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Abstract - OOV terminology and structured English phrases, which are exclusive to the aerospace industry, are crucial to this 

field. Translating these words and phrases is a difficult task. The use of social media, such as Facebook, Twitter, etc., by airlines 

as a significant tool for communication and advertising has led to the inclusion of these aerospace-related terms in everyday 

reading materials like newspapers. To make it easier for MT(Machine Translation) systems to translate these structured phrases 

and OOV terms, such as TFC, LEO, a tool that can recognize them and substitute them with the appropriate meaningful English 

word is urgently needed. For accurate translation, the MT(Machine Translation) systems must then be trained utilizing aerospace 

parallel corpora (English-target language). Another gap that must be remedied is the lack of such a corpus. There is a great 

demand for a tool that can handle both the direct feed to MT tools and assist in building a parallel corpus. 
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1. Introduction 
India is one of the fastest-growing major aviation sectors 

in the world and the third-largest domestic market. India’s 

aviation industry has experienced significant expansion, as 

evidenced by the 15% rise in the total number of passengers 

handled at Indian airports, which reached 37.6 crore in the 

financial year 2024. The fact that the total revenue of Airport 

Authority of India (AAI) has increased by 3807.48 crores 

(31.28%) in the financial year 2023–2024 indicates the direct 

effect on its performance [1]. With the rapid increase in the 

number of passengers, the airline companies have to introduce 

more aircraft to fulfill the demand. At the same time, huge job 

opportunities have been created. The Indian aircraft industry 

is one of the sectors experiencing the fastest expansion. India 

is expected to have the second-largest aerospace industry by 

2025. At the moment, India’s aerospace and aviation sector 

exhibits both achievements and challenges. Satellite launches 

and missions to the moon and Mars are among India’s 

achievements. Prominent organizations like ISRO, HAL, and 

DRDO make important contributions. However, the industry 

needs assistance due to the high regulatory requirements, lack 

of technology, and minimal private sector engagement. In 

order to become self-sufficient and globally competitive, India 

seeks to improve R&D, form alliances, and assist 

entrepreneurs. The nation’s aerospace scene demonstrates a 

range of successes and objectives, suggesting a dynamic 

course with much room for expansion and innovation [2]. 

There is a huge need for Machine Translation (MT) systems 

in the aviation as well as aerospace domains, which can 

translate sentences of the English language to Indian 

languages. Already several MT systems were developed in 

domains like medical, tourism, etc., but few MT systems were 

built in the aerospace domain [11]. Regional Air Connectivity 

is envisioned under the RCS (Regional-Connectivity Scheme) 

in the NCAP, 2016 (National-Civil-Aviation Policy, 2016). 

On 21 October, 2016, MoCA (The Ministry of Civil Aviation) 

introduced UDAN (Ude Desh ka Aam Nagrik) under RCS. 

RCS-UDAN’s main goal is to make regional air connections 

more accessible and inexpensive for the general public [3]. 

The number of airports has increased concurrently, rising from 

74 in 2014 to 147 in 2022. By 2024–2025, MoCA wants to 

raise this to 220 [4]. The number of airports, as well as job 

opportunities, has grown increasingly in Assam. As Assamese 

is the prime language in Assam, there is a great need for an 

English to Assamese MT system. The aerospace domain 

broadly uses unique OOV (Out of Vocabulary) words. 

Translating these words is not an easy task. 

2. Literature Review 
A Word2VnCR technique was presented by Jeongin Kim 

et al. (2021) [7] to substitute an OOV word with a term that 

is semantically related in the event of a morpheme analysis 
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error. This method extracts candidate words that have the 

same meaning as the OOV word and can be used to determine 

how similar they are semantically to the OOV word’s 

neighboring terms. Additionally, they compared the 

Word2VnCR and Word2Vec algorithms and discovered that 

Word2VnCR was more effective in substituting semantically 

similar words for OOV keywords. Using a small bilingual 

parallel corpus and two unrelated and unlabeled raw corpora 

for both target and source languages, Vijay et al. (2022) [8] 

proposed a translation algorithm, which is context-based SMT 

for OOV words translation. For FIRE 2010 and Fire 2011, the 

reduction of the OOV terms has been claimed by up to 0.81% 

and 1.73%, respectively. When the context words list is 

known, Baby et al. (2022) [16] proposed a post-processing 

method that recovers OOV terms, which is context-

based using the phone cost function. Additionally, they 

examined cost functions based on phonetic and acoustic 

similarity. Their findings show that the proposed method 

offers above 50% OOV context word recovery in a number of 

categories. According to a review of the literature by us, in the 

context of Indian languages, comparatively few researches 

have been done on OOV words. For a low-resource language 

like Assamese, still, no research work could be found for the 

translation of OOV terms. Here, in this paper, after translating 

OOV terms into standard terms, a bilingual corpus of English 

to Assamese will also be created. 

3. OOV Words 
Any terms that a machine learning model has not come 

across during its training phase are referred to as Out-of-

Vocabulary (OOV) words in Natural Language Processing 

(NLP). Processing text or voice that contains these terms is 

extremely difficult because they are not included in the 

model’s predefined vocabulary. When these models come 

across an OOV word, it may result in mistakes or inaccuracies 

because they mostly rely on their taught vocabulary to 

interpret input [5]. The fact that language is always evolving 

is one of the main causes of Out-of-Vocabulary (OOV) words. 

Regional dialects, technical developments, and cultural trends 

all contribute to the continuous creation of new words. This 

linguistic growth is accelerated by social media in particular, 

where hashtags, slang, and abbreviations are regularly added 

to the language [12].  

Additionally, words from various languages, cultures, or 

geographical areas frequently blend with mainstream 

languages as global contact grows. Traditional NLP models, 

which rely on a fixed vocabulary, struggle to keep pace with 

these changes, leading to OOV words in real-world 

applications [13]. To detect OOV words, models of word 

embedding, such as BERT, are used, which are trained. A 

quite common requirement for every transliteration and 

transliteration tools is to handle out-of-vocabulary (OOV) 

words. These are Technical words, person names, names of 

places, objects, etc., all of which occur frequently in texts, 

especially those related to aerospace, and for a transliteration 

system, it is absolutely necessary to identify such OOV words 

and process them accordingly. [10]. To create the corpus of 

OOV words is a difficult task. The sources of OOV words, as 

collected with proper permission as and where necessary, are 

mentioned below:- 

1. Directorate General of Civil Aviation (DGCA)  

2. Airport Authority of India (AAI). 

3. Indian Space Research Organization (ISRO) 

4. Hindustan Aeronautics Limited (HAL) 

5. National Aeronautics and Space Administration (NASA) 

A parallel corpus of the aerospace domain has been 

created with a size of 19959 sentences. The corpus contains 

359 OOV words. Tables 1 and 2 show some unique Aviation 

abbreviations, OOV words, and Aerospace OOV words. 

Table 1. Unique Aviation abbreviations and OOV words [4] 

OOV words Meaning 

CCU Netaji Subhas Chandra Bose International Airport 

GAU Lokpriya Gopinath Bordoloi International Airport 

IXS Silchar Airport 

MAA Chennai International Airport 

FL Flight Level 

TFC Traffic 

DSND Descend 

SBOUND South Bound 

6E Indigo Airlines 

AAI Airport Authority of India 
 

Table 2. Aerospace OOV words [6] 

Purpose OOV word Meaning 

Flight Operations and Procedures 
QNH  Altimeter Setting (to measure height above sea level) 

VOR  VHF Omni-Directional Range (radio navigation aid) 

Aircraft Systems and Technologies 

 

FMS  Flight Management System 

FADEC  Full Authority Digital Engine Control 
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Air Traffic Management (ATM) 
ATIS  Automatic Terminal Information Service 

NOTAM  Notice to Airmen (or Air Missions) 

Airport and Navigation Codes 
ICAO  International Civil Aviation Organization 

RNAV  Area Navigation 

Emerging Technologies and Concepts 
eVTOL  Electric Vertical Takeoff and Landing 

UTM  Unmanned Aircraft Systems Traffic Management 

Space Technology 

LEO  Low Earth Orbit 

SLV  Space Launch Vehicle 

ISS  International Space Station 

 

4. Problem Statement 
OOV terms are used extensively in the extremely 

specialized and technical field of aerospace. The main issue is 

to find these OOV terms and convert them to proper, pertinent 

forms before translating them into the goal language. Another 

difficulty is figuring out which structured phrases are used in 

social media and aerospace, then replacing them with 

equivalent English terms before translating. Special characters 

like @, #, and so on accompany these OOV and structured 

words, making it impossible for current translators to 

recognize, comprehend, and convert them. The MT program 

is unable to comprehend the true meaning of the many 

aerospace articles and conversations it encounters. At the end, 

the MT software produces an output that is either easily 

understood or translated inadequately, leaving the OOV terms 

untranslated or, at most, transliterated. Since these structured 

and OOV words are typically not included in the training 

database, the most frequent issue with MT(Machine 

Translation) software is its inability to comprehend sentences 

in the source language. As an illustration: “I am traveling from 

GAU to CCU Today,” says a conversation. This indicates that 

“I am traveling from Guwahati Lokpriyo Gopinath Bordoloi 

International Airport to Kolkata Airport today”. Using a 

conventional machine translation program, it has been 

observed that the aforementioned statement can not be 

translated or transliterated since it does not comprehend the 

words “GAU” and “CCU”, and it reads as: 

.” 

 
Fig. 1 Inaccurate translation of the sentence by Google Translate 

5. The Proposal to Solve the Problem 
A straightforward key is to create a tool that converts 

OOV words, structured words, and special characters 

contained in sentences into regular English sentences before 

feeding them into the program, which can translate. This way, 

the MT program can comprehend the sentences and translate 

them accurately. In addition to training MT systems to 

develop models that can handle OOV words and other similar 

terms, Bilingual Parallel (Source-Target) databases can also 

be created using this program. Creating a database of these 

structured and OOV phrases alongwith their definitions, can 

help to achieve this. When such words appear in a phrase, they 

can be substituted with the appropriate, meaningful word by 

consulting this database. The MT(Machine Translation) 

software can then use this pre-processed text to transform it 

successfully and productively. 
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5.1. Methodology 
JavaScript programming has been used here to 

accomplish the goals as follows:  

 To swap out the OOV terminology used in aerospace for 

their common-place equivalents or meanings in ordinary 

English. 

 To recognize and eliminate special characters like @, #, 

and so forth. The OOV and structured words are kept in 

a database to which the software makes reference.  

Rodali Keyboard has been used to write the Assamese 

alphabet so as to create the parallel corpus. [14]. A snapshot 

of the Rodali keyboard is shown in Figure 2. 

 
Fig. 2 Rodali keyboard to write Assamese alphabets [9] 

5.2. Functionality of the Program 

The application is created using JavaScript to substitute 

standard English/MT comprehensible vocabulary for the 

structured and OOV words used in aerospace, making them 

easier for MT translators to understand. Such organized OOV 

words are compiled into a database with definitions.  

The database is open, and the process of adding new 

words is ongoing. The delimiter columns (oov_term and 

replacement) in the database keep words apart from their 

definitions. Common in-short phrases are replaced with their 

full counterparts by the pre-process Sentence function. 

Additionally, the software employs regular expressions inside 

pre-process Sentences to replace special characters like “#” 

(hashtags), “@” (at-the-rate), and “_” (under-score). 

Using the aforementioned example, an aerospace 

specialist shared on social media, “I am traveling from GAU 

to CCU today.” The OOV terms “GAU” and “CCU,” which 

stand for Guwahati Lokpriyo Gopinath Bordoloi International 

Airport and Kolkata Airport, respectively, and are maintained 

in the database, are substituted by our program as “I am 

traveling from Guwahati Lokpriyo Gopinath Bordoloi 

International Airport to Kolkata Airport today.” The file name 

where terms are saved is provided by the sqlite3—database 

(‘./aviation_terms.db’) function. Db.all(...) has been used as a 

“read” operation. The application uses the /pre-process route 

to receive the input data, which includes hashtags, 

underscores, and other information. The hashtags are removed 

by the pre-process Sentence function (#). The pre-process 

Sentence function is used to substitute the OOV and structured 

phrases with the words that are meaningful and machine-

translatable. The JavaScript application incorporates the 

sqlite3 library to convert the terms to their standard 

definitions. Tokens are created by splitting the string using the 

split(/\s+/) function. The program has been used to attain a 

straightforward solution. The forms of noise (OOV terms, 

special characters) can be identified with the aid of a manually 

constructed database, which can then be replaced with words 

that are meaningful, and then they are easy for MT software 

to translate. 

 
Fig. 3 Homepage of the pre-processing tool 



Pratul Kalita et al. / IJETT, 74(4), 144-154, 2026 

 

148 

 
Fig. 4 Translation of a sentence containing OOV words 

 
Fig. 5 Page showing the corresponding terms of OOV words 

 
Fig. 6 Edit or Delete form 



Pratul Kalita et al. / IJETT, 74(4), 144-154, 2026 

 

149 

 
Fig. 7 Edit or Delete confirmation message 

 
Fig. 8 Adding new terms 

 
Fig. 9 After the addition of the corresponding term of the OOV word 
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Fig. 10 Processing of a sentence containing a special character (e.g., @) 

 
Fig. 11 Code for Deletion 
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Fig. 12 Code for Edit 

 
Fig. 13 Code for Addition 
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Fig. 14 Code for Pre-processing 

5.3. Flowchart of the Program 

 
Fig. 15 Flowchart of the tool 

6. Results and output 
6.1. Machine Translation Software as a pre-Processing Tool 

to Input Directly 

Referring back to the earlier example in Figure 1, we 

enter the identical statement into our suggested software, and 

the result is: “Today, I am traveling from Guwahati Lokpriyo 

Gopinath Bordoloi International Airport to Kolkata Airport.” 

When we supply the above output obtained into Google 

Translate, the translation appears as follows in Figure 16. In 

this case, Google Translate successfully translated the 

statement (as shown in Figure 16) from English to Assamese 

while preserving its meaning, which is:  

 
 

The ability of this tool to assist in the creation of a 

bilingual Source to target language, i.e., English to Assamese 

corpus for the aerospace domain, is one of its strengths. In 

order to get precise findings from commercially accessible 

MT systems, it may be utilized as a pre-processing tool.   

Translation Tool 

OOV Word 

Equivalent English Word 

     DATABASE 

English-Assamese Corpus Creation 

OOV Word 

OOV Word 

Equivalent English Word 
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Fig. 16 Accurate translation provided by suggested software using Google Translate 

6.2. To Create Bilingual Corpus 

Any bilingual corpus (English-target language) can be 

created with the help of the tool. It is currently being used to 

develop English-to-Assamese corpora for the aerospace 

domain. Regular English sentences are obtained by directly 

feeding the tool with aerospace data and sentences gathered 

from multiple sources. These sentences are used to act as the 

source language. Then, relevant sentences of the target 

language in Assamese are constructed and inserted into the 

relevant column. Any other target language can be added to 

this application. Figure 17  shows a snapshot of the corpus to 

illustrate how the software can be used as a tool to help create 

corpora. Any SMT or NMT system can be trained using this 

bilingual corpus. [10] 

 
Fig. 17 Snapshot of the English-Assamese Aerospace Corpus created using the pre-processing tool 

7. Conclusion 
It makes sense to pre-process source language sentences 

to standardize them before feeding them into an MT system 

for direct translations, especially in technical domains like 

aerospace. Few pre-processing software can be found for 

specialized domains like aviation and aerospace. The 

aforementioned tools can help to create parallel bilingual 

corpora in English as the source language for any target 

language. It is an independent application that might be 

applied to generate English sentences in the aerospace field 

before they are fed to any common readymade translation 

software to improve translation quality, in addition to being a 

pre-processing tool for corpus building. 

7.1. Future work 

The database is active and can occasionally be added to 

as new aerospace OOV phrases as and when acronyms and 

technical jargon are discovered. Since it is a technical corpus, 

it can be combined with a sizable portion of general English 

to the Assamese parallel corpus to train NMT software like 

OpenNMT and generate models that can be used for 

translation and transliteration once it has a significant number 

of OOV and technical words. 
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