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perceived as more prestigious. This phenomenon can be clearly observed in Publication Date

the significant decline in the number of regional language speakers. The 01 December 2025
purpose of this study is to preserve the regional language through the
development of a Banjarese—Indonesian and Indonesian—Banjarese machine
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translation system. This research is expected to serve as a reference for Language Conservation,
other linguistic researchers who face limitations in using the Banjarese Machine Translation,
language. Automatic machine translation has been widely applied in various Statistical Machine Translation.

fields such as language recognition and vocabulary learning, sentence tree
analysis, question-answering systems, text summarization, sentiment
analysis, and computational linguistics. This study employs the Statistical
Machine Translation (SMT) method to translate each word in a sentence into
Banjarese and vice versa. The proposed method is evaluated using the
Statistical Calculation, METEOR (Metric for Evaluation of Translation with
Explicit Ordering) Universal Tools and human justification. The test results
using the statistical calculation show that the word translation success rate
using the Statistical Machine Translation method reaches 48%. Meanwhile,
the evaluation of the naturalness of translated sentences using the METEOR
Universal Tools with 1,000 sentence data shows that the proposed method
achieves a final_score of 80. The final evaluation was conducted using
human judgment involving 15 language experts. The results indicate that the
proposed method is able to translate sentences based on individual words
and the highest word probability available without altering words based on
synonym lists. The value of naturalness evaluation using human judgment
are 72.6%.
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1. INTRODUCTION

The development of Natural Language Processing (NLP) technology has progressed rapidly
over the past decade and has been widely applied in various fields, including sentiment
analysis, question-answering systems, machine translation, and multimodal discourse
processing . NLP has become a key
technology in bridging communication across languages through the implementation of
machine translation systems, whether based on statistical, neural, or modern transfer
learning approaches . However, these advancements
have not been evenly distributed, particularly for local languages that suffer from limited
linguistic data resources, including the Banjarese language.

Banjarese is one of the regional languages widely spoken in South Kalimantan and plays an
important role in social interaction, cultural identity, and local traditions. Nevertheless,
several studies indicate a shift in the use of Banjarese, especially among the younger
generation in urban areas . Even in traditional
community settings such as the floating market traders, the preservation of Banjarese faces
significant challenges due to the dominance of the Indonesian language
This condition highlights the urgent need for language conservation efforts through dlgltal
technology approaches , one of which is the development of
machine translation systems.

A number of studies related to Banjarese language technology have been conducted, such
as the development of a PC-PATR parser for Banjarese , the
development of a Banjarese part-of-speech tagger based on the DevOps methodology

, as well as speech recognition for a Banjarese—Indonesian

dictionary using statistical inference . In addition, the development of
machine translation applications has also been carried out using modern approaches such as
the No Language Left Behind method . However, most of these

studies remain limited in terms of the availability of parallel corpora, standardized evaluation
techniques, and optimization of translation performance for low-resource languages.
Statistical Machine Translation (SMT) is one of the classical approaches in machine
translation that utilizes probabilistic models based on parallel corpora
. SMT remains relevant, especially for regional languages with limited data resources,
as it is capable of learning statistically from pairs of source and target sentences. The success
of SMT is highly dependent on the quality and quantity of the parallel corpora used
. Several studies also emphasize the importance of
enriching corpora through semantic and multimedia approaches to further improve
translation quality
In the context of translation research, the use of corpora is a vital element in building
reliable translation systems . However, to date, the
availability of Banjarese—Indonesian parallel corpora remains very limited compared to
national and international languages. This limitation is further supported by studies on the
development of Banjarese Neural Machine Translation, which identify the scarcity of training
data as the primary challenge . Therefore, the SMT approach
remains a realistic alternative for developing Banjarese—Indonesian translation systems under
limited resource conditions.
In addition to technical aspects, the preservation of the Banjarese language also has strong
social and cultural dimensions. The Banjarese language serves not only as a means of
communication but also as a representation of the cultural values of the Banjarese
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community as reflected in literature, folklore, and social systems

. Digitalizing the language through the development of machine translation
systems is expected to support sustainable language preservation through the utilization of
information technology.

Based on the above discussion, it can be concluded that the development of a Banjarese—
Indonesian machine translation system based on Statistical Machine Translation is highly
important, both in terms of advancing NLP technology for regional languages and in
supporting the preservation of local language and culture. This study is expected to contribute
to the development of an effective statistical-based translation system and to serve as a
foundation for future advancements in artificial intelligence—based Banjarese translation

systems.
2. METHODS
Sentences
Preparing Research Preprocessing Filtering Word
Start > >
Data Data Process
. Evaluation . Translation . Statistical
Process Process Word Process

Figure 1. Proposed Methods Process

Dictionary of
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2.1. Preparing Research Data

The preparation of research data is a crucial stage in the development of the Statistical
Machine Translation (SMT) system for Banjarese—Indonesian language translation. The
quality of the translation model is highly dependent on the quality, consistency, and
representativeness of the parallel corpus used during training. In this study, the dataset was
obtained from two main sources: (1) a Banjarese—Indonesian bilingual dictionary and (2) a list
of Banjarese and Indonesian sentences crawled from online mass media.

2.2, Preprocessing Data

The first data source, the bilingual dictionary, serves as the primary lexical resource for
constructing the basic word-level translation pairs. All word entries were extracted digitally
and manually validated to ensure correctness in spelling, meaning, and part-of-speech
equivalence between Banjarese and Indonesian. Duplicate and ambiguous entries were
carefully filtered to avoid noise in the training process. This dictionary-based data forms the
foundation for the word alignment process in the SMT system.

The second data source was obtained through a web crawling process from several online
mass media platforms that publish news articles, cultural reports, and local stories using the
Banjarese language. The crawling process was conducted using automated scripts to collect
raw text data. After collection, the data underwent a cleaning process to remove HTML tags,
advertisements, symbols, duplicate sentences, and non-linguistic elements. Only sentences
that fully used the Banjarese language and had clear syntactic structure were retained.

After the raw data collection stage, all Banjarese sentences were manually and semi-
automatically translated into Indonesian to form a parallel corpus. This translation process
was validated by language experts to ensure semantic equivalence and grammatical
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correctness. The result of this step is a sentence-aligned Banjarese—Indonesian parallel corpus
that serves as the main training and testing dataset for the SMT model.

The next stage is text normalization and preprocessing. This process includes case folding,
tokenization, punctuation normalization, and standardization of spelling variations commonly
found in Banjarese. Since Banjarese has multiple informal and regional orthographic
variations, a normalization dictionary was developed to unify different word forms into a
standard representation. This step is essential to reduce data sparsity and improve the
performance of the statistical model.

Following normalization, the cleaned parallel corpus was divided into three subsets:
training data, validation data, and testing data. The training dataset is used to build the
language model and translation model. The validation dataset is used for parameter tuning
and performance optimization. Meanwhile, the testing dataset is used exclusively for
evaluating the final performance of the SMT system using automatic evaluation metrics such
as METEOR and human justification evaluation.

Finally, word alignment and phrase extraction were performed using statistical alignment
models. These processes generate bilingual phrase pairs and probability scores that represent
the likelihood of translation between Banjarese and Indonesian. These statistical parameters
become the core components of the SMT system used in this research.

Through this systematic data preparation process—starting from data acquisition,
cleaning, translation, normalization, corpus alignment, to dataset partitioning—the resulting
dataset is expected to be reliable and suitable for building a robust Banjarese—Indonesian
Statistical Machine Translation system.

2.3. Filtering Word Process

The filtering word process is a procedure used to separate and verify sentences and words
so that they purely originate from the Banjarese language, both from data sources in the form
of a list of Banjarese sentences and from a Banjarese dictionary. This process filters sentences
from the input list of Banjarese sentences. The initial data, which consist of a collection of
sentences obtained through web crawling from online mass media, still contain mixed
languages, such as Indonesian, foreign loanwords, and code-mixing. Therefore, each sentence
is scanned using lexical patterns that refer to distinctive Banjarese vocabulary. Sentences
dominated by Banjarese words that match entries in the Banjarese dictionary are retained,
while sentences that are more dominant in Indonesian or other languages are eliminated
from the dataset.

2.4. Statistical Word Process

The statistical word process aims to calculate the probability of each Banjarese word based
on the list of Banjarese sentences used as the training corpus. This process forms the core of
the Statistical Machine Translation (SMT) model, as it determines how likely a word appears
and how it is translated into the target language based on statistical evidence.

In this process, all Banjarese sentences that have passed the filtering and normalization
stages are processed to extract individual words through tokenization. Each word occurrence
is then counted to obtain its frequency within the entire corpus. These frequency values
represent how often each Banjarese word appears in the dataset and serve as the basis for
estimating word probabilities.

After calculating word frequencies, the probability of each Banjarese word is computed
using statistical formulations based on relative frequency. The probability value reflects the
likelihood of a particular word appearing in a sentence compared to other words in the
corpus. This probabilistic representation is crucial for the SMT model, as higher-probability
words are considered more reliable during the translation process.
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Furthermore, these word probabilities are integrated into the translation model to support
the word alignment process between Banjarese and Indonesian. By analyzing co-occurrence
patterns between Banjarese words and their Indonesian equivalents in the parallel corpus,
the system learns the most probable translation pairs based on statistical evidence rather
than predefined linguistic rules.

The results of the statistical word process directly influence the quality of the translation
output. Words with higher probability values are prioritized during decoding, allowing the
system to select the most likely translation based on the learned statistical patterns.
Consequently, this process plays a critical role in improving translation accuracy, reducing
ambiguity, and strengthening the overall performance of the Banjarese—Indonesian Statistical
Machine Translation system developed in this study.

2.5. Translation Process

The translation process aims to translate a total of 1,000 test sentences from Indonesian
into the Banjarese language using the developed Statistical Machine Translation (SMT) model.
This stage is conducted to evaluate the system’s ability to produce accurate, natural, and
linguistically appropriate translations in Banjarese. In the initial stage, 1,000 Indonesian test
sentences are selected from data that are not included in the training dataset derived from
the list of Banjarese sentences. This is intended to ensure that the testing process genuinely
measures the system’s generalization capability on new data that have never been
encountered during training. The test sentences consist of various sentence forms, including
declarative, interrogative, and complex sentences.

Each test sentence is then processed and matched with its corresponding Banjarese word
pairs based on the probabilistic model generated during the training phase. The system
selects word translations with the highest probability values and rearranges them according
to the most statistically plausible Banjarese phrase-order patterns. Furthermore, the system
also considers the Banjarese language model to determine the fluency and naturalness of the
word arrangement in the translation output. The language model plays an important role in
ensuring that the translation results are not only semantically accurate but also conform to
the grammatical structures commonly used by native Banjarese speakers. The translation
results, consisting of 1,000 Banjarese sentences, are then stored as output data for
subsequent evaluation.

2.6. Evaluation Process

The evaluation process is divided into two stages: evaluation using the METEOR Universal
Tool and evaluation based on Human Judgment.

2.6.1. METEOR (Metric for Evaluation of Translation with Explicit Ordering) Universal Tools

METEOR (Metric for Evaluation of Translation with Explicit ORdering) is an automatic
machine translation evaluation metric proposed by Banerjee and Lavie (2005) to achieve a
higher correlation with human judgment compared to traditional metrics such as BLEU.
METEOR evaluates translation quality not only based on exact word matches but also by
considering deeper linguistic similarities, including stemming, synonym matching, and
paraphrase matching. This comprehensive approach enables METEOR to better capture
semantic equivalence between the system output and the reference translation.
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1. Word Alignment Stage
The first stage of METEOR evaluation is word alignment between the system-
generated translation (hypothesis) and the human reference translation (reference).
The alignment process is performed hierarchically using several matching strategies:
1. Exact word matching,
2. Stem-based matching,
3. Synonym-based matching,
4. Paraphrase-based matching.
This multi-level alignment allows METEOR to recognize semantic matches even
when the surface word forms differ.
2. Precision and Recall Computation
After word alignment is completed, METEOR computes two fundamental statistical
measures: Precision (P) and Recall (R).
The Precision formula is defined as:

P= % (1)

where:
e (m)is the number of matched words,
e ( |H]| )is the total number of words in the hypothesis translation.
The Recall formula is defined as:

R= (2)

where:

e (m)is the number of matched words,

e ( |R] ) isthe total number of words in the reference translation.

Precision measures how many words produced by the system are correct, while
Recall measures how well the system captures the content of the reference
translation.

3. Harmonic Mean (F-score) Calculation

The Precision and Recall values are then combined using a weighted harmonic
mean to produce the F-score. In METEOR, Recall is given higher importance than
Precision.

The F-score formula is:
10PR

R+9P (3)
This formulation emphasizes translation completeness while still maintaining

accuracy.
4. Fragmentation Penalty Calculation
To account for differences in word order between the hypothesis and reference
translations, METEOR introduces a fragmentation penalty. This penalty is based on the
number of contiguous matched word segments (chunks).
The Penalty formula is defined as:

Fmean =

Penalty = 0.5 * % (4)
where:
e (ch)is the number of matched chunks,
e (m)is the number of matched words.
A higher number of fragmented chunks indicates greater word order inconsistency
and results in a higher penalty.
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5. Final METEOR Score Computation
The final METEOR score is obtained by integrating the F-score with the
fragmentation penalty as follows:
Score = Fmean * (1 — Penalty) (5)
The METEOR score ranges from O to 1. A score closer to 1 indicates better
translation quality and higher similarity to the human reference translation.
6. Interpretation of Results
The METEOR score provides a comprehensive evaluation of machine translation
quality by simultaneously considering lexical accuracy, semantic equivalence, and
sentence structure. Due to its strong correlation with human judgment, METEOR is
highly suitable for evaluating the performance of Statistical Machine Translation
systems, particularly for low-resource languages such as Banjarese—Indonesian
translation.

Through the stages of word alignment, Precision and Recall computation, harmonic mean
calculation, fragmentation penalty estimation, and final score computation, METEOR
provides an objective and linguistically informed framework for translation evaluation.
2.6.2. Human Judgment

In addition to automatic evaluation using the METEOR Universal Tool, the performance of
the proposed Banjarese—Indonesian Statistical Machine Translation (SMT) system is also
evaluated through a Human Judgment assessment. This evaluation aims to measure the
translation quality based on direct human perceptions of accuracy, fluency, and naturalness,
which cannot be fully captured by automatic metrics alone.

The human evaluation process involves 15 language experts and native speakers of
Banjarese. These evaluators are asked to assess the translation results of 1,000 testing
sentences generated by the SMT system. Each translated sentence is compared with its
corresponding reference translation, and the evaluators provide scores based on several
criteria, including semantic accuracy (meaning equivalence), grammatical correctness, and
naturalness of expression in the Banjarese language.

To ensure objectivity, the evaluators do not have access to the translation method used by
the system during the assessment process. Each sentence is rated using a predetermined
scoring scale, and the final score is obtained by calculating the average of all evaluators’
ratings. This approach minimizes individual bias and ensures a more reliable assessment of
translation quality.

The results of the human judgment evaluation are then compared with the METEOR
automatic evaluation scores. This combined evaluation strategy provides a comprehensive
performance analysis by integrating both quantitative and qualitative perspectives. The
consistency between METEOR scores and human judgment results also strengthens the
validity of the evaluation process.

Through this human-based evaluation, the proposed SMT system’s ability to produce
accurate, fluent, and culturally appropriate Banjarese translations can be thoroughly verified.
The results serve as strong evidence of the system’s effectiveness and practical usability in
real-world Banjarese—Indonesian translation applications.
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3. RESULTS AND DISCUSSION

This section discusses and analyzes the results of Meteor and human judgment.
3.1. Meteor Results

This study used samples of 10, 50, 100, 500, and 1000 sentences from the list of news
sentences crawled from @hariankompas on X Digital Platform (Team, 2020-2025), translated
sentences using the statistical machine translation method from the si palui corpus (Team,
2020-2025). The testing results are divided into two, namely the Percentage Results of
Translated Sentences and Translation Metric Evaluation Results.
3.1.1. The Percentage Results of Translated Sentences

The percentage of translated sentences was analyzed to determine the maximum
effectiveness of the proposed method for translating sentences from Indonesian to Banjar.
This evaluation involved 10, 50, 100, 500, and 1,000 sentences taken from the original list of
news sentences. The sentences were translated using the statistical machine translation
method. The evaluation results using statistical calculation showed in the Figure 2 below.

Percentage Results of Translated Sentences

60%
52%

49%
° 48% 46%
43%
40%
20%
0%
10 Sentences 50 Sentences 100 Sentences 500 Sentences 1000 Sentences

W Statistical Machine Translation Method

Figure 2. The Percentage Results of Translated Results

Figure 2 above shows the evaluation results of the percentage of translated sentences
randomly taken from a list of news sentences. These sentences were then translated using
statistical machine translation. The evaluation results show that the percentage of statistical
machine translation using the statistical calculation method showed in the figure 2 above. The
highest sentence translation percentage was 52% for the 100 testing sentences, while the
lowest sentence translation percentage was found for the first 10 testing sentences. This
condition is because the translator's dictionary did not find an equivalent word for the new
trending word. The average words can be translated using statistical translation method are
48%.
3.1.2. The Naturalness Evaluation Results Using Meteor

The naturalness evaluation results of the statistical machine translation method showed
better. The Meteor universal tools results showed the value of final_score are 85. This
condition occurs because the statistical machine translation method translated each word
from the Indonesian words to banjarese word with considering the highest value of
probabilities words. The statistical machine translation method is only able to translate
sentences based on the words and the highest probability of the available words without
changing words based on the list of synonyms.
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3.2. The Naturalness Evaluation Results Using Human Judgment

Figure 3 below shows the results of the naturalness evaluation using human judment. The
human judgment results indicate that the translation result using the statistical machine
translation method achieved the highest score of 87% for translated sentence ID 8 and the
lowest score for translated sentence ID 9, at 59%. This naturalness occurs because there are
homographs in the translation, so the translation is out of context. Finally, the average
naturalness evaluation for translated sentences was 72.6% per sentence. This occurs because
there are loanwords that cannot be translated into Banjarese.

The Naturalness Evaluation Results Using Human Judgment

87%
e 78% 81% 77%
70,20% En) 73% 0 9

6IO%IIi%IIII 59%III'%II

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Figure 3. The Evaluation Results using Human Judgment

4. CONCLUSION

Based on the evaluation results using human judgment and the METEOR Universal Tools,
the sentence translation method using statistical machine translation produces good quality
translations. In several translation cases, the level of naturalness of the translated sentences
generated by the statistical machine translation method demonstrates near-perfect results.
This is indicated by the fact that 48% of Indonesian sentences can be successfully translated
into the Banjar language. In addition, the measurement results using the METEOR Universal
Tools on 1,000 testing sentences show that the final score obtained is 80. Finally the results
of naturalness evaluation score using human judgment are 72.6%. This result occurs because
the statistical machine translation method measures and prioritizes the highest word
probability values. However, experts have assessed that this statistical machine translation
method does not yet adequately consider sentence context in the translation process.
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