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Abstract 
In India, which is a multilingual society with a huge amount of digital information, tools which can summarize 
the data are required. This research explores the use of TF-IDF (Term Frequency-Inverse Document 
Frequency) method for creating extractive summaries in two different languages, namely Indo-Aryan (Hindi) 
and Germanic (English). The aim of the study is to compare the effectiveness of model in both monolingual 
contexts. A set of news articles in Hindi and English were prepared. The strategy adopted was to extensively 
preprocess the texts (tokenization and removal of stop words and stemming/lemmatization) and then use 
TF-IDF (term frequency-inverse term frequency) to numerically represent the sentences based on their 
importance. The most representative sentences were chosen from the top-n sentences sorted by 
aggregated TF-IDF scores to make up the summary. The summaries generated automatically were compared 
with the reference summaries prepared by human using ROUGE-N measure, and informative and coherent 
extractive summaries in both languages were generated by TF-IDF model. The quantitative evaluation 
performed with ROUGE-1 and ROUGE-2 gave similar results at English and Hindi language, however, there 
was a slight decrease in Hindi because of the morphological complexity, which can be explained primarily. 
The model was shown to be robust and efficient to compute. The results obtained from this work 
demonstrate that TF-IDF algorithm is a decent baseline approach for bilingual summarization, particularly 
in resource poor environments. It is used as the basis for more complex models and shows the need for 
language-specific pre-processing for multi-language applications in NLP. The results are relevant to the 
implementation of user-friendly information retrieval systems in linguistically varied parts of the world. 
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Introduction 
Text summarization is one of the most important subfields of Natural Language Processing (NLP), which is a 
process of converting a source text into a ‘short summary’ while retaining the core information and meaning 
of the text (Mishra et al., 2021). In the era of information overload, automated summarisation has been 
indispensable for various applications such as news summarisation, academic research and business 
intelligence. Because of its conceptual simplicity and reliability, extractive summarization is the method that 
is widely used, which involves selecting sentences or salient phrases directly from the source text. 
A great information gap is observed between English and regional language speakers in a multilingual 
country such as India. With a presence of more than a billion speakers worldwide, Hindi is a language with 
a huge digital footprint. But the current state of Hindi language NLP tools is still lower than English, this is 
mainly because of the scarcity of data and the complexity of the language (Jain et al., 2020). The need for 
effective bilingual or cross-lingual summarisation systems that can help to bridge this information divide is 
a pressing need. 
TF-IDF is a traditional information retrieval statistic which acts as a good baseline for extractive 
summarisation. It is a measure that represents the relevance of a word to a document in relation to a set of 
documents. Despite the introduction of models such as BERT and GPT, which are based on deep learning, 



TF-IDF is still relevant because of its interpretability, low computational cost, and its independence of large, 
annotated training data sets (Qayyum & Afzal, 2019). The motivation for this research is the need to test 
this basic, resource-light technique in a bilingual setting and serve as a performance measure for the more 
complex models. 
 
Literature Review 
While recent studies in the field of text summarization have focused on classical and neural methods, 
classical methods continue to play a part in certain use cases. 
The effectiveness comparison of classical and TF-IDF approaches was conducted by researchers Qayyum 
and Afzal (2019), who found that a properly optimized TF-IDF approach compared with more complicated 
approaches could attain comparable effectiveness on the DUC-2002 dataset. Likewise, Alami et al. (2021) 
presented a variant of TF-IDF for Arabic text summarization, which emphasized the appropriateness of TF-
IDF for morphologically rich languages. In the case of Hindi language, Kumar et al. (2022) applied a hybrid 
TF-IDF and Graph-based approach and improved upon the baseline that was based on TF-IDF, but there was 
no thorough baseline evaluation performed. 
Neural and Transformer-Based Approaches: The recent progress of deep learning has led to new state of 
the art results on summarization datasets such as CNN/Daily Mail (Lewis et al., 2020) using models such as 
BART and T5. Gupta and Lehal (2020) investigated an LSTM based encoder-decoder architecture for Hindi, 
which encountered data sparsity problems. Sharma and Mittal (2022) optimized their multilingual BERT 
model for Hindi summarization, achieving high performance and highlighting the computational complexity. 
Bilingual and Low-Resource NLP: Ladhak et al. (2020) spoke about a new problem of building summarization 
data sets for low-resource languages. The need for strong benchmarks on Indian languages was highlighted 
by Mishra et al., (2021). Their work was based on sentiment analysis, but these underlying problems of data 
sparsity can be directly applied to the summarization problem. 
This review shows that Neural models are powerful but there is a gap between them and their performance 
and resource usage has been addressed by classical models such as TFIDF, which also works well for 
languages like Hindi. In this regard, our work directly tackles this issue by conducting a rigorous evaluation 
of TF-IDF in a bilingual environment. 
 
Methodology 
The research workflow follows a structured pipeline, as described in the subsequent sections. 
Dataset Description 
For this study, a custom bilingual dataset was curated. The English corpus consists of 500 news articles 
sourced from the BBC News dataset. The Hindi corpus comprises 500 news articles manually collected from 
reputable Hindi news portals like BBC Hindi and Dainik Bhaskar. Each article is between 300-700 words and 
is paired with a human-written reference summary of 80-100 words. 
Preprocessing Steps: 
English: Conversion to lowercase, tokenization, removal of punctuation and stop-words (using NLTK's stop-
word list), and lemmatization (using WordNet lemmatizer). 
Hindi: Conversion to Unicode normalization, tokenization (using the iNLTK library), removal of Hindi-specific 
stop-words (using a custom list), and stemming (using a lightweight Hindi stemmer). 
The dataset was split into an 80-20 ratio for development and final testing, respectively. 
 
Proposed Methodology 
The proposed TF-IDF-based summarization process involves the following steps: 
Document Preprocessing:  
Sentence Tokenization: The input document 𝐷 is split into a list of sentences, 𝑆 = {𝑠1, 𝑠2, . . . , 𝑠𝑛}. 



TF-IDF Vectorization: A TF-IDF matrix 𝑀 is constructed where each row represents a sentence and each 
column represents a word in the document's vocabulary. 

Term Frequency (TF) of a word 𝑤  in sentence 𝑠 : 𝑇𝐹(𝑤, 𝑠) =
𝑓𝑤,𝑠

𝑁𝑠
, where 𝑓𝑤,𝑠  is the frequency 

of 𝑤 in 𝑠 and 𝑁𝑠 is the total words in 𝑠. 

Inverse Document Frequency (IDF) of a word 𝑤 across all sentences in 𝐷: 𝐼𝐷𝐹(𝑤) = log
𝑁

𝑑𝑓𝑤
, where 𝑁 is the 

total number of sentences and 𝑑𝑓𝑤 is the number of sentences containing 𝑤. 
TF-IDF Score: 𝑇𝐹𝐼𝐷𝐹(𝑤, 𝑠) = 𝑇𝐹(𝑤, 𝑠) × 𝐼𝐷𝐹(𝑤). 
Sentence Scoring: The score for each sentence 𝑠𝑖  is calculated as the sum of the TF-IDF scores of all words 
in the sentence: 𝑆𝑐𝑜𝑟𝑒(𝑠𝑖) = ∑𝑤∈𝑠𝑖 𝑇𝐹𝐼𝐷𝐹(𝑤, 𝑠𝑖). 

Summary Generation: The top 𝑘  sentences with the highest scores are selected. The value of 𝑘  is 
determined as a function of the source document length (e.g., 30% of the original sentence count). The 
selected sentences are ordered based on their original appearance in the source document to maintain 
coherence. 
 
Algorithm Description 
The summarization algorithm can be described with the following pseudocode: 
INPUT: Document D, Compression Ratio r 
OUTPUT: Summary Summary 
 
1.  SENTENCES = sentence_tokenize(D) 
2.  PREPROCESSED_SENTS = [] 
3.  for each sent in SENTENCES: 
4.      tokens = word_tokenize(sent) 
5.      filtered_tokens = remove_stopwords(tokens) 
6.      stemmed_tokens = stem_words(filtered_tokens) // or lemmatize 
7.      PREPROCESSED_SENTS.append(stemmed_tokens) 
8. 
9.  // Build Vocabulary V from all tokens in PREPROCESSED_SENTS 
10. V = get_vocabulary(PREPROCESSED_SENTS) 
11. 
12. // Calculate TF-IDF matrix 
13. N = length(SENTENCES) 
14. TFIDF_Matrix = initialize_matrix(N, length(V)) 
15. 
16. for i, sent_tokens in enumerate(PREPROCESSED_SENTS): 
17.     for word in V: 
18.         tf = count(sent_tokens, word) / len(sent_tokens) 
19.         df = count_documents_containing(PREPROCESSED_SENTS, word) 
20.         idf = log(N / (df + 1)) // Add-1 smoothing 
21.         TFIDF_Matrix[i][word] = tf * idf 
22. 
23. // Score Sentences 
24. SENTENCE_SCORES = [] 
25. for i in range(N): 
26.     score = sum(TFIDF_Matrix[i]) 
27.     SENTENCE_SCORES.append( (score, SENTENCES[i]) ) 
28. 



29. // Sort by score and select top k 
30. SORTED_SENTENCES = sort(SENTENCE_SCORES, by=score, descending=True) 
31. k = ceil(r * N) 
32. TOP_K_SENTENCES = SORTED_SENTENCES[0:k] 
33. 
34. // Reorder selected sentences to original order 
35. SUMMARY_SENTENCES = sort(TOP_K_SENTENCES, by=original_index) 
36. Summary = join(SUMMARY_SENTENCES) 
37. 
38. RETURN Summary 
 
Flowchart or Block Diagram 
The following interconnected modules would make a block diagram of the process: 
The source text (Hindi/English) to be translated is called Input Document. 
Text Preprocessing Module: This module has two parallel paths, Hindi and English, that contain Hindi/English 
specific tokenization, stop-word removal and stemming/lemmatisation steps. 
Feature Extraction (TF-IDF) Module: The pre-processed text is sent into this module and the TF-IDF matrix 
of the document is calculated. 
sentence scoring and ranking module: This module is used to determine the overall score of each sentence 
and rank them in order of decreasing importance. 
Summary Generation Module: Selects top-k sentences, shuffles them and pastes them together. 
Output Summary: Extractive Summary is created. 
 
 

 
Figure1: Proposed Workflow for Hindi–English TF-IDF Based Extractive Text Summarization 

 
 
Implementation Details 
Programming Language: Python 3.8+ 
Libraries and Tools: 
Core NLP: NLTK, Scikit-learn (TfidfVectorizer), iNLTK (for Hindi tokenization). 
Evaluation: PyROUGE for automatic evaluation against reference summaries. 
Data Handling: Pandas, NumPy. 
Hardware: Standard desktop computer with an Intel i5 processor, 8GB RAM, and no GPU acceleration, 
underscoring the model's low resource requirements. 
 
 
 



Results 
The model was evaluated on the held-out test set (100 documents per language) using ROUGE-1 (unigram) 
and ROUGE-2 (bigram) F1-scores. The results are summarized below: 

Table1: Evaluation metrics 

Language ROUGE-1 (F1-Score) ROUGE-2 (F1-Score) 
Average Summary 
Length (sentences) 

English 0.52 ± 0.08 0.28 ± 0.06 4.1 

Hindi 0.48 ± 0.09 0.24 ± 0.07 4.3 

 
 
Findings: 
TF-IDF model has been able to produce meaningful abstracts in both languages. 
The results obtained are as expected (H1) that there is no significant difference between the performance 
of the two models, though English model was always 4-8% better than Hindi model on ROUGE scores. 
The lower ROUGE-2 scores of Hindis indicate that capturing fluent bigram overlaps are difficult, which may 
be attributed to less optimal stemming. 
 
Discussion and Limitations 
The results demonstrate that TF-IDF is a strong base in bilingual summarization. A bit better performance in 
English can be explained by the more mature tools used for preprocessing (such as accurate lemmatisers) 
and perhaps by the more standardised writing in the news domain. The Hindi performance is commendable 
and the model very simple, demonstrating its usefulness in low resource settings. 
Compared to state-of-the-art neural models (often ROUGE-1> 0.60 on news data), our TF-IDF model's scores 
for English are comparatively low but are obtained using a minimal number of resources. The scores serve 
as a baseline measurement for Hindi which is not available in the literature. 
 
Limitations 
Problems with coherence: The model is unable to produce new sentences and phrases, which can create 
coherence problems. 
The TF-IDF approach fails to consider other factors critical for good summarization, such as semantic 
relations, sentence position, and discourse structure, that are termed Linguistic Naivety. 
Effectiveness of the stemmer and stop-word list is crucial for the quality of the Hindi summary, and it is not 
as well developed as its English counterpart. 
Domain Specificity: The model has been evaluated on news articles and could produce different results for 
other types of texts (such as legal or scientific). 
 
Conclusion 
In this study, the authors provided an extensive study on TF-IDF based extractive text summarisation for 
Hindi and English languages. The most important conclusion is that a simple, interpretable and 
computationally efficient model such as TF-IDF can yield reasonably good summary quality in both 
languages, providing a viable solution for large-scale real-world use, where resources are limited. The work 
provides an important baseline for the performance of Hindi text summarization. 
In the future we aim to: 
Addition of features (such as sentence position, named entities) to improve the software scoring. 



Learn about hybrid approaches (TF-IDF + graph-based approaches, such as TextRank). 
Implement and adapt lightweight pre-trained transformer models (DistilBART for abstractive 
summarization) for Hindi language. 
Extend the study to process code-mixed Hinglish data, which is a common and difficult data type for internet 
communication. 
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