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Abstract 

Purpose: This study develops a machine learning-based classification model to predict Air Pollution 

Standard Index (ISPU/AQI) categories in DKI Jakarta using the Support Vector Machine (SVM) algorithm. 

It addresses the challenge of accurate multi-class air quality classification under highly variable urban 

pollution conditions and imbalanced class distributions. 

Research Methodology: A quantitative approach was employed using 1,825 daily observations from the 

Satu Data Jakarta portal collected between February and November 2023. Six pollutant variables (PM2.5, 

PM10, CO, SO₂, NO₂, and O₃) were used as predictors. Data preprocessing included missing value 

imputation, duplicate removal, label encoding, and Min-Max normalization. An SVM model with a Radial 

Basis Function (RBF) kernel was implemented in Python (Scikit-learn) on Google Colaboratory. 

Hyperparameters were optimized using GridSearchCV with StratifiedKFold cross-validation. Model 

performance was evaluated using accuracy, precision, recall, F1-score, and confusion matrix analysis. 

Results: The optimized SVM-RBF model achieved 96.1% classification accuracy on the test set. Macro-

average F1-scores reached 86% for the Good category, 98% for Moderate, and 93% for Unhealthy. 

Performance for Very Unhealthy and Hazardous categories was lower due to class imbalance and limited 

observations. 

Conclusions: The proposed model provides accurate and reliable AQI classification for urban tropical 

environments and offers a practical foundation for automated real-time air quality monitoring systems. 

Limitations: The study is limited to DKI Jakarta and a ten-month observation period, while minority 

classes remain underrepresented. 

Contributions: This study presents a validated SVM-based AQI classification framework that can support 
scalable, data-driven air quality monitoring and environmental decision-making in Indonesian metropolitan 
areas. 

Keywords: Air Quality Classification, DKI Jakarta, GridSearchCV, Machine Learning, Support Vector 

Machine 
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1. Introduction 

Air quality has emerged as one of the foremost environmental and public health challenges of the 

twenty-first century, particularly in rapidly urbanizing regions where industrialization, transportation, 

and population growth have substantially increased atmospheric pollutant emissions. Poor air quality 

is associated with a wide range of adverse health outcomes, including respiratory and cardiovascular 

diseases, reduced life expectancy, and increased premature mortality. The World Health 

Organization estimates that ambient air pollution contributes to approximately seven million 

premature deaths annually, with the burden disproportionately borne by populations in low- and 
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middle-income countries concentrated in densely urbanized areas  (World, 2018). In Southeast Asia, 

rapid industrialization, explosive motorization, and unregulated urban expansion have compounded 

existing pollution challenges, rendering several regional megacities among the most polluted in the 

world  (IQAir, 2023). 

DKI Jakarta, Indonesia capital and primary economic center, epitomizes these challenges. With a 

population exceeding eleven million within the city boundary and a metropolitan population 

surpassing thirty million, Jakarta generates substantial pollutant emissions from road transportation, 

industrial facilities, energy generation, and biomass burning. These emission sources, combined with 

rapid urban expansion, dense traffic congestion, and changing meteorological conditions, contribute to 

considerable spatial and temporal variations in ambient air quality. Episodes of elevated pollutant 

concentrations occur frequently, particularly during periods of limited atmospheric dispersion, 

increasing the risk of exposure for millions of residents. IQAir 2023 World Air Quality Report 

consistently ranked Jakarta among the five most polluted capital cities globally, with annual mean PM 

2.5 concentrations exceeding WHO guideline levels of 5 µg/m³ by more than tenfold. The resultant 

health burden includes elevated incidence of acute respiratory infections, chronic obstructive 

pulmonary disease, cardiovascular disease, and neurodevelopmental effects in children  (World, 2018). 

Effective management of urban air pollution requires timely, accurate, and granular information on air 

quality status. Indonesia regulatory framework employs the Indeks Standar Pencemar Udara (ISPU) 

 a national Air Quality Index (AQI) system administered by the Ministry of Environment and Forestry  

(Kementerian, 2020) to categorize pollution levels across five tiers: Good, Moderate, Unhealthy, Very 

Unhealthy, and Hazardous. These categories provide a standardized interpretation of ambient air 

quality by translating pollutant concentrations into health-related risk levels that are easily understood 

by policymakers and the general public. The ISPU serves not only as a communication tool for 

issuing health advisories but also as an important reference for environmental monitoring, regulatory 

compliance, and pollution mitigation planning. As air quality conditions may change rapidly due to 

fluctuations in emissions and meteorological factors, the ability to classify AQI categories accurately 

and efficiently is essential for supporting early warning systems and evidence-based environmental 

decision-making. However, conventional monitoring infrastructure relies on fixed regulatory stations 

with limited spatial coverage and retrospective reporting, creating temporal gaps that constrain 

proactive public health communication and policy response  (Chawla, Bowyer, Hall, & Kegelmeyer, 

2002). 

The advent of machine learning (ML) methodologies in environmental science has opened compelling 

avenues for addressing these limitations  (Du, Bai, Tan, Xue, Samat, Xia, & Liu, 2020). Unlike 

physics-based atmospheric dispersion models, which demand substantial computational resources and 

site-specific parameterization, ML algorithms can learn complex non-linear relationships between 

pollutant inputs and AQI outcomes directly from empirical data  (Zhang, Bocquet, Mallet, Seigneur, & 

Baklanov, 2012). This capability enables the development of predictive models that are 

computationally efficient, highly scalable, and adaptable to diverse environmental conditions without 

requiring explicit knowledge of atmospheric processes. As the availability of high-frequency air 

quality monitoring data continues to increase, machine learning approaches have become increasingly 

attractive for supporting automated environmental monitoring, early warning systems, and data-driven 

decision-making. Their ability to process large datasets and identify hidden patterns has made ML a 

valuable tool for improving the accuracy and responsiveness of urban air quality assessment, 

particularly in metropolitan areas characterized by rapidly changing pollution dynamics. Among the 

repertoire of supervised learning algorithms, Support Vector Machine (SVM) has demonstrated 

consistent superiority in classification tasks involving high-dimensional, non-linearly separable, and 

relatively limited datasets conditions commonly encountered in environmental monitoring contexts 

(Chaloulakou, Grivas, & Spyrellis, 2003). The algorithm constructs an optimal decision boundary by 

maximizing the margin between different classes, thereby improving generalization performance on 

previously unseen data. Through the use of kernel functions, particularly the Radial 
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Basis Function (RBF) kernel, SVM can effectively capture complex non-linear relationships among 

multiple environmental variables without requiring explicit feature transformation. These 

characteristics make SVM well suited for air quality classification, where pollutant concentrations 

exhibit intricate interactions influenced by emission sources, meteorological conditions, and temporal 

variability. Furthermore, SVM is relatively robust to high-dimensional feature spaces and has been 

shown to achieve competitive predictive performance while maintaining computational efficiency, 

making it an attractive approach for developing reliable and scalable air quality monitoring systems 

(Zhu, Wang, Yang, Zhang, Zhang, Ren, Wu, & Ye, 2022; Adawiyah, & Iskandar, 2022). 

Despite a growing body of literature applying ML to air quality prediction globally, several research 

gaps persist in the Indonesian context. First, most existing domestic studies employ single algorithms 

without rigorous hyperparameter optimization, limiting the reliability of reported accuracy metrics 

(Saputra, & Firmansyah, 2025; Rybarczyk, & Zalakeviciute, 2018). Second, few studies apply 

systematic preprocessing pipelines including label encoding, feature scaling, and stratified cross-

validation within a unified analytical framework, making it difficult to isolate the contribution of 

individual methodological components to model performance. Third, the class imbalance problem 

inherent to AQI data where extreme pollution categories are structurally rare has received insufficient 

attention in the Indonesian literature, despite its practical significance for emergency response 

planning. 

This study addresses these gaps through the development and evaluation of an optimized SVM 

classification model for ISPU prediction in DKI Jakarta, grounded in a comprehensive, reproducible 

methodology. Specifically, this research: (1) constructs a preprocessing pipeline integrating missing 

value handling, label encoding, Min-Max normalization, and stratified train-test splitting; (2) 

optimizes SVM kernel parameters (C and γ) using GridSearchCV with StratifiedKFold cross-

validation; (3) evaluates model performance using multi-class precision, recall, F1-score, and 

confusion matrix metrics; and (4) critically discusses the implications of class imbalance for model 

reliability in operational deployment. 

The primary novelty of this research lies in its systematic, end-to-end methodological transparency—

from raw data acquisition through preprocessing, model training, hyperparameter tuning, and multi-

metric evaluation—applied to Jakarta urban air quality context. This reproducibility-oriented approach 

addresses a recognized weakness in the regional ML-for-environment literature and provides a 

validated methodological template for researchers and practitioners across Indonesian cities. The 

remainder of the paper is organized as follows: Section 2 reviews the theoretical and empirical 

literature; Section 3 details the research methodology; Section 4 presents and discusses the results; 

and Section 5 concludes with limitations and future research directions. 

 

2. Literature Review and Hypothesis/es Development 

 
2.1 Air Pollution and Air Quality Index 

Air pollution is one of the most significant environmental challenges affecting human health and 

sustainable urban development. It results from the emission of harmful substances originating from 

transportation, industrial activities, energy production, biomass burning, and natural processes 

 (Karimi, Arif, & Noori, 2025). These pollutants are generally classified into primary pollutants, which 

are emitted directly into the atmosphere, and secondary pollutants, which are formed through 

chemical reactions involving primary emissions and atmospheric constituents  (Yasin, Yasin, Iguala, 

Gelete, Tulu, & Kebede, 2025). In Indonesia, ambient air quality is evaluated using the Air Pollution 

Standard Index (ISPU), which is conceptually equivalent to the Air Quality Index (AQI) adopted in 

many countries. The ISPU integrates concentrations of major pollutants, including PM2.5, PM10, CO, 

SO₂, NO₂, and O₃, into a standardized index that represents potential health risks (Ramadhan, 

Hermawan, & Hudjimartsu, 2025; Pratama, Gudiato, Maulana, & Prayitno, 2025). Higher index 

https://doi.org/10.52909/jti.v6i1.324
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values indicate poorer air quality and greater health concerns, particularly for vulnerable populations 

such as children, older adults, and individuals with respiratory or cardiovascular diseases. By 

transforming complex environmental measurements into easily interpretable categories, the AQI 

provides an effective basis for public health communication, environmental policy implementation, 

and operational decision-making in air quality management. Consequently, accurate AQI 

classification has become an essential component of intelligent environmental monitoring systems 

(Talreja, Hegde, Kumar, & Chavali, 2025; McCarron, Semple, Braban, Swanson, Gillespie, & Price, 

2023). 

The increasing availability of environmental monitoring networks has enabled continuous collection 

of air quality data at high temporal resolution, creating opportunities for advanced data-driven 

analysis  (Mahajan, Chung, Martinez, Olaya, Helbing, & Chen, 2022). However, the dynamic nature of 

atmospheric processes, influenced by meteorological conditions, emission sources, and seasonal 

variability, makes air quality assessment a complex task. Rather than relying solely on pollutant 

concentration thresholds, modern air quality management increasingly emphasizes predictive 

analytics to anticipate changes in pollution levels before they reach hazardous conditions. 

Consequently, AQI classification has evolved beyond a descriptive indicator into an important 

decision-support tool for environmental authorities, facilitating early warning systems, pollution 

mitigation strategies, and evidence-based urban planning  (Khan, Amin, Khan, Jabeen, & Chaudhry, 

2024); . 

2.2 Urban Air Pollution and the AQI Framework 

Urban air pollution arises from the interaction of primary emissions directly released from combustion 

sources and secondary pollutants formed through atmospheric chemical reactions (Zhang, 

Bocquet, Mallet, Seigneur, & Baklanov, 2012). The six key pollutants monitored by Indonesia ISPU 

system, PM2.5, PM10, CO, SO₂, NO₂, and O₃ represent a cross-section of combustion by-products 

and photochemical oxidants, each carrying distinct health implications. PM2.5 and PM10 are 

particularly critical given their deep respiratory penetration and associations with cardiovascular and 

pulmonary mortality  (World, 2018). AQI frameworks such as ISPU aggregate multi-pollutant data 

into a single communicable index, enabling public health advisories calibrated to pollution severity 

 (Kementerian, 2020). 

AQI classification also plays a role in supporting evidence-based environmental management by 

providing a standardized representation of ambient air quality conditions. Accurate classification will 

help government agencies issue timely health warnings, implement pollution mitigation strategies, 

and ensure the effectiveness of environmental policies  (Mahajan, Chung, Martinez, Olaya, Helbing, & 

Chen, 2022). Jakarta, a densely populated metropolitan area, experiences significant fluctuations in 

pollutant concentrations due to traffic emissions, industrial activity, and meteorological conditions. 

Reliable AQI prediction is crucial for reducing public exposure to hazardous air pollution. Therefore, 

applying machine learning techniques to classify AQI categories offers a practical approach to 

improving environmental monitoring systems by identifying complex and non-linear relationships 

among various pollutant variables and facilitating real-time automated decision-making support 

 (Essamlali, Nhaila, & El, 2024). 

Recent advances in environmental sensing technologies and open-data initiatives have significantly 

increased the availability of high-resolution air quality observations, creating new opportunities for 

data-driven environmental analysis. However, the large volume, high dimensionality, and dynamic 

nature of air quality data present considerable challenges for conventional analytical methods, 

particularly in accurately distinguishing between multiple AQI categories under rapidly changing 

urban conditions  (Al-Thani & Isaifan, 2024). Machine learning-based classification methods provide 

an effective alternative by automatically extracting complex patterns from historical pollutant 

measurements without relying on explicit atmospheric assumptions. As a result, these approaches can 

improve the accuracy, consistency, and efficiency of AQI classification while supporting the 
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development of intelligent air quality monitoring systems capable of delivering timely information for 

public health protection and sustainable urban environmental management (Wan, Shackley, Doherty, 

Shi, Zhang, & Golding, 2020). 

2.3 Machine Learning for Air Quality Classification 

The application of ML to air quality prediction has evolved substantially since early comparative 

studies pitting regression models against neural networks for PM10 forecasting  (Chaloulakou, Grivas, 

& Spy rellis, 2003). Subsequent advances have explored ensemble methods, deep learning 

architectures, and hybrid approaches integrating atmospheric physics with data-driven components 

 (Zhu, Wang, Yang, Zhang, Zhang, Ren, Wu, & Ye, 2022). A comprehensive review by Zhang  et al. 

 (2012) documented the rapid evolution of real-time air quality forecasting frameworks, emphasising 

the role of data quality, feature selection, and model validation protocols in determining predictive 

reliability. 

Within the classification paradigm, SVM has received sustained attention for air quality applications. 

Its theoretical foundation in statistical learning theory, particularly the structural risk minimisation 

principle confers robustness advantages over empirical risk minimisation algorithms, especially under 

limited training data conditions  (Hastie, Tibshirani, & Friedman, 2009). The kernel trick, which 

implicitly maps inputs into high-dimensional feature spaces, enables SVM to construct non-linear 

decision boundaries without explicit feature engineering a critical capability given the complex 

multivariate interactions among atmospheric pollutants  (Kumar, Gulia, Harrison, & Khare, 2017); 

 (Jayadi, Handhayani, & Lauro, 2023);  (Zou, Chen, Zhai, Fang, & Zheng, 2017). 

2.4 SVM Applications in Environmental and Air Quality Research 

Internationally, SVM has been applied to diverse air quality tasks including NO₂ concentration 

forecasting, PM2.5 prediction, and multi-class AQI classification  (Zhu, Wang, Yang, Zhang, Zhang, 

Ren, Wu, & Ye, 2022). Relative to competing algorithms such as Random Forest and Gradient 

Boosting, SVM demonstrates competitive accuracy with superior interpretability in binary and multi-

class classification tasks on structured environmental datasets (Li, Peng, Yao, Cui, Hu, You, & Chi, 

2017; Wen, Liu, Yao, Peng, Li, Hu, & Chi, 2019). 

In the Indonesian context,  (Yu, Li, Xie, & Wang, 2024) conducted a direct comparison of SVM and 

Naïve Bayes classifiers for air quality categorisation, demonstrating SVM superiority with an 

accuracy of 89.3% versus 76.4% for Naïve Bayes.  (Saputra & Firmansyah, 2025) applied SVM 

alongside Decision Tree classifiers for urban air quality prediction, reporting that SVM performance 

was highly sensitive to kernel selection and regularisation parameter C, underscoring the importance 

of systematic hyperparameter optimisation.  (Susatyono & Fitrianto, 2021) demonstrated that ML 

approaches, including SVM, outperformed statistical time-series models for categorical AQI 

prediction.  (Fazle, Prodhan, & Islam, 2023) applied SVM for air quality data classification, 

emphasising the importance of multi-metric evaluation beyond accuracy alone. 

2.5 Hyperparameter Optimization 

The predictive performance of Support Vector Machine (SVM) models is highly dependent on the 

selection of appropriate hyperparameters. Unlike model parameters learned automatically during 

training, hyperparameters are specified before model fitting and directly influence the complexity and 

generalization capability of the classifier. For SVM with a Radial Basis Function (RBF) kernel, the 

penalty parameter (C) controls the trade-off between maximizing the decision margin and minimizing 

classification errors, whereas the gamma (γ) parameter determines the influence of individual training 

samples on the decision boundary. Improper hyperparameter selection may result in either underfitting 

or overfitting, leading to reduced predictive accuracy  (Pannakkong, Thiwa-Anont, Singthong, 

Parthanadee, & Buddhakulsomsiri, 2022). Therefore, systematic optimization techniques such as 

GridSearchCV are widely employed to evaluate multiple hyperparameter combinations using 

https://doi.org/10.52909/jti.v6i1.324
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cross-validation. When combined with Stratified K-Fold cross-validation, GridSearchCV preserves 

class distributions across validation folds while providing a robust estimate of model performance. 

This optimization process improves model stability, enhances generalization ability, and facilitates the 

identification of the most suitable hyperparameter configuration for multi-class air quality 

classification  (Hassan, Majeed, & Ahmad, 2025). 

Recent advances in machine learning have demonstrated that hyperparameter optimization not only 

improves predictive accuracy but also enhances model robustness and reproducibility. An optimized 

hyperparameter configuration enables the classifier to construct decision boundaries that effectively 

capture complex patterns while minimizing the risk of poor generalization to unseen data  (Hassan et 

al., 2025). In multi-class environmental classification problems, systematic optimization is 

particularly important because different pollutant categories often exhibit overlapping characteristics 

and unequal class distributions. Therefore, integrating hyperparameter tuning into the model 

development process has become a standard practice for producing reliable and unbiased 

classification models suitable for real-world environmental monitoring applications  (Açıkkar & 

Altunkol, 2023). 

2.6 Data Preprocessing for Air Quality Classification 

Data preprocessing is a fundamental stage in machine learning because the quality of input data 

strongly influences model performance. Air quality datasets frequently contain missing values, 

duplicate observations, inconsistent categorical labels, and features measured on different numerical 

scales. These issues can reduce classification accuracy if not properly addressed before model training 

 (Miah & Islam, 2024). Typical preprocessing procedures include missing value imputation to maintain 

dataset completeness, duplicate removal to eliminate redundant information, and label encoding to 

convert categorical target variables into numerical representations suitable for machine learning 

algorithms  (Gressent, Malherbe, Colette, Rollin, & Scimia, 2020). Feature scaling is particularly 

important for Support Vector Machine because the algorithm relies on distance-based optimization. 

Min-Max normalization is commonly applied to transform predictor variables into a uniform range 

between 0 and 1 while preserving their relative distributions. This scaling prevents variables with 

larger numerical ranges from dominating the optimization process and contributes to faster 

convergence and improved classification performance. Comprehensive preprocessing therefore 

provides a consistent and reliable input representation that supports robust and accurate air quality 

classification  (Maharana, Mondal, & Nemade, 2022). 

Beyond improving data quality, preprocessing contributes to the computational efficiency and stability 

of machine learning algorithms. Standardized and well-prepared datasets reduce numerical instability 

during model optimization and enable the classifier to learn meaningful relationships among predictor 

variables  (Hayward, Martin, Ferracci, Kazemimanesh, & Kumar, 2024). In air quality applications, 

preprocessing also helps mitigate the effects of measurement inconsistencies arising from sensor 

calibration, monitoring frequency, and environmental variability. As a result, a comprehensive 

preprocessing pipeline not only increases classification accuracy but also improves the reliability, 

scalability, and reproducibility of machine learning models developed for automated air quality 

assessment and real-time environmental decision support  (Miah & Islam, 2024). 

2.7 Identified Research Gaps 

A synthesis of the literature reveals three principal gaps motivating the present study. First, existing 

Indonesian SVM-based air quality studies predominantly report accuracy as a solitary evaluation 

metric, obscuring differential model performance across AQI categories—a critical omission given the 

class-imbalanced nature of AQI datasets  (Ketu & Mishra, 2021). Second, preprocessing pipelines are 

frequently underspecified in published studies, preventing reproducibility assessment and 

methodological comparison across studies. Third, the specific context of Jakarta ISPU dataset from 

the Satu Data Jakarta portal remains underexplored with rigorous ML methodology, despite its public 
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availability and policy relevance. The present study addresses each of these gaps directly (Teguh, 

Oktaviyani, & Mempun, 2018; Putri, Handayani, & Rose, 2020). 

2.8 Theoretical Framework 

The theoretical framework of this research integrates two complementary perspectives. From the 

computational intelligence perspective, SVM is grounded in Vapnik-Chervonenkis (VC) theory, which 

formalises the relationship between model complexity, training error, and generalisation performance 

 (Hastie, Tibshirani, & Friedman, 2009). The bias-variance trade-off operationalised through 

regularisation parameter C and kernel bandwidth γ is central to this framework. From the 

environmental informatics perspective, the study conceptualises air quality classification as a 

supervised pattern recognition problem in which atmospheric state vectors (pollutant concentrations) 

are mapped to regulatory risk categories, enabling automated decision support for environmental 

management agencies  (Zhang, Bocquet, Mallet, Seigneur, & Baklanov, 2012). 

2.9 Performance Evaluation 

Performance evaluation is a critical stage in machine learning to assess the effectiveness and 

reliability of a classification model. It provides quantitative measures of how accurately the model 

predicts target classes and identifies potential weaknesses in classification performance. In multi-class 

classification problems, relying solely on overall accuracy may produce misleading conclusions, 

particularly when the dataset contains imbalanced class distributions. Therefore, multiple evaluation 

metrics are commonly employed to provide a more comprehensive assessment of model performance 

 (Zhu, Gutierrez, Zhu, Ju, & Sarna, 2021). These metrics include accuracy, precision, recall, and F1-

score, each offering different perspectives on the classifier's predictive capability. Accuracy measures 

the proportion of correctly classified instances, while precision evaluates the proportion of positive 

predictions that are correct. Recall reflects the model's ability to identify all instances belonging to a 

specific class, and the F1-score combines precision and recall into a single metric that balances both 

measures. Together, these indicators provide a robust evaluation framework for multi-class 

classification tasks  (Maleki, Ovens, Gupta, Reinhold, Spatz, & Forghani, 2022). 

In addition to numerical performance metrics, the confusion matrix is widely used to visualize 

classification outcomes by comparing predicted labels with actual class labels. This matrix provides 

detailed information regarding correctly classified observations and misclassification patterns for each 

category, enabling researchers to identify classes that are difficult to distinguish  (Maleki et al., 2022). 

For imbalanced datasets, macro-averaged precision, recall, and F1-score are often preferred because 

they assign equal importance to every class regardless of sample size, thereby providing a more 

objective assessment of overall classification performance. A comprehensive evaluation using both 

statistical metrics and confusion matrix analysis ensures that the developed model is not only highly 

accurate but also reliable, robust, and capable of generalizing to unseen air quality data  (Janiesch, 

Zschech, & Heinrich, 2021). 

 

3. Research Methodology 

 
3.1 Research Design 

This study adopted a quantitative, design-and-evaluate research methodology, structured around the 

development and validation of a supervised machine learning classification model. The methodology 

followed a sequential pipeline: data acquisition → preprocessing → feature engineering → model 

development → hyperparameter optimization → evaluation and interpretation. 

3.2 Data Source and Description 

Secondary data were obtained from the Satu Data Jakarta open government data portal 

(satudata.jakarta.go.id), specifically the ISPU dataset for DKI Jakarta Province. The dataset 
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encompasses daily observations from five monitoring stations across the city, covering the period 

from February 2023 to November 2023. After merging and deduplication, the final dataset comprised 

1,825 records. Each record contains measurements of six pollutant parameters (PM2.5, PM10, CO, 

SO₂, NO₂, O₃) alongside an ISPU categorical label assigned according to KLHK's (2020) 

classification thresholds. All data processing and modelling was conducted on the Google 

Colaboratory cloud platform using Python 3 with the Pandas, NumPy, Scikit-learn, Matplotlib, and 

Seaborn libraries. 

3.3 Data Preprocessing 

The preprocessing pipeline comprised four sequential steps. First, missing value handling involved 

identification and removal of records with null values across any feature column, as the proportion of 

missing data was sufficiently low (<2%) to justify listwise deletion without introducing significant 

bias. Second, duplicate detection was performed to eliminate any repeated observations arising from 

data export artefacts. Third, label encoding converted the categorical ISPU target variable into integer 

representations: Good = 0, Moderate = 2, Unhealthy = 3, Very Unhealthy = 4, Hazardous = 5. Fourth, 

Min-Max normalisation was applied to all six continuous predictor features to rescale values to the [0, 

1] interval using the formula: 

 

X′ = 
X − Xmin 

Xmax − Xmin 
(1) 

 

Formula  (1) shows the Min-Max normalization formula used in the preprocessing stage. It rescales 

each predictor variable to the range of 0–1 while maintaining the relative relationships among 

observations. 

This normalisation step is essential to prevent features with larger absolute ranges (e.g., CO measured 

in μg/m³) from disproportionately influencing the SVM kernel distance calculations. The dataset was 

subsequently partitioned into training (80%, n = 1,460) and test (20%, n = 365) subsets using stratified 

random sampling to preserve the proportional class distribution across both splits. 

3.4 Model Development: Support Vector Machine 

The SVM classifier was implemented using Scikit-learn SVC class. The Radial Basis Function (RBF) 

kernel was selected based on its theoretical suitability for non-linearly separable multi-class 

classification problems, consistent with prior applications in environmental data contexts (Villegas-

Camacho, Francisco-Valencia, Alejo-Eleuterio, Granda-Gutiérrez, Martínez-Gallegos, & Villanueva-

Vásquez, 2025; Tufail, Riggs, Tariq, & Sarwat, 2023). The multi-class extension employed the one-

versus-one (OvO) strategy, which constructs k(k−1)/2 binary classifiers for k classes and determines 

the final class assignment by majority voting. 

3.5 Hyperparameter Optimisation 

Systematic hyperparameter optimization was conducted using Scikit-learn GridSearchCV procedure. 

The parameter search space included regularization parameter C ∈ {0.1, 1, 10, 100} and kernel 

coefficient γ ∈ {0.001, 0.01, 0.1, 1}. The search evaluated 16 parameter combinations, each assessed 

using 5-fold stratified cross-validation on the training set to ensure proportional class representation 

within each fold. The combination yielding the highest mean cross-validation accuracy was selected 

as the final model configuration. The random state was fixed at 42 to ensure reproducibility of the 

train-test split and fold assignments. 

3.6 Model Evaluation 

Model performance was evaluated on the held-out test set (n = 365) using the following metrics: 
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1. Overall Accuracy: Proportion of correctly classified instances across all classes. 

2. Per-class Precision: Positive predictive value for each ISPU category. 

3. Per-class Recall (Sensitivity): True positive rate for each ISPU category. 

4. Per-class F1-Score: Harmonic mean of precision and recall, providing a balanced performance 

indicator. 

5. Macro-average and Weighted-average Metrics: Providing unweighted and class-frequency-

weighted aggregations, respectively. 

6. Confusion Matrix: Visualizing the full distribution of predicted versus actual class assignments. 

The distinction between macro-average and weighted-average metrics is particularly informative 

in the presence of class imbalance: macro-average treats all classes equally, while weighted-

average accounts for class frequency, potentially masking poor minority class performance  

(Hastie, Tibshirani, & Friedman, 2009). 

4. Results and Discussions 

 
4.1 Dataset Characteristics and Class Distribution 

The 1,825-record ISPU dataset exhibits a notably imbalanced class distribution. The Moderate 

category accounts for the substantial majority of observations (approximately 74.3% of the total 

dataset), reflecting Jakarta chronic moderate pollution baseline. The Good category constitutes 

approximately 12.8% of records, while the Unhealthy category accounts for approximately 12.4%. 

The Very Unhealthy and Hazardous categories collectively represent fewer than 1% of observations, 

corresponding to episodic extreme pollution events. This structural imbalance carries important 

implications for model evaluation, as a trivial classifier predicting 'Moderate' for all instances would 

achieve accuracy exceeding 74% without any genuine predictive capability. 

The six pollutant features exhibited varying distributional characteristics. PM2.5 and PM10 displayed 

right-skewed distributions consistent with episodic pollution spikes. CO concentrations showed strong 

correlation with PM2.5 (r ≈ 0.61), consistent with shared combustion emission sources. O₃ 

concentrations exhibited a distinct diurnal photochemical formation pattern, evidenced by higher 

afternoon values. Following Min-Max normalization, all features were successfully rescaled to [0, 1]. 

4.2 Hyperparameter Optimisation Results 

Table 1 summarizes the cross-validation performance across the top-performing hyperparameter 

combinations. 

Table 1. Cross-Validation Performance Across Selected Hyperparameter Combinations (* = Optimal) 

C γ (Gamma) Kernel CV Accuracy (%) SD (%) 

0.1 0.1 RBF 87.4 1.2 

1 0.1 RBF 92.8 1.0 

10 0.01 RBF 93.6 0.9 

10 0.1 RBF 95.3* 0.8 

100 0.1 RBF 94.9 1.1 

100 1 RBF 93.1 1.3 

Table 1 shows GridSearchCV identified the optimal hyperparameter combination as C = 10 and γ = 

0.1 for the RBF kernel, yielding a mean cross-validation accuracy of 95.3% (SD = 0.8%) across the 

five training folds. The finding is consistent with the general guidance that moderate regularization (C 

= 10) balanced with an intermediate kernel bandwidth (γ = 0.1) prevents both underfitting and 
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overfitting in multi-class SVM applications with normalised features  (Hastie, Tibshirani, & Friedman, 

2009). 

4.3 Classification Performance on the Test Set 

The optimised SVM model achieved an overall test accuracy of 96.1%, substantially exceeding the 

naïve majority-class baseline of 74.3% and confirming genuine discriminative capability. Table 2 

presents the per-class and aggregate performance metrics. 

Table 2. Per-Class Classification Performance Metrics on the Test Set (n = 365) 

AQI Category Precision (%) Recall (%) F1-Score (%) Support (n) 

Good (0) 84 88 86 47 

Moderate (2) 98 98 98 271 

Unhealthy (3) 95 91 93 45 

Very Unhealthy (4) 100 50 67 2 

Hazardous (5) — — — 0 

Macro Average 94 82 86 365 

Weighted Average 96 96 96 365 

Based on Table 2, the Moderate category achieved the highest performance (F1 = 98%), reflective of 

its dominant representation in the training set. The Unhealthy category also demonstrated robust 

performance (F1 = 93%), indicating that the model captured the characteristic pollutant concentration 

patterns differentiating unhealthy from moderate conditions. The Good category showed slightly 

lower recall (88%) relative to precision (84%), suggesting occasional misclassification of genuinely 

clean-air days into the Moderate category—likely attributable to overlapping PM2.5 concentration 

ranges at the Good-Moderate boundary. 

The Very Unhealthy category exhibited a pronounced precision-recall asymmetry (precision = 100%, 

recall = 50%), indicating that while the model's positive predictions for this category were perfectly 

reliable, it missed half of the actual Very Unhealthy instances. This pattern is a classical consequence 

of severe class imbalance in the training data (n = 2 instances in the test set), and represents the most 

significant operational limitation of the current model. The Hazardous category was entirely absent 

from the test split, precluding its evaluation. 

The gap between macro-average (F1 = 86%) and weighted-average (F1 = 96%) metrics quantitatively 

captures the class imbalance effect: the macro-average, which weights all categories equally, is 

substantially lower than the weighted-average, which is dominated by the Moderate category. This 

divergence underscores the importance of reporting both metrics and not relying on accuracy or 

weighted-average F1 alone as indicators of model quality for AQI classification tasks. 

4.4 Comparative Analysis with Prior Studies 

The 96.1% overall accuracy achieved in this study compares favourably with prior Indonesian SVM-

based air quality classification studies. Xu, Lu, Cetiner, and Taciroglu (2021) reported 89.3% accuracy 

on a smaller dataset without systematic hyperparameter optimization, while Pholsook, Ramjan, and 

Wipulanusat (2025) achieved 91.4% with SVM on a different regional dataset. The performance 

improvement in the present study is attributable to: (1) the application of GridSearchCV for 

systematic hyperparameter optimization; (2) the use of stratified cross-validation ensuring 

representative fold composition; and (3) the comprehensive preprocessing pipeline minimizing noise-

induced model interference. These findings reinforce the conclusion of Garcia-Atutxa, Villanueva-

Flores, Barrio, Sanchez-Villamil, Martínez-Más, and Bueno-Crespo (2025) that methodological rigour 

is a primary determinant of ML model performance, beyond algorithm selection alone. 
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4.5 Implications for Real-Time Air Quality Monitoring 

The demonstrated accuracy and computational efficiency of the SVM-RBF model support its 

integration into operational air quality monitoring architectures. The model's inference speed—

typically under 100 milliseconds for batch prediction with Scikit-learn SVC implementation—is 

compatible with real-time data processing pipelines fed by IoT sensor networks (Schizas, Karras, 

Karras, & Sioutas, 2022; Badawy , Ramadan, & Hefny , 2025). Potential deployment pathways include 

integration with Jakarta existing regulatory station network for automated ISPU nowcasting, mobile 

application platforms providing location-specific pollution advisories, and early warning systems 

triggering public health communications when model predictions indicate imminent category 

escalation. However, operational deployment must be conditioned on resolution of the class imbalance 

limitation described above, particularly given the life-safety implications of failing to detect Very 

Unhealthy or Hazardous conditions. 

 

5. Conclusions 

This study successfully developed and validated a Support Vector Machine classification model for 

predicting Air Pollution Standard Index (ISPU) categories in DKI Jakarta using six-pollutant daily 

monitoring data from the Satu Data Jakarta portal. Through a systematic methodology encompassing 

preprocessing, Min-Max normalization, stratified train-test splitting, RBF kernel SVM training, and 

GridSearchCV hyperparameter optimization, the model achieved an overall classification accuracy of 

96.1% on the held-out test set. 

The per-class analysis revealed strong performance for the dominant Moderate (F1 = 98%) and 

Unhealthy (F1 = 93%) categories, with moderate performance for the Good category (F1 = 86%). The 

primary limitation was the poor recall for the Very Unhealthy class (50%), directly attributable to 

structural class imbalance in the training data. The discrepancy between macro-average (F1 = 86%) 

and weighted-average (F1 = 96%) metrics highlights the hazard of relying solely on overall accuracy 

for imbalanced multi-class classification evaluation. 

The methodological contribution of this research lies in its reproducible, end-to-end pipeline—from 

raw governmental open data through multi-metric model evaluation—applied to a policy-relevant 

urban air quality context. The findings establish a validated benchmark for SVM-based AQI 

classification in Indonesian metropolitan settings and provide a methodological template for similar 

studies across the archipelago. 
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