for each sentence, containing all of the words in the sentence, the number of words in a 
sentence, and its Corresponding ranking, which is filled in while the fuzzy membership score is calculated. 

10.  For estimating the frequency of terms across the document, a separate table for sentence words is constructed. 
11. After all of the above tables have been generated, the fuzzy membership value is determined using the formula 

below 

Rank  (��)  = ∑  frequency(Wij) + ∑  membership(Wij)   -(3) 

i. The frequency of its argument is determined by Frequency (). 
ii. Membership _with seed () returns the argument's membership value with the user-defined seed. 

12. Finally, sentences are ranked to produce a final document summary, and the user specifies the number of sentences 
to be extracted. 
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4. Experimental Results 

The system's goal is to generate a summary of any given text document. Soft computing technologies are used to develop a 
hybrid system to build the summarizer. A deep neural network was hybridized with a fuzzy logic system. With the help of 
25 text documents, the hybrid auto text summarizer was evaluated on a ROUGE toolkit. Individual neural system and fuzzy 
system summary results were compared to hybrid system summary results of recall, precision, and f-measure of the system. 
The ROUGE toolbox is used to determine the precision, recall, and fProceedings of the in measure of the summary. 

Recall =   tp/ tp+fn                                        (4) 

Precision=      tp/tp+fp                                      (5) 

F- measure = 2*precision* recall/precision+recall (6) 

True positive (tp) denotes that the obtained and real results are identical. The term "false positive" refers to a result that 
appears to be true but is actually untrue. The term false negative (fn) refers to a result that appears to be false but is actually 
true. The amount of summary that is accurately retrieved is given by recall. The fraction of the summary that is right is 
called precision. The accuracy of the system is determined by F-measure. In comparison to individual systems, the hybrid 
system received a higher score of 29 percent to 34 percent in testing. The hybrid system's accuracy was raised by 31 
percent. As a result, the accuracy is 84.73 percent. 

 

     

   Fig. 1  Performance comparison of neural, fizzy and hybrid system 

According to Figure 2, the proposed system's testing results were the best in terms of recall and F-measure. The hybrid 
system's precision has significantly improved. The true positives retrieved are more than the false positives, according to 
the recall and precision scores. As a result, the recall value rises while the precision value falls. The drop in precision values 
indicates that the amount of incorrectly obtained results has decreased. 

 

                  Fig. 1  Performance comparison of overall average evaluation of individual v/s hybrid systems. 
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5. Conclusion 

Automatic Summary generators are critical in time-sensitive circumstances for retrieval of accurate text documents as data 
grows at an exponential rate. There has been a lot of research into summary methods, and the majority of them are 
extractive summarizers. Using a deep neural network and a fuzzy logic system, a hybrid approach to soft computing 
approaches is offered.The training of sentences over a set of data and the application of rules based on it delivers the 
summary of human thinking. For certain document types where numerical data is critical, prioritizing features is the best 
option. We also employed summary extraction based on user queries, connecting the user query to the sentences using the 
membership function.  

The suggested system is shown to have a summary accuracy of 84.73 percent, which is 31 percent higher than the 
individual summary generator.              

The deep neural network's scope can be expanded by using a back propagation network. The features can also be subjected 
to a vast number of rules.    
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