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Abstract

Data processing in waste bank management systems faces substantial challenges when extracting structured
information from unstructured textual data containing transaction records, customer information, and waste
categorization details. This study develops and validates an automated Named Entity Recognition (NER) system
based on the IndoBERT transformer architecture to process textual records from Makassar waste bank operations.
The approach fine-tunes the indolem/indobert-base-uncased model through domain-specific adaptation targeting
waste management vocabulary and operational terminology. The dataset comprises 975 textual records collected
from 8 Waste Bank Units in Makassar City. These records were systematically annotated using the BIO tagging
scheme for eight entity types: B-LOCATION, B-PERSON, B-WASTE CATEGORY, B-WASTE TYPE, I-
PERSON, [I-WASTE CATEGORY, I-WASTE TYPE, and O. The dataset was partitioned into training (682
samples, 69.9%), validation (146 samples, 15.0%), and test sets (147 samples, 15.1%) using stratified sampling
methodology with high inter-annotator agreement (k=0.91). Experimental results show outstanding performance with
94.37% test accuracy, 90.65% precision, 94.37% recall, and 92.21% F1-score, outperforming general-purpose
Indonesian NER approaches. Perfect performance was achieved for waste type recognition (B-WASTE TYPE:
100% F1-score) and location identification (B-LOCATION: 100% F1-score), while waste category classification
reached 96% F1-score. This implementation successfully automates entity extraction from Makassar waste bank
textual data, reducing manual processing time by 95% while maintaining high accuracy levels. This research makes
important contributions to Indonesian environmental natural language processing. These contributions include
transformer adaptation methodologies for resource-constrained domains, validated IndoBERT performance on
Indonesian waste bank data, the first Indonesian waste management NER dataset, and demonstrated feasibility of
NLP-based environmental policy systems.
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1. INTRODUCTION

Processing waste bank data in Indonesia presents multiple challenges: regional linguistic
diversity, varying data entry protocols across facilities, and specialized terminology associated with
waste management contexts. Conventional manual approaches prove excessively time-intensive,
generate frequent errors, and lack scalability as textual data volumes expand through the growing
network of waste banks nationwide [1]. These limitations create substantial barriers to leveraging waste
bank data for environmental monitoring, policy formulation, and operational optimization. Global
frameworks for waste management emphasize data-driven approaches to environmental
sustainability[2], while international perspectives highlight automated information extraction as
essential for evidence-based policy development[3].

Named Entity Recognition (NER) constitutes a fundamental Natural Language Processing (NLP)
technique that identifies and classifies named entities within textual content, offering promising
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solutions for automating waste bank data processing [4]. Systematic reviews of NER methodologies
have documented substantial advances in extraction accuracy across diverse application domains [5].
Recent developments in NLP applications have shown remarkable performance improvements across
various domains and languages, particularly in governmental and environmental sectors [6][7]. Natural
language processing has demonstrated substantial advances in both theoretical foundations and practical
applications across diverse sectors[8]. Advances in transformer-based machine learning approaches
have shown considerable potential for sustainable waste management applications, including
comparative policy analysis [9] and e-waste management systems that leverage transformer
architectures for operational optimization [10].

The authors have conducted preliminary studies on waste bank management in Makassar City,
including deep learning approaches for waste classification using ResNet50 [11] and decision support
systems for ranking active waste banks using TOPSIS and VIKOR methods [12]. These investigations,
together with studies on community-based program integration [13], identified automated data
processing as critical for scaling waste bank operations.

Despite these advances, critical research gaps persist in Indonesian environmental NLP. First,
existing Indonesian NER research focuses on general domains rather than specialized environmental
applications with informal terminology, inconsistent data entry, and domain-specific vocabulary.
Second, community environmental programs lack automated extraction systems for informal Indonesian
mixed with regional dialects. Third, transformer models remain underexplored in specialized domains
with limited resources and restricted annotated data, creating barriers for evidence-based environmental
policy development. This research offers several important contributions to low-resource NLP and
environmental information systems. While we focus on waste bank data processing, our approach
applies more broadly to similar resource-constrained domains. We address fundamental challenges in
natural language processing, domain adaptation, and information extraction systems.

To address these critical research gaps, we make three key contributions to Indonesian natural
language processing and environmental informatics. First, we develop the first domain-specific Named
Entity Recognition (NER) model for Indonesian waste bank data processing, specifically for Makassar,
using IndoBERT transformer architecture with systematic fine-tuning adaptation targeting waste
management terminology, operational vocabulary, and community-based documentation patterns. This
represents a substantial advance over general-purpose NER models by explicitly addressing linguistic
diversity and domain-specific requirements of environmental management applications. Second, we
create and publicly contribute a complete annotated dataset consisting of 975 textual records collected
from 8 operational Waste Bank Units across multiple waste banks in Makassar City, carefully annotated
using BIO tagging scheme with eight entity types capturing operational waste bank information
including location references, customer identification, waste categorization, and waste type
specifications. This dataset addresses the critical scarcity of domain-specific annotated corpora for
Indonesian environmental applications identified in previous research [14]. Third, we provide rigorous
empirical validation of automated entity extraction effectiveness, achieving 94.37% test accuracy and
92.21% Fl-score for Indonesian waste bank data processing, showing substantial operational
improvements with 95% reduction in manual processing time compared to conventional approaches.
Unlike previous Indonesian NER research largely focused on general domains such as news articles
[15], legal documents [16], or financial records [17], this research addresses unique and complex
challenges in processing Indonesian waste bank documentation, including handling informal community
terminology combining formal Indonesian with regional Makassar dialect, processing inconsistent data
entry practices common in community-based operations, recognizing domain-specific waste
management vocabulary absent from general Indonesian corpora, and extracting structured information
from semi-structured operational records.
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Natural language processing applications have demonstrated broad applicability across diverse
domains, with notable successes in automated essay scoring and educational text analysis using Al
language models and machine learning approaches [18] [19] [20]. Other recent studies have shown the
effectiveness of transformer-based approaches for various Indonesian language tasks. Research on
Indonesian disaster named entity recognition achieved competitive results using BiLSTM
architecture[21], while studies on automated essay scoring validated the potential of Al language models
for Indonesian text processing [18]. Deep learning-based automated essay scoring systems confirmed
the importance of language-specific pre-training for optimal performance[19], and machine learning
approaches for Indonesian automated essay scoring showed the effectiveness of transformer
architectures[20].

Recent advances in Indonesian NER research have shown substantial progress using transformer
architectures. Studies on personal financial entity extraction achieved strong performance through
IndoBERT-BiGRU-CRF models[17]. While continual learning research has shown that memory-aware
LSTM architectures effectively reduce catastrophic forgetting in sequential prediction tasks, their
application to domain-specific NER applications still requires further empirical validation [22]. Novel
fusion approaches combining multiple machine learning methods showed improved accuracy for
Indonesian text [23], and dataset enhancement techniques showed the value of multilingual transfer
learning for resource-constrained Indonesian NER tasks [15].

Transformer architectures have shown versatility across specialized domains, with research
exploring transfer learning limits [24], practical validation in construction supply chain applications
[25], and successful implementation in intelligent waste classification using deep learning [26]. Natural
language processing applications in waste management have shown substantial potential, with Al-based
systems improving waste sorting accuracy [27], NLP analysis of stakeholder feedback correlating with
emission reduction outcomes [28], and reviews highlighting NLP as critical for environmental decision
support systems [29]. Recent Indonesian NER studies using transformer architectures have shown
effectiveness across various domains including disaster management, financial entity extraction, and
legal document processing, thus laying the foundation for specialized environmental applications.

2. METHOD

This study adopts a systematic methodology to implement and evaluate Named Entity
Recognition (NER) algorithms for Indonesian waste bank textual data processing. The approach consists
of four main phases: data collection and preprocessing, model implementation and configuration,
training and optimization, followed by performance evaluation.

Our research framework targets specific challenges encountered when processing Indonesian
waste bank textual data through transformer-based NER models. The framework prioritizes domain-
specific adaptation, attentive treatment of Indonesian linguistic patterns, and multi-metric performance
evaluation to guarantee practical applicability in operational waste bank environments.

Figure 1 presents the detailed methodological framework employed in this investigation. The
research workflow proceeds through five systematic stages: (1) Data Collection from waste bank
information systems, (2) Text Preprocessing encompassing tokenization and normalization for
Indonesian language, (3)Manual Annotation conducted by domain experts applying the BIO tagging
scheme, (4) Model Development via IndoBERT fine-tuning using transformer architecture, and (5)
Evaluation and Validation employing precision, recall, and Fl-score metrics. Quality control
mechanisms are integrated at each stage to maintain data integrity and model reliability across the
development pipeline.
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Figure 1. Research Methodology for IndoBERT-based NER Development

2.1. Data Collection and Preprocessing

Textual data was collected from eight Waste Bank Units operating in Makassar City through a
systematic three-stage methodology. The participating units included BSU Pelita Raya (Rappocini
District), BSU Tamalanrea (Tamalanrea District), BSU Antang (Manggala District), BSU Panakkukang
(Panakkukang District), BSU Rappocini (Rappocini District), BSU Tallo (Tallo District), BSU Mariso
(Mariso District), and BSU Biringkanaya (Biringkanaya District). Data collection occurred from
January 2022 through December 2024, capturing operational variations and seasonal patterns across this
timeframe.

The three-stage data collection methodology took place over a three-month period. Stage 1
involved structured field observations paired with semi-structured interviews at active waste bank
facilities to document contextual language usage and domain-specific terminology variations. Stage 2
focused on analyzing official operational guidelines and training materials from waste bank systems to
establish standard terminology frameworks. All collected textual data underwent anonymization
procedures to protect member privacy, with identifying information replaced by generic placeholders
while preserving the linguistic structures and entity contexts essential for NER model training.

The data collection methodology comprised three components. First, direct database extraction
from waste bank information systems was performed with appropriate management authorization,
accessing transaction records, customer registrations, and waste categorization logs stored in MySQL
databases. Second, manual transcription of handwritten operational records followed standardized
digitization protocols to ensure consistency and accuracy, with inter-transcriber agreement verification
achieving 95% consistency. Third, quality verification involved cross-validation with physical records
and stakeholder interviews to confirm data authenticity and completeness through structured interviews
with waste bank administrators.

The collected dataset contains 975 textual records representing diverse formats and content types
commonly encountered in waste bank operations. Each record includes multiple text fields: waste type
descriptions (Jenis_Sampah), waste category classifications (Kategori Sampah), waste bank location
information (Lokasi BSU), customer names (Nama Nasabah), and temporal references
(Tanggal Setoran, Waktu Setoran). The textual content exhibits characteristics typical of Indonesian
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waste bank documentation, including formal administrative language, informal community
terminology, and waste management-specific vocabulary.

Text preprocessing procedures addressed the linguistic diversity and format inconsistencies found
in Indonesian waste bank records through a five-stage workflow. Stage 1 normalized character encoding
to UTF-8 standard to resolve legacy system inconsistencies and ensure compatibility with IndoBERT
tokenizer requirements. Stage 2 standardized abbreviations using a specialized dictionary containing
127 commonly used waste management abbreviations compiled through consultations with waste bank
practitioners (e.g., "btl" — "botol", "krts" — "kertas", "plstk" — "plastik"). Stage 3 handled mixed-
language content by identifying and standardizing Indonesian regional language content, addressing
Makassar dialect terms while maintaining semantic equivalence. Stage 4 removed format artifacts
including extracting relevant text from PDF documents, eliminating non-textual elements, and
standardizing date-time formats. Stage 5 performed tokenization using the WordPiece tokenizer
compatible with IndoBERT model requirements (vocabulary size: 30,000 tokens), with maximum
sequence length of 512 tokens and special token handling ([CLS], [SEP], [PAD], [UNK]), ensuring
optimal processing of Indonesian linguistic patterns and subword representations.

2.2. Entity Annotation and Dataset Preparation

Entity annotation followed the BIO (Beginning, Inside, Outside) tagging scheme, adapted for
waste bank domain requirements. Eight entity types were defined based on operational needs analysis
and information extraction requirements: B-LOCATION captures geographic references including
districts and administrative regions, B-PERSON identifies customer names and personal identities, B-
WASTE CATEGORY marks general waste classifications, B-WASTE TYPE designates specific
waste item descriptions, while I[-LOCATION, I-PERSON, I[-WASTE CATEGORY, and I-
WASTE_ TYPE indicate continuation tokens, and O represents non-entity tokens.

The annotated dataset employed stratified sampling to maintain balanced entity representation
across training, validation, and test subsets. The stratification approach preserved proportional
distribution across all dataset splits, with each entity type maintained within 2% of its overall dataset
proportion. The final dataset division comprised a training set (682 samples, 69.9%), validation set (146
samples, 15.0%), and test set (147 samples, 15.1%). This partitioning strategy ensures representative
coverage of all entity types and textual patterns across dataset splits, enabling reliable model training
and evaluation.

2.3. IndoBERT Model Configuration and Fine-tuning

The research employs the pre-trained IndoBERT model (indolem/indobert-base-uncased) as the
base for domain-specific adaptation. IndoBERT represents a BERT-based language model trained on
Indonesian text corpora, with 110 million parameters structured across 12 transformer encoder layers
featuring 768-dimensional hidden states and 12 attention heads per layer. Model refinement for token
classification tasks utilizes the Hugging Face Transformers library.

The selection of IndoBERT is based on its demonstrated performance across multiple Indonesian
NLP benchmarks, including IndoNLU for evaluating Indonesian language understanding capabilities
[30]. The model foundation derives from the original IndoLEM framework [31], which underwent
training on large-scale Indonesian language corpora to capture language-specific patterns. Recent
multilingual extensions such as NusaX have provided additional confirmation of the model's
effectiveness across diverse Indonesian linguistic contexts [32], thereby supporting its application to
specialized domain adaptation in waste management.

Fine-tuning hyperparameters include: a learning rate of 2x107° with linear warmup schedule over
10% of training steps, batch size of 16 samples per GPU, maximum sequence length of 512 tokens,
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dropout rate of 0.1 for regularization, and training duration of 10 epochs with early stopping patience of
3 epochs based on validation F1-score. The AdamW optimizer operates with weight decay of 0.01 to
prevent overfitting. The fine-tuning approach follows gradual learning rate adjustment techniques that
have been validated for low-resource domain adaptation scenarios [33].

(o D)
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‘ Tokenization Process ’
‘ Embedding Layer ’

IndoBERT Transformer Stack

Layer 12: Multi-head Attention + FFN

Layer 11: Multi-head Attention + FFN

Layer 2: Multi-head Attention + FFN

Layer 1: Multi-head Attention + FFMN
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Figure 2. IndoBERT-based NER Model Architecture

Figure 2 illustrates the architecture, which begins with an input tokenization layer processing
Indonesian text through the WordPiece tokenizer and incorporating special tokens ([CLS], [SEP],
[PAD], [UNK]) for sequence formatting. Tokenized input undergoes transformation through an
embedding layer that combines token, position, and segment embeddings into 768-dimensional vectors.
The core architecture comprises 12 identical Transformer encoder layers, each containing multi-head
self-attention mechanisms (12 attention heads) and feed-forward networks with 3,072 intermediate
dimensions. The pre-trained IndoBERT model (indolem/indobert-base-uncased), consisting of
109,973,768 parameters, undergoes refinement through a task-specific token classification head that
applies dropout regularization (0.1) followed by a linear transformation layer mapping the 768-
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dimensional hidden states to eight entity classes. The final output layer generates predictions following
the BIO tagging scheme, identifying eight entity types: B-LOCATION, B-PERSON, B-
WASTE CATEGORY, B-WASTE TYPE, I-PERSON, I-WASTE CATEGORY, I-WASTE TYPE,
and O (Outside). The scheme targets waste bank unit terminology and geographic references within
Makassar City.

2.4. Training Configuration and Optimization

Model training was implemented using PyTorch integrated with Transformers library version
4.54.0. This configuration provided solid infrastructure for training and evaluating transformer-based
architectures. The optimization strategy employed AdamW with a learning rate of 2e-5 and weight decay
of 0.01. A linear learning rate scheduler was configured with warmup steps comprising 10% of total
training iterations. Batch sizes were set to 16 during training and 32 during evaluation, achieving a
balance between computational efficiency, available memory, and training stability.

Training proceeded for 3 epochs with early stopping triggered by validation F1-scores, preventing
overfitting while promoting strong generalization. Early stopping patience was configured at 2 epochs—
training would halt automatically if validation F1-scores plateaued across 2 consecutive epochs. The
infrastructure consisted of a T4 GPU with 16GB memory, requiring roughly 45 minutes per epoch.
CrossEntropyLoss served as the objective function, incorporating automatic class weighting to handle
potential imbalances across entity classes. All operations ran on CUDA-enabled GPU infrastructure,
accelerating computations and supporting efficient transformer model processing.

2.5. Model Evaluation Methodology

Model evaluation employed a multi-metric assessment framework following standard NER
protocols. The annotated dataset was partitioned using stratified 10-fold cross-validation (70% training,
15% validation, 15% test to ensure representative entity type distribution. Performance metrics were
calculated at two levels. Token-level metrics measured precision, recall, and F1-score for individual
BIO tags. Entity level metrics assessed exact-match performance for complete entity spans, requiring
correct identification of both boundaries and classification. Entity-type-specific analysis examined
performance variations across PERSON, LOCATION, WASTE TYPE, and WASTE CATEGORY
entities.

Model training utilized the AdamW optimizer with a learning rate of 2e-5 and batch size of 16.
Early stopping was configured with 5-epoch patience to prevent overfitting, though the model achieved
optimal performance after 3 epochs when validation loss stabilized. Statistical significance was assessed
using McNemar's test (p < 0.05). Computational efficiency was measured through inference time and
memory consumption to evaluate practical deployment feasibility.

. . True Positives
Precision = — — @
True Positives+False Positives
True Positives

Recall = 2)

True Positives+False Negatives

Precision x Recall
F1—Score =2x—MM—— 3

Precision +Recall

Correct Predictions

Accuracy = C))

Total Predictions

These standard evaluation metrics follow established protocols for Named Entity Recognition
assessment [5] enabling direct comparison with other NER systems.
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3. RESULT

The IndoBERT-based NER model underwent experimental evaluation for Makassar waste bank
data processing, producing performance metrics across several evaluation dimensions. Results are
presented following the methodological framework: overall model performance, entity-specific
analysis, and practical implementation findings.

Training of the IndoBERT-based NER model ran for 3 epochs, achieving consistent
improvements in all performance metrics. The model exhibited effective learning and convergence
without overfitting, as evidenced by systematic decreases in training and validation loss. All
performance indicators showed steady improvement throughout training.

Table 1. Overall Performance Metrics of IndoBERT-based NER Model
Training  Validation

Epoch Loss Loss Accuracy Precision Recall F1-Score
1 2.1054 0.8421 0.7892 0.7245 0.7892 0.7553
2 1.4821 0.5831 0.8654 0.8123 0.8654 0.8378
3 1.3568 0.2029 0.9320 0.8952 0.9320 0.9085

As shown in Table 1, the training results exhibit excellent convergence with training loss decreasing by
35.6% and validation Fl-score increasing by 20.3% from epoch 1 to epoch 3, indicating effective
learning of waste management terminology in Makassar and entity recognition patterns.
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Figure 3. Training Loss and Validation F1-Score Progression Across Epochs

As illustrated in Figure 3, the graph displays two axes with training loss (left axis, blue line)
consistently decreasing from 2.1054 in epoch 1 to 1.3568 in epoch 3, while validation F1-score (right
axis, orange line) increases from 0.7553 to 0.9085. The smooth declining pattern of training loss and
consistent improvement in validation F1-score indicate effective learning without overfitting, validating
the selected hyperparameter configuration.

The fine-tuned IndoBERT model achieved outstanding performance on the test dataset
comprising 147 textual records. The model attained test accuracy of 94.37%, precision of 90.65%, recall
0f 94.37%, and F1-score of 92.21%. These results indicate strong capability in both identifying entity
boundaries (high recall) and correctly classifying detected entities (high precision). These test results
substantially surpass performance benchmarks for domain-specific NER tasks, with the F1-score of
92.21% demonstrating important improvement compared to traditional manual methods that typically
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achieve 70-80% accuracy, while validating the effectiveness of transformer-based models for
environmental data processing applications.

3.1. Entity-Type-Specific Performance Analysis

Detailed analysis of performance across individual entity types revealed varying levels of
recognition accuracy.

Table 2. Detailed Classification Report by Entity Type

Entity Type Precision  Recall  F1-Score  Support
B-LOCATION 1.00 1.00 1.00 419
B-PERSON 0.82 1.00 0.90 278
B-WASTE CATEGORY 0.92 1.00 0.96 147
B-WASTE _TYPE 1.00 1.00 1.00 106
I-PERSON 0.00 0.00 0.00 61
I-WASTE CATEGORY 1.00 1.00 1.00 19
I-WASTE _TYPE 1.00 1.00 1.00 244
o 1.00 0.68 0.81 41
Macro Average 0.84 0.84 0.83 1315
Weighted Average 0.91 0.94 0.92 1315

As presented in Table 2, the results show excellent performance for location entities (B-
LOCATION: Fl-score 100%) and waste type entities (B-WASTE TYPE and I-WASTE TYPE: F1-
score 100%), reflecting robust capability in identifying geographical references and waste-related
terminology. Waste category recognition achieves strong performance with an F1-score of 96%, while
customer name recognition (B-PERSON) reaches an Fl-score of 90% despite challenges with
Indonesian naming conventions. The zero performance for [-PERSON entities highlights a notable
challenge in handling multi-token Indonesian personal names, which reflects the complexity of
Indonesian naming conventions and inconsistent formatting practices in operational records.

This implementation successfully automates entity extraction from Makassar waste bank textual
data, achieving substantial operational improvements. Processing time for extracting entities from
typical waste bank transaction records decreased from approximately 5-7 minutes (manual processing)
to 0.2-0.3 seconds (automated processing), representing a 95% reduction in manual processing time.
The system maintains high accuracy levels when processing various text formats including transaction
logs, customer registration forms, and operational reports.

Table 3. Sample Entity Extraction Results

Input Text Precision Confidence
botol kecap botol: WASTE TYPE 0.732
"Botol Kecap Botol Kaca Makassar kaca: WASTE_CATEGORY 0.409
Zyphera" makassar: LOCATION 0.947
zyphera: PERSON 0.966
aluminium campur: WASTE TYPE 0.880
"Aluminium Campur Logam logam: WASTE_CATEGORY 0.604
Panakkukang Draziel" panakkukang: LOCATION 0.995
draziel: PERSON 0.949
kertas semen: WASTE TYPE 0.871
"Kertas Semen Kertas Rappocini kertas: WASTE_CATEGORY 0.724
Myraleth" rappocini: LOCATION 0.996
myraleth: PERSON 0.907

3310


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3302-3316
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5215

Table 3 presents inference results showing high confidence scores across all entity types. location
recognition performed particularly well, maintaining elevated confidence levels (>0.9) consistently,
with person names and waste type classifications following closely.

The model faced several notable challenges. ambiguous contextual situations posed difficulties,
especially where waste type classification required domain-specific knowledge. out-of-vocabulary
terms presented another obstacle—the model struggled with expressions not present in training data,
regional dialect variations, and emerging waste product nomenclature. when 50 out-of-vocabulary (oov)
test cases were deliberately introduced, performance declined by approximately 15-20% relative to in-
vocabulary terms.

4. DISCUSSIONS

Experimental results show that the IndoBERT-based NER model successfully addresses
challenges in processing Indonesian waste bank textual data, achieving performance that substantially
exceeds manual processing while remaining practical for real-world deployment. This section examines
our findings against existing literature, interprets observed performance patterns, and explores both
theoretical and practical implications for Natural Language Processing and environmental information
systems.

4.1. Comparison with Existing Indonesian NER Approaches

The domain-adapted IndoBERT model achieves 94.37% test accuracy with an Fl-score of
92.21%, exceeding general-purpose Indonesian NER systems across multiple performance metrics.

Table 4. Performance Comparison with Recent Indonesian NER Research

Study Domain Method Dataset Size  F1-Score  Year
Shidik et al. [21] Disaster NER BiLSTM ~1,200 texts ~ 85-88% 2024
Dave & Chowanda Financial Entities IndoBERT-BiGRU- Not specified 73% 2024
etal. [17] CRF
Yulianti etal. [16]  Legal Documents XLM-RoBERTa ~1,000 docs  92.95% 2024
This Study Waste Bank IndoBERT Fine- 975 records  92.21% 2025
tuned

Table 4 compares the proposed IndoBERT-based NER model with recent Indonesian NER studies
across different domains. The model achieves an Fl-score of 92.21%, demonstrating competitive
performance with legal document NER (92.95%) [16]while significantly outperforming disaster NER
(85-88%) [21]and financial entity extraction (73%)[17] .This validates the effectiveness of domain-
specific fine-tuning for waste bank applications despite the challenges of informal text, regional dialects,
and inconsistent data entry patterns.

The specialized IndoBERT model reaches 94.37% accuracy, surpassing general-purpose
Indonesian NER systems. Prior work on Indonesian disaster named entity recognition using BiLSTM
architecture reported F1-scores ranging from 85% to 88% [21]. The model's Fl-score of 92.21%
underscores the value of domain-specific fine-tuning and meticulous data curation for specialized
applications.

Recent Indonesian NER studies on legal documents [34]and financial entity extraction [35]
obtained F1-scores between 85% and 88%, confirming the observation that domain-specific adaptation
markedly improves performance. Dataset enhancement approaches [15] and ML fusion methods
combining transformer encoders with sequential decoding layers offer further evidence for specialized
training strategies in domain-specific NER tasks [23].
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These results align with findings from other transformer-based Indonesian NLP applications,
revealing a consistent pattern: pre-trained models like IndoBERT provide strong baseline performance
that improves through domain-specific fine-tuning. Studies on automated Indonesian essay assessment
using transformer architectures achieved comparable overall accuracy rates (91-93%)[18][19] [20],
confirming that transformer-based models are well-suited for Indonesian language processing tasks
when properly adapted.

4.2. Performance Pattern Analysis and Model Behavior

Performance varies across entity types, revealing how the model learns and the inherent
challenges of processing waste bank data. The perfect recognition of waste types (B-WASTE TYPE:
100% F1-score) stems from the relatively standardized vocabulary used for waste categorization in
Indonesian waste bank operations.

In contrast, person name recognition (B-PERSON: 89% F1-score) proved more challenging due
to diverse Indonesian naming conventions and the prevalence of compound names in waste bank
customer records. Indonesian names range from single-word forms to multi-word combinations
incorporating Arabic, Javanese, and other cultural influences.

4.3. Theoretical Implications for Indonesian NLP Research

This research contributes to the theoretical understanding of transformer-based language models
in specialized domains with limited resources. The successful fine-tuning of IndoBERT for waste bank
terminology shows that pre-trained contextual embeddings effectively capture domain-specific semantic
relationships when provided with appropriate training data.

The theoretical performance of transformer-based models for the waste bank NER task can be
attributed to the attention mechanism's ability to capture long-range dependencies in text [36]. The
bidirectional encoding architecture that processes left and right contexts simultaneously [37] proved
particularly valuable for Indonesian waste management terminology, where entity meanings often
depend on surrounding contextual cues. Recent comprehensive reviews of BERT applications in natural
language processing have confirmed that bidirectional encoding mechanisms consistently outperform
unidirectional approaches across diverse linguistic contexts and domain-specific applications. This
architectural choice aligns with findings from the IndoLEM study [31], which showed that pre-trained
Indonesian transformers outperform task-specific architectures when adequate domain adaptation is
applied.

Detailed surveys of transformer applications in natural language processing [32] confirm that pre-
trained models benefit considerably from domain adaptation, consistent with these IndoBERT fine-
tuning results.

4.4. Practical Implications for Environmental Information Systems

The automated entity extraction approach reduces processing time by 95%, providing important
practical benefits for waste bank operations and environmental management systems in Indonesia.
Manual processing of waste bank records currently relies on trained personnel who extract and
categorize information from transaction logs, customer registrations, and operational reports. This time-
intensive workflow restricts the scalability of data-driven waste management initiatives. Machine
learning integration in environmental data processing supports broader sustainability objectives. Recent
research has demonstrated how ML-based models improve resource circularity in organic waste
management through predictive analytics and process optimization [38], while ML and NLP approaches
have proven effective in characterizing complex environmental systems and supporting data-driven
sustainability initiatives [39]. These advances reinforce the role of NER systems in achieving circular
economy goals within community-based waste management frameworks.
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Prior waste bank integration studies in Makassar [30] identified data processing as a key challenge
for policy evaluation. Recent transformer-based language model advances emphasize the value of
incorporating syntactic information[31], while recent work on generative aspect-based sentiment
analysis reveals multi-task learning effectiveness for Indonesian text[31]. The ResNet50-based waste
classification approach [11] achieves accuracy levels comparable to the proposed NER system,
confirming broader applicability of deep learning for Indonesian waste management applications.

The automated extraction system enables evidence-based policy development beyond efficiency
gains by supporting systematic analysis of waste bank operational data across districts. Recent studies
examining waste bank policy implementation in Indonesian cities reveal challenges in collecting reliable
data for comparative analysis and policy evaluation [21]. The developed NER model addresses these
challenges through standardized entity extraction across diverse data sources.

4.5. Integration with Existing Waste Management Systems

The practical deployment of the NER model can be integrated with existing decision support
systems for waste bank management. Previous research developed ranking systems for active waste
banks using TOPSIS and VIKOR methods [12] [40], but relied on manually extracted operational
metrics. The automated entity extraction system provides a foundation for real-time data feeding into
such decision support frameworks.

4.6. Limitations and Future Research Directions

Despite achieving robust performance, this research has several limitations that merit recognition.
First, the dataset draws exclusively from waste banks in Makassar City, which may limit generalizability
to other Indonesian regions characterized by different linguistic patterns and operational practices.
Second, the current model targets eight core entity types; future iterations could incorporate additional
entities to support more thorough data extraction. Third, the evaluation employs static text data; future
work should assess model behavior with real-time streaming inputs.

Several directions offer promising avenues for future investigation: (1) enhancing the model with
multilingual NER capabilities to accommodate code-switching between Indonesian and regional
languages, (2) exploring active learning strategies to reduce annotation overhead, (3) investigating
model compression techniques suitable for resource-limited mobile environments, and (4) adapting the
framework for additional environmental management applications.

4.7. Broader Impact on Indonesian Environmental Informatics

This research supports the growth of environmental informatics in Indonesia by validating the
practical deployment of advanced NLP techniques within community-based environmental programs.
The successful transformer-based NER implementation for waste bank data processing provides a
methodological framework that other environmental monitoring systems can adapt, contributing to
Indonesia's sustainability targets and Smart City initiatives.

5. CONCLUSION

This research developed a domain-specific IndoBERT-based Named Entity Recognition system
for Makassar waste bank data processing, achieving 94.37% test accuracy and 92.21% F1-score on 975
annotated records spanning eight entity types with high inter-annotator agreement (x=0.91). The model
outperformed BiLSTM-based disaster NER by 4-7 percentage points and financial entity extraction by
19 percentage points, while matching multilingual transformer architectures using a simpler
monolingual approach. The study advances domain-specific transformer adaptation for resource-
constrained environments, provides replicable frameworks for Indonesian environmental NLP, and
contributes publicly-available annotated datasets addressing documented resource scarcity. Practical
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deployment achieved 95% reduction in manual processing time while maintaining production-grade
accuracy, confirming feasibility of integrating advanced NLP into community-based environmental
systems without extensive infrastructure. Future work includes framework extension to water quality,
air pollution, and biodiversity domains; multilingual capabilities for regional code-switching; active
learning approaches; model compression for mobile deployment; and longitudinal performance studies.
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