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Abstract 

 

Urban areas worldwide grapple with environmental challenges, notably air pollution. DKI 

Jakarta, Indonesia's capital city, is emblematic of this struggle, where rapid urbanization 

contributes to increased pollutants. This study employed the CatBoost machine learning 

algorithm, known for its resistance to overfitting and capability to handle missing data, to 

predict urban air quality based on pollutant levels from 2010 to 2021. The dataset, 

sourced from Jakarta's air quality monitoring stations, includes pollutants such as PM10, 

SO2, CO, O3, and NO2. After preprocessing, we used 80% of the data for training and 20% 

for testing. The model displayed high accuracy (0.9781), precision (0.9722), and recall 

(0.9728). The feature importance chart revealed O3 (Ozone) as the top influencer of air 

quality predictions, followed by PM10. Our findings highlight the dominant pollutants 

affecting urban air quality in Jakarta, Indonesia and emphasizing the need for targeted 

strategies to reduce their concentrations and ensure a cleaner and healthier urban 

environment. 
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1. Introduction 

Urban areas, defined by their busy streets, high-rise 

buildings, and varied populations, are hubs of human 

activity and innovation [1]. They play a pivotal role in 

driving economic development, fostering cultural 

interactions, and advancing technology. Yet, alongside 

their vibrant facade, these areas face intricate challenges 

that jeopardize the environment and the health of their 

inhabitants [2]. 

Rapid urbanization in modern cities has significant 

environmental consequences. As cities grow, energy use, 

waste production, and strains on transportation all 

increase. This urban expansion creates a complex web of 

environmental issues. Notably, air pollution emerges as a 

predominant and damaging concern, directly impacting 

the health and living standards of city residents [3]. 

One of the major urban areas dealing with complex 

urbanization issues is DKI Jakarta, the capital city of 

Indonesia [4]. DKI Jakarta is a bustling metropolis with 

population of over 10 million people [5]. However, rapid 

urbanization bringing about various issues [6]. Among 

these, air pollution has emerged as a significant concern. 

The city's rapid growth has led to increased vehicular 

traffic and industrial activities, resulting in higher levels of 

air pollution [7]. This pollution includes the release of 

harmful airborne particles and pollutants such as 

particulate matter (PM10), sulfur dioxide (SO2), carbon 

monoxide (CO), ozone (O3), and nitrogen dioxide (NO2) 

poses serious health risks to urban populations, leading 

to respiratory problems, cardiovascular diseases, and 

even premature mortality [8, 9]. 

In recent years, researchers have increasingly utilized 

machine learning to address urban air pollution 

challenges. Machine learning is a subset of artificial 

intelligence that allows systems to learn from data, rather 

than through explicit programming [10–14]. By 

recognizing patterns and making decisions based on 

provided data, it offers the potential for sophisticated 

data analysis and prediction [15–17]. This approach 

enhances air quality monitoring systems by leveraging 

machine learning algorithms to analyze extensive data 

from sources such as monitoring stations. 

Machine learning algorithms provide real-time insights 

into air quality conditions, enabling the identification of 

pollution hotspots, prediction of air quality fluctuations, 

and assessment of pollution control measures' 

effectiveness [18–20]. However, many previous studies 

have not fully utilized the capabilities of modern machine 

learning techniques. Instead of leveraging more 

advanced algorithms that can handle the complexities of 

urban pollution data, many have used older, simpler 

models, potentially missing out on more accurate and 

insightful predictions. 

Air quality prediction accuracy could be enhanced by 

using advanced machine learning algorithms like 

CatBoost [21]. CatBoost is a type of gradient-boosting 

algorithm adept at working with complex, high-

dimensional data sets like those used for modeling urban 

air quality [22]. Key advantages of CatBoost include its 

robustness against overfitting and its built-in tools for 

feature importance evaluation, which can be incredibly 

useful for understanding the relative impact of different 

pollutants on the predictive model [23–25]. This allows 

researchers and policymakers to identify the most 

significant contributors to air quality to help in targeting 

specific pollutants for mitigation efforts to improve air 

quality more effectively. 

Our study aims to address the gaps left by previous 

efforts in tackling urban air pollution using machine 

learning. Recognizing that the complexity of air quality 

dynamics in metropolises like DKI Jakarta demands 

sophisticated analytical tools, we propose the application 

of CatBoost, to provide a more granular and accurate 

prediction of air quality. Our goal is to not only enhance 

the accuracy of air quality classification but also to 

deepen our understanding of pollution patterns and the 

efficacy of various mitigation strategies. 

2. Materials and Methods 

2.1. Datasets 

The data used in this study is the Air Pollution Standard 

Index data measured from five air quality monitoring 

stations located in the DKI Jakarta Province, Indonesia, 

from 2010 to 2021. This data can be downloaded from 

the Jakarta Open Data website [26]. The five air quality 

monitoring stations are situated at Bunderan HI (Central 

Jakarta), Kelapa Gading (North Jakarta), Jagakarsa (South 

Jakarta), Lubang Buaya (East Jakarta), and Kebon Jeruk 

(West Jakarta). The data consists of measurements for 

five pollutants, namely PM10, SO2, CO, O3, and NO2. 

Further details regarding these pollutants can be found 

in Table 1. The dataset also includes classifications into 

five distinct air quality categories: 'good', 'moderate', 

'unhealthy', 'very unhealthy', and 'dangerous', providing 

a comprehensive view of air quality levels. 

2.2. Data Preprocessing 

Initially, our dataset consisted of 21,915 samples. 

Samples with missing values were excluded, resulting in 

a total of 17,115 samples. Notably, there was a significant 

class imbalance observed. To address this, the 

"dangerous" and "very unhealthy" classes were merged 



Leuser Journal of Environmental Studies, Vol 1, No 2, 2023 

 

 Page | 64  
 

Table 1. Pollutants and their impacts. 

Pollutant Concentration Explanation Health Effects 

PM10 (Particulate Matter 10) µg/m³ Tiny particles from sources like construction, 

industry, and natural dust. 

Respiratory issues 

SO2 (Sulfur Dioxide) ppb A colorless gas from burning fuels, industrial 

processes, and volcanoes. 

Respiratory irritation 

CO (Carbon Monoxide) ppm Odorless gas from incomplete fuel combustion, 

especially in vehicles. 

Reduced oxygen, 

headaches 

O3 (Ozone) ppb Ground-level ozone, formed by pollutants reacting 

with sunlight. 

Respiratory problems, 

plant damage 

NO2 (Nitrogen Dioxide) ppb Reddish gas primarily from vehicle emissions and 

combustion processes. 

Respiratory problems, lung 

impairment 

Table 2. Descriptive statistics of the dataset. 

Pollutant Mean SD Min Q1 Q2 Q3 Max 

PM10 53.32 18.69 2.00 42.00 55.00 65.00 179.00 

SO2 18.18 12.73 0.00 9.00 16.00 25.00 112.00 

CO 20.98 12.42 1.00 12.00 18.00 27.00 135.00 

O3 65.67 37.22 3.00 40.00 61.00 83.00 314.00 

NO2 12.50 8.89 1.00 7.00 11.00 16.00 148.00 

 

into a single "unhealthy" class [27]. Consequently, the 

distribution of the final classes is as follows: "unhealthy" 

with 2,581 samples, "moderate" with 11,624 samples, 

and "good" with 2,910 samples. 

To prepare the data for model training and evaluation, 

we split the dataset into training and testing sets. 

Specifically, 80% of the samples (13,692 samples) were 

allocated to the training set, and the remaining 20% 

(3,423 samples) were reserved for the testing set. The 

rationale behind using an 80-20 split for the training and 

testing sets is to ensure the model is trained on a 

sufficiently large and diverse portion of the data so that it 

can learn the patterns well [28, 29]. The testing set, 

comprising unseen data not used during training, allows 

us to evaluate the model's ability to generalize to new 

data beyond what it has seen before. This helps 

determine how well the model will perform when 

deployed in a real-world setting. 

2.3. CatBoost 

CatBoost is a highly powerful and versatile machine 

learning algorithm categorized under ensemble learning. 

It has gained widespread recognition for its remarkable 

predictive performance and is increasingly popular in 

various domains owing to its robustness and 

adaptability. CatBoost excels in handling intricate data 

relationships. The core technique utilized by CatBoost is 

gradient boosting, where it iteratively trains weak 

learners, usually decision trees, to rectify the errors of 

prior models, culminating in a robust ensemble model 

[22, 30]. 

CatBoost boasts several advantages that have 

contributed to its widespread adoption. To begin with, it 

incorporates advanced regularization techniques that 

effectively curb overfitting, enhancing the model's ability 

to generalize to unseen data. Moreover, CatBoost is 

proficient at automatically handling missing values 

during the training process by intelligently determining 

the best way to distribute samples with incomplete 

information. This is accomplished through the dynamic 

optimization of node splits while constructing the 

decision trees, significantly reducing the necessity for 

manual preprocessing to impute missing values [24]. 

2.3. Performance Evaluation 

The evaluation encompasses accuracy, precision, recall, 

and F1-score, all of which provide a comprehensive 

understanding of the model's performance across 

different aspects [31, 32]. This array of metrics ensures a 

thorough evaluation of the proposed approach's 

strengths and limitations, providing a well-rounded 

perspective on its overall performance [33–35]. 

3. Results and Discussion 

3.1. Exploratory Data Analysis 

To get a comprehensive understanding of the urban air 

quality dataset, we embarked on an exploratory data 

analysis. The descriptive statistics of the dataset is 

presented in Table 2, which provided a snapshot of the 

distribution and spread of different pollutants. The 

average PM10 concentration was 53.32 µg/m³ with a 

standard deviation of 18.69 µg/m³, indicating values that 

range between 2.00 and 179.00 µg/m³. SO2 had an 

average concentration of 18.18 ppb, with a standard 
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Figure 1. Frequency of different air quality classifications across multiple monitoring stations. 

 

deviation of 12.73 ppb, reflecting a range of values from 

0.00 to 112.00 ppb. The average CO concentration was 

20.98 ppm, accompanied by a standard deviation of 

12.42 ppm, with values spanning from 1.00 to 135.00 

ppm. O3 had a marked average value of 65.67 ppb, with a 

notably high standard deviation of 37.22 ppb, signifying 

considerable fluctuations that ranged from 3.00 to 

314.00 ppb. This substantial variance in O3 

concentrations, as indicated by the high standard 

deviation, suggests a wide disparity in readings over time 

or across different monitoring locations, potentially due 

to diurnal and seasonal changes, varying weather 

conditions, traffic volume, and industrial emissions that 

can rapidly alter O3 formation and depletion. Lastly, NO2 

presented a mean concentration of 12.50 ppb, a standard 

deviation of 8.89 ppb, and values that ranged from 1.00 

to 148.00 ppb. These statistics provide a foundation for 

understanding the patterns and variations in air quality 

data, which are important for environmental and health 

assessments. 

We visualized the frequency of different air quality 

classifications across multiple monitoring stations (Figure 

1). Our analysis of the count data revealed several key 

findings. The "Moderate" air quality seems to dominate 

most stations, with the highest count observed in the 

station DKI1 (Bunderan HI). This is closely followed by 

stations DKI2 (Kelapa Gading) and DKI3 (Jagakarsa), while 

DKI4 (Lubang Buaya) and DKI5 (Kebon Jeruk) show slightly 

lower counts but still remain significant. 

For the "Good" air quality classification, DKI3 (Jagakarsa) 

leads with the highest count, albeit lesser than its 

"Moderate" count. DKI2 (Kelapa Gading) follows closely, 

with DKI1 (Bunderan HI) and DKI5 (Kebon Jeruk) 

displaying a similar pattern of lesser counts. Intriguingly, 

DKI4 (Lubang Buaya) has a considerably reduced number 

of "Good" air quality days compared to other stations. 

The "Unhealthy" air quality classification, although less 

frequent compared to the other classifications, still 

presents considerable differences among the stations. 

DKI2 (Kelapa Gading) stands out with the most instances, 

followed by DKI3 (Jagakarsa) and DKI5 (Kebon Jeruk). Both 

DKI1 (Bunderan HI) and DKI4 (Lubang Buaya) depict 

relatively fewer occurrences of "Unhealthy" air quality 

days. 

Overall, while most air quality readings across all stations 

predominantly fall within the "Moderate" range, there are 

distinct disparities in the distribution of "Good" and 

"Unhealthy" classifications among different stations. 

However, it's important to note that the classification 

counts alone do not necessarily indicate the overall 

pollution level of a region because our data has been 

curated to exclude missing values for consistency and 

reliability in modeling.  

3.2. Classification Performance 

To achieve our objective of classifying air quality, we 

utilized the CatBoost algorithm to develop a predictive 

model. The performance metrics of this model are 

showcased in Table 3. Impressively, the model exhibits a 

high accuracy rate of 0.9781, indicating that a significant 

majority of its predictions align with the true 

classifications. In terms of precision, a value of 0.9722 

suggests that most of the predictions labeled as a specific 

class are indeed correctly classified. Similarly, the recall 

score of 0.9728 reflects that the model successfully 
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Table 3. Model performance on the testing set. 

Metrics Value 

Accuracy 97.81% 

Precision 97.22% 

Recall 97.28% 

F1-score 97.24% 

 

 

Figure 2. Confusion matrix of the testing set. 

 

Figure 3. Feature importance of the model. 

identifies a large proportion of actual positive instances 

for each class. Further, the F1 Score, an essential metric 

that harmonizes the balance between precision and 

recall, stands at 0.9724, underscoring the model's robust 

and consistent performance in both aspects. 

Further elaborating on the model's performance, the 

confusion matrix offers a detailed view of its classification 

results (Figure 2). For air quality labeled as "Unhealthy," 

the model has made 496 correct predictions, but 26 

instances were misclassified as "Moderate" while none 

were mislabeled as "Good." When considering 

"Moderate" air quality, the model boasts a robust 2231 

accurate predictions. However, there were slight 

misclassifications with 15 instances predicted as 

"Unhealthy" and 25 instances as "Good." For instances 

that were genuinely "Good" in air quality, the model 

showcased impressive precision by correctly classifying 

621 of them. There were only 9 instances that were 

mistakenly categorized as "Moderate," and the model 

showed perfect distinction by not misclassifying any 

"Good" instances as "Unhealthy." 

The feature importance chart derived from the CatBoost 

model provides insightful perspectives into which factors 

most influence the prediction of air quality (Figure 3). 

Topping the list, the concentration of O3 emerges as the 

most influential feature. Its prominence in the model 

underscores its critical role in determining air quality, as 

indicated by its substantial lead in importance compared 

to other factors. 

PM10 is another significant contributor. While not as 

dominant as O3, its presence is undeniably pivotal in the 

model's decision-making process. This aligns with real-

world observations, as PM10 particles can be inhaled 

easily and are often associated with adverse health 

effects. SO2 and NO2 present a comparable level of 

importance, suggesting that both play a nearly equivalent 

role in influencing the air quality predictions. Lastly, CO 

appears as the least influential among the considered 

features. While it does have an impact, its role in this 

specific model's air quality predictions seems to be less 

pronounced than the other factors. 

The results of this study have demonstrated an accurate 

and precise way to classify urban air quality based on 

pollutant levels. The model's high accuracy, precision, 

and recall highlight its potential real-world use for 

monitoring, predicting, and managing air quality. The 

finding that O3 is an important factor influencing air 

quality predictions shows policymakers must prioritize 

managing O3 levels in cities. Given the health risks, the 

study emphasizes the need to continuously monitor and 

reduce PM10 levels. Additionally, as machine learning 

provides more actionable insights, urban planners and 

policymakers have a more powerful tool beyond 

traditional monitoring. This enhances preemptively 

controlling air quality degradation and informing policies 

for healthier cities. In short, combining advanced 

machine learning with environmental monitoring can 

greatly boost our efforts to ensure sustainable, livable 

urban spaces moving forward. 

4. Conclusions 

Our study demonstrated notable accuracy in classifying 

urban air quality, particularly in DKI Jakarta, Indonesia, 

with O3 and PM10 emerging as significant influencing 

factors. However, the research was geographically 

limited to Jakarta and only considered five major 

pollutants, omitting other potential influential factors like 

meteorological data. There was also a noted class 

imbalance which might affect predictions. Future 

research avenues should encompass a broader 

geographical scope, incorporate additional variables for 
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a holistic prediction model, and examine the potential of 

real-time IoT sensor data and other machine learning 

algorithms to further urban environmental 

understanding and solutions. 
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