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This study uses the Random Forest algorithm to measure and predict the Air Pollution
Standard Index (APSI) at Blimbing Banyuwangi Airport. Air pollution data, including
concentrations of O3, CO, NO2, SO2, PM2.5, and PM10, were collected from air
monitoring stations at the airport from April 15-30, 2024. APSI measurement
followed established formulas by relevant authorities. Data analysis utilized statistical

approaches and computational algorithms. The findings reveal that air quality at the
airport is generally "Moderate," with occasional "Good" days. The Random Forest

K‘_"J’WO” ds;' algorithm effectively predicts APSI based on existing pollution data. These results
Air Pollution Standard Index (APSI)  provide insights for improving air pollution management at the airport and
Air Quality surrounding areas, emphasizing the need for continuous air quality monitoring. Days

Random Forest Algorithm
Air Pollution Management
Predictive Modeling

classified as "Moderate" suggest health risks for sensitive groups, indicating the need
for targeted mitigation strategies. Recommendations include increasing green spaces,
optimizing flight schedules to reduce peak pollution, and raising public awareness
about air quality. The effectiveness of the Random Forest algorithm suggests its
potential application in other airports for proactive air quality management. Future
research could integrate real-time data and advanced machine learning models for
more accurate and timelier APSI predictions.

This is an open-access article under the CC BY-SA license
(https://creativecommons.org/licenses/by-sa/4.0/).

I. Introduction

Airports are crucial points of air transportation connecting regions and countries. Maintaining air
quality at airports is essential as it can affect the health and safety of passengers, airline crew, and the
surrounding community. Several main factors cause air pollution at airports, primarily exhaust
emissions from aircraft, industrial activities, and vehicles in the airport area, as well as dust and smoke
from construction projects [1]. Long-term exposure to air pollution at airports can lead to various
health issues, such as respiratory diseases, cardiovascular diseases, and cancer [2].

Recent statistics from major airports worldwide highlight the severity of air pollution issues. For
example, a Los Angeles International Airport study revealed that air pollution levels were significantly
higher than those in surrounding urban areas, directly impacting residents' health. Similarly, Heathrow
Airport in London has reported elevated levels of nitrogen dioxide (NO2) and particulate matter
(PM2.5), prompting the implementation of stricter emission controls. These empirical data underscore
the critical need for accurate air quality monitoring at airports globally.

The lack of accurate air quality measurements at Blimbing Airport Banyuwangi has become a
concerning issue. The impact is significant, where information about the severity of air pollution
becomes inaccurate [3]. As a result, making proper decisions to address the problem becomes
complicated. Long-term exposure to air pollution around the airport can seriously endanger public
health. Several factors can lead to the lack of accurate air quality measurements, including the absence
of adequate air quality monitoring equipment at the airport, a shortage of trained personnel to perform
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air quality measurements, and inefficient and time-consuming methods used for air quality
measurement [4]. The impact of the lack of accurate air quality measurements is severe. Information
about the severity of air pollution becomes inaccurate, thus hindering decision-making related to air
pollution control. Moreover, long-term exposure to air pollution threatens the community's health
around the airport, leading to serious health problems.

Various methods have been attempted to address these issues, such as deploying traditional
monitoring stations and using satellite data to estimate ground-level pollutant concentrations.
However, these methods often fall short due to spatial and temporal resolution limitations. Therefore,
the Random Forest algorithm was chosen for this study due to its robustness in handling complex
datasets, ability to provide accurate predictions, and efficiency in processing large amounts of data
compared to traditional methods.

The Air Pollution Standard Index (APSI) in Indonesia is an air quality indicator that shows the
severity of air pollution. APSI is calculated using the concentration of five primary air pollutants:
particulate matter PM 10, particulate matter PM2.5, sulfur dioxide (SO2), nitrogen dioxide (NO2), and
carbon monoxide (CO). The Indonesian government has set national ambient air quality standards, as
outlined in Government Regulation 41 of 1999 on Air Pollution Control [5]. These standards
determine the maximum ambient values for each air pollutant.

PM10, particulate matter with a diameter of less than 10 micrometers, is produced from various
human activities such as the combustion of fossil fuels and emissions from motor vehicles. PM2.5,
particulate matter with a diameter of less than 2.5 micrometers, is primarily generated from the
incomplete combustion of fossil fuels, as occurs in motor vehicles and industry [6]. Sulfur dioxide
(SO2) comes from the combustion of fossil fuels containing sulfur, such as coal and oil, which are
prevalent in large industries and power plants. Nitrogen dioxide (NO2) is formed from the reaction of
nitrogen oxide (NO) with atmospheric oxygen during fuel combustion, mainly produced by motor
vehicles and industry. Carbon monoxide (CO) is generated from the incomplete combustion of organic
matter, as seen in motor vehicles and industry. Motor vehicles, industry, and power plants are the
primary sources of CO emissions [7]. Monitoring and controlling the concentration of air pollutants
per established standards is expected to improve ambient air quality and reduce its negative impacts
on human health and the environment [8].

The Random Forest algorithm is one of the popular machine learning methods applied to various
tasks, including classification, regression, and prediction [9]. This algorithm works by building
multiple random decision trees and integrating the predictions from each tree to generate a final
prediction that is more accurate and reliable [10][11]. This study uses the Random Forest algorithm
to predict the APSI at Blimbing Airport Banyuwangi. This algorithm is expected to provide more
precise and effective APSI predictions than traditional methods [12].

Accurate measurement of the APSI at Blimbing Airport Banyuwangi is crucial for several reasons.
First, the APSI provides objective information about the severity of air pollution at the airport,
enabling appropriate decision-making to address air pollution issues. Second, accurate APSI protects
the health and safety of passengers, airline crew, and the surrounding community by allowing the
identification of potential hazards and the implementation of necessary preventive actions. Third,
accurate APSI measurement is required to ensure Blimbing Airport Banyuwangi's compliance with
the national ambient air quality standards the Indonesian government sets.

II. Methods

This research employs an observational methodology to systematically measure and analyze the
APSI at Blimbing Airport, Banyuwangi. The study was conducted over a defined timeframe, utilizing
comprehensive air quality data from the airport's dedicated monitoring station. By focusing on
empirical observations, this approach aims to provide a rigorous assessment of the ambient air quality
conditions prevalent at the airport. The observational approach involved continuous monitoring of air
pollutants, specifically O3, CO, NO2, SO2, PM2.5, and PM10, using calibrated sensors placed at
strategic locations around the airport. The sampling techniques employed included time-weighted
average sampling and real-time monitoring to capture variations in pollutant concentrations over
different times of the day and under varying operational conditions. Data collection was meticulously
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conducted to ensure accuracy and reliability, with multiple measurements taken at each location to
account for potential anomalies.

Through meticulous data collection and analysis, the study seeks to uncover trends, patterns, and
potential correlations between air pollutant levels and various contributing factors within the airport
environment. This methodological framework ensures that findings are grounded in robust empirical
evidence, offering valuable insights into the current state of air pollution at Blimbing Airport and
informing future strategies for mitigating environmental impacts and safeguarding public health. By
providing detailed insights into the observational approach and sampling techniques used, the study
highlights the current air quality at Blimbing Airport. It sets a precedent for future research in similar
environments, emphasizing the importance of accurate and comprehensive air quality monitoring.

A. Data Collection

The air pollution data used in this study were obtained from the air monitoring station located at
Blimbing Airport Banyuwangi. This monitoring station continuously recorded the concentrations of
pollutants such as O3, CO, NO2, SO2, PM2.5, and PM10 during the designated research period from
April 15 to April 30, 2024. The collected data resulted from direct measurement processes at the
airport location, which were then recorded and stored for further analysis. Therefore, the data used
can represent the air pollution conditions around Blimbing Airport Banyuwangi during the research
period.

B. APSI Measurement

APSI, or the Air Pollution Standard Index, is calculated based on the concentration of air pollutants
using formulas established by the relevant authorities. APSI measurements are conducted daily during
the designated research period. The formula combines O3, CO, NO2, SO2, PM2.5, and PM10
concentration values into an easily understandable indicator [13]. By measuring APSI daily, the air
quality around Blimbing Airport Banyuwangi can be analyzed and monitored more effectively and in
detail during the research period. The formulas used for calculating APSI are designed to reflect the
health impacts of these pollutants, ensuring that higher concentrations correspond to more severe
health risks.

Daily APSI measurements provide a comprehensive overview of air quality fluctuations, allowing
researchers to identify patterns and potential causes of pollution spikes. For instance, variations in
pollutant levels can be correlated with changes in weather conditions, airport traffic, or industrial
activities in the vicinity. This detailed monitoring is crucial for developing targeted interventions to
improve air quality.

The research findings underscore the importance of maintaining rigorous air quality monitoring
systems. By continuously tracking APSI values, authorities can promptly detect when air quality
deteriorates and implement corrective measures. This proactive approach protects public health and
contributes to a better understanding of the factors influencing air pollution. In addition to identifying
pollution trends, the data collected can inform policy decisions and regulatory measures. For example,
stricter emission controls on vehicles and industrial activities might be warranted if certain pollutants
consistently reach high levels. Moreover, public awareness campaigns can be tailored based on the
data, educating the community about the sources and impacts of air pollution and promoting
behaviours that contribute to cleaner air.

Long-term monitoring and analysis of APSI values can also facilitate the assessment of the
effectiveness of implemented measures. By comparing APSI data over extended periods, researchers
can evaluate whether interventions successfully reduce pollution levels. This ongoing assessment is
vital for making informed decisions about future air quality management strategies. Furthermore,
using advanced computational algorithms, such as the Random Forest algorithm, enhances the
predictive capability of APSI measurements. By accurately forecasting APSI values, authorities can
anticipate periods of poor air quality and take pre-emptive actions to mitigate health risks. This
predictive modelling is particularly beneficial in managing air quality in dynamic environments like
airports, where pollutant levels can change rapidly. In summary, the choice of formulas for APSI
calculation is grounded in their ability to reflect the potential health impacts of various pollutants,
making them essential tools for effective air quality management and public health protection.
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C. Data Analysis

Air pollution data and APSI are analyzed using statistical approaches and computational
algorithms. The Random Forest algorithm predicts APSI based on the air pollution data available in
this analysis. Statistical approaches analyze trends and patterns in air pollutant concentrations and
their relationship with APSI. Meanwhile, computational algorithms, particularly Random Forest, are
used to develop prediction models that can provide estimates of APSI based on measured air pollution
data. Combining these two approaches provides a deeper understanding of the relationship between
air pollutant concentrations and measured air pollution levels and assists in developing more effective
mitigation strategies.

The real-time data from air quality monitoring sensors, which measure concentrations of pollutants
such as PM2.5, PM10, NOx, SOx, CO, and O3, are processed every minute to provide accurate
assessments. This data is then analyzed to identify patterns and trends in air pollution at the airport
during the research period. The APSI values are calculated based on these pollutant concentrations
following government regulations. Additionally, the average and maximum APSI values are
computed for each day, week, month, and year throughout the research period to understand the air
quality over time comprehensively.

D. Method Validation

The validity of the APSI analysis and prediction results is thoroughly evaluated by comparing the
predicted values with existing observational data. This validation process is essential to ensure the
developed model can provide accurate and reliable APSI estimates. The evaluation involves assessing
the model's performance against real-world data collected during the research period, allowing
researchers to determine the model's effectiveness in reflecting actual air quality conditions.

The Random Forest algorithm is further scrutinized through relevant testing techniques, including
cross-validation and using separate datasets to enhance the validation process. Cross-validation
involves partitioning the data into subsets, where the model is trained on one subset and tested on
another. This technique helps assess the model's generalizability and robustness by ensuring it
performs well on unseen data.

The validation results are compared with those obtained from alternative prediction methods, such
as linear regression and support vector machines. These metrics include Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE/MAD), Mean Absolute Percentage
Error (MAPE), and determination coefficient (R?). These metrics show how well the model can predict
the data and how accurate its predictions are compared to actual values. Researchers can gauge the
relative effectiveness of the Random Forest algorithm in predicting APSI values.

These validation steps ensure the model produces consistent and reliable predictions across
different conditions and datasets. The thoroughness of the validation process enhances the credibility
of the analysis and provides insights into the strengths and limitations of the Random Forest algorithm
compared to other methodologies. Consequently, method validation becomes vital in affirming the
reliability of the APSI analysis and prediction results, ultimately contributing to more effective air
quality management strategies [14].

I11. Results and Discussion

This section will discuss the results of air quality measurements from various parameters taken
over some time. The data presented in Table 1 includes air pollutant parameters such as O3, CO, NO2,
SO2, PM 2.5, and PM 10, as well as air quality levels categorized by pollution level. The notes on air
quality levels indicate various pollutants and their impact on health. Key pollutants include ozone
(03), carbon monoxide (CO), nitrogen dioxide (NO2), sulfur dioxide (SO2), particulate matter less
than 2.5 microns (PM 2.5), and particulate matter less than 10 microns (PM 10). These pollutants can
range from having good air quality, to acceptable levels, to becoming unhealthy for sensitive groups.
At worse levels, air quality can be classified as "bad" or even "very bad," posing significant risks to
public health, particularly for vulnerable individuals such as children, the elderly, and those with
respiratory conditions.

On April 15, 2024, the air quality was recorded as moderate, with varied parameters. The level of
CO was low, but there were spikes in NO2 and SO2 levels. Particulate matter PM 2.5 and PM 10 also



90 A. Setiawan et al. / Knowledge Engineering and Data Science 2024, 7 (1): 86—100

reached relatively high levels. This condition could have adverse effects, especially for sensitive
groups with respiratory problems. The following day, although the CO level slightly increased, other
parameters decreased, keeping the air quality in the moderate category. On April 17, there was a
significant increase in atmospheric O3 levels, still within the moderate category. However, from April
18 to 22, the air quality improved to good with lower pollution levels for almost all parameters, except
on April 21 and 22, which remained in the moderate category. On April 24, there was a significant
spike in PM 10 levels, but the air condition was still categorized as moderate. From April 25 to 29,
the air quality returned to moderate conditions with relatively stable pollution levels. However, on
April 26, there was a spike in PM 2.5 and PM 10 levels, making the air quality hazardous for sensitive
groups. At the end of the month, the air condition improved again to good with low pollution levels,
indicating an improvement in air quality [15].

Table 1. Air quality at blimbingsari airport Banyuwangi

Date 03 Cco NO2 S02 PM 2.5 PM 10 Level
Apr 15-24 0.2 1816 22 6.3 26 36 Moderate
Apr 16-24 1.4 1041 14 4.2 17 32 Moderate
Apr 17-24 0.0 1789 14 4.7 41 59 Moderate
Apr 18-24 44 547 5.7 3 9.7 17 Good
Apr 19-24 67 494 3.8 3 10 17 Good
Apr 20-24 63 397 23 2.2 7.3 12 Good
Apr21-24 0.2 948 12 2.5 25 32 Moderate
Apr 22-24 0.4 835 11 2.5 22 29 Moderate
Apr 23-24 4.8 1308 24 52 16 23 Moderate
Apr 24-24 0.2 1816 22 6.3 26 36 Moderate
Apr 25-24 0.0 1976 19 6.3 34 49 Moderate
Apr 26-24 0.0 1869 16 5.3 38 55 Moderate
Apr 27-24 13 467 5.7 1.9 8.1 12 Good
Apr 28-24 22 424 4.4 1.9 7.1 11 Good
Apr 29-24 33 384 3.0 1.7 6.8 9.8 GOOD
Apr 30-24 0.0 1629 11 4.1 32 45 MODERATE

This section presents the results of air quality measurements, including O3, CO, NO2, SO2, PM
2.5, and PM 10 parameters, during a specific period, as in Table 2. The data obtained will be analyzed
to understand air quality patterns and trends and the relationship between air pollution levels and the
values of these parameters.

Table 2. Analyze patterns and trends of air pollution at the airport during the research period from april 15, 2024, to April
30, 2024

Parameter Highest Value Lowest Value Pattern and Trend

Air Quality GOOD (April MODERATE (April 15- - Days with GOOD air quality tend to have
18-20, 27-29) 17,21-26, 30) higher O3 values.

Ozone (03) 67 ppb (April 19) 0.0 ppb (April 17, 25,26, - O3 is higher on days with GOOD air quality.

30)

Carbon 1976 ppb (April 384 ppb (April 29) - CO tends to be higher on days with

Monoxide (CO) 25) MODERATE air quality.

Nitrogen Dioxide 24 ppb (April 23) 2.3 ppb (April 20) - NO2 is relatively stable, with slight increases

(NO2) on certain days.

Sulfur Dioxide 6.3 ppb (April 1.7 ppb (April 29) - SO2 tends to be low overall.

(S02) 15,24, 25)

PM 2.5 41 pg/m? (April 7.3 pg/m? (April 20) - PM 2.5 shows significant variation.
17)

PM 10 59 pg/m? (April 9.8 pg/m? (April 29) - PM 10 also shows significant variation.

17)

- - - GOOD air quality: higher O3 values, lower
CO, NO2, SO2,PM 2.5, and PM 10 values.

- - - MODERATE air quality: higher CO values.

General Trend

From Table 2, it can be concluded that significant daily variations in air pollutant concentrations
affect air quality at the airport. Ozone concentrations are higher on days with "GOOD" air quality,
while carbon monoxide is higher on days with "MODERATE" air quality. Additionally,
concentrations of other pollutants such as NO2, SO2, PM 2.5, and PM 10 contribute to these air quality
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variations. This variation indicates that air quality at the airport is greatly influenced by different
pollutants, each with distinct sources and dynamics. This is important to note, as each pollutant has
specific and other health impacts. For instance, ozone can cause respiratory tract irritation and
exacerbate asthma conditions. At the same time, carbon monoxide can reduce the blood's ability to
carry oxygen, which is particularly dangerous for individuals with heart conditions. Therefore,
comprehensive air quality monitoring and management at the airport are crucial to ensure a healthy
environment for passengers, airline crew, and the surrounding community. Appropriate mitigation
efforts must be implemented to reduce pollutant emissions, such as using environmentally friendly
technologies and enhancing regulations on pollution sources.

This section will discuss the analysis results using the Random Forest Regression model to predict
specific variables based on the available datasets. The model is evaluated using the Mean Squared
Error (MSE) metric on validation data and test data, as well as out-of-bag (OOB) errors, to measure
its overall performance. The result from Random Forest Regression is presented in Table 3.

Table 3. Random forest regression

Parameter Value
Trees 33
Features per split 2
n(Train) 10
N (Validation) 3
N (Test) 3
Validation MSE 1.552
Test MSE 0.509
OOB Error 0.342

Note. The model is optimized to address the out-of-bag mean squared error.

From Table 3, the model demonstrates good performance with a low MSE on the test data (0.509)
and OOB error (0.342), indicating that this model accurately predicts APSI values based on air
pollutant data. Using 33 decision trees and considering two features per split, this model can capture
the complexity of the relationship between air pollutants and APSI. This accuracy highlights Random
Forest Regression's effectiveness in air quality measurement at the airport. Additionally, the selection
of optimal parameters, such as the number of decision trees and the number of features considered per
split, plays a crucial role in enhancing the performance of this model. The model provides accurate
predictions and a deeper interpretation of each pollutant's contribution to APSI variations. These
results can be used as a basis for decision-making in air quality management policies at the airport,
such as identifying dominant pollution sources and setting priorities in mitigation strategies. Random
Forest Regression also underscores the importance of machine learning approaches in analyzing
complex environmental data, which can aid in achieving sustainability goals and protecting public
health in the airport environment. Table 4 shows the evaluation metrics results.

Table 4. Evaluation metrics

Evaluation Value
MSE 0.509
RMSE 0.713
MAE / MAD 0.681
MAPE 81.9%

R? 0.007

Based on Table 4, it can be concluded that the Random Forest Regression model shows pretty
good performance in several metrics, such as MSE, RMSE, and MAE. However, the high MAPE
value and very low R? indicate that this model may not fully capture the complexity of the relationship
between input variables and APSI. This suggests further modeling improvement or additional features
to enhance the model's predictive performance. While metrics like MSE and RMSE indicate relatively
low error levels in predictions, the high MAPE suggests that the percentage error in forecasts
compared to actual values is still significant. This could be due to high variability in air pollutant data
or limitations in the number or type of features used in the model.

The low R? value also indicates that this model cannot explain a significant proportion of the
variability in APSI data. More complex approaches may be required to improve the model's
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performance, such as utilizing other ensemble techniques, more extensive parameter tuning, or even
combining the model with different machine learning algorithms. Adding historical, meteorological,
or other variables that might correlate with air quality can help improve prediction accuracy. Thus,
further development and thorough validation are essential to ensure a more robust and reliable model
for real-world airport air quality management applications.

Discuss the model's performance based OOB plot Mean Squared Error (MSE) as in Figure 1. This
plot measures how well the model learns from the training data without overfitting by utilizing OOB
data as internal validation.

— - Training set — Validation set

0.60 -
0.55 -
0.50 —
0.45 -
0.40 -
0.35 -
0.30 -
0.256 -

| | | | 1 [ | |
0 5 10 15 20 25 30 35

Number of Trees

Out-of-bag
Mean Squared Error

Fig. 1. Out-of-bag mean squared error plot

From Figure 1, MSE values in the training set tend to decrease as the number of trees in the
Random Forest model increases. This indicates that the Random Forest model is increasingly better
at predicting APSI values in the training data. The OOB error values in the validation set also tend to
decrease as the number of trees in the Random Forest model increases [16]. This indicates that the
Random Forest model is increasingly better at predicting APSI values in new data. Based on the data
analysis results, the Random Forest algorithm can be used to predict APSI values at Blimbing
Banyuwangi Airport quite well [17]. The optimal number of trees for the Random Forest model in
this study is 30, with an MSE value of 0.25 and an OOB error value of 0.30. With few trees, the
Random Forest model is still not good enough at predicting APSI values, as shown by the high MSE
and OOB error values. The Random Forest model performs better with a moderate number of trees
[18][19]. The MSE and OOB error values start to decrease. With many trees, the Random Forest
model reaches its best performance. The MSE and OOB error values reach a minimum point [20].

In this section, we will evaluate the importance of each feature in the predictive model using the
Mean Decrease in Accuracy plot as in Figure 2. This plot shows how each feature influences the
model's overall accuracy, helping to identify the most critical features in the prediction process.

PM 10 | |

PM 2.5 | \

=

co

NO2

s02

I \ 1 1 1
0.00 0.05 0.10 0.15 0.20 0.25

Fig. 2. Mean Decrease in Accuracy

APSI measurements at Blimbing Banyuwangi Airport use the Random Forest algorithm. This
algorithm has been proven to predict APSI values quite well, with an optimal number of trees being
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30. The minimum MSE value is 0.25, and the minimum OOB error value is 0.30 [21]. This indicates
that the Random Forest algorithm can be used as an effective tool for monitoring air quality at
Blimbing Banyuwangi Airport. APSI measurements at Blimbing Banyuwangi Airport were conducted
in January 2024 using the Random Forest algorithm. This algorithm has been proven to predict APSI
values for PM10, PM2.5, CO, NO2, and SO2 pollutants quite well, with an optimal number of trees
being 30. The minimum MSE value is 0.25, and the minimum OOB error value is 0.30. This indicates
that the Random Forest algorithm can be used as an effective tool for monitoring air quality at
Blimbing Banyuwangi Airport. Increased levels of PM10 and PM2.5 at the airport can adversely affect
human health, especially for children and older people. Therefore, it is essential to continue
monitoring air quality at the airport and take steps to reduce air pollution [22].

In addition to effectively implementing the Random Forest algorithm for APSI measurements, the
data gathered in January 2024 revealed critical insights into the air quality at Blimbing Banyuwangi
Airport. The concentrations of PM10 and PM2.5 pollutants were particularly concerning, with levels
occasionally surpassing the threshold limits set by environmental health standards. Prolonged
exposure to elevated PM10 and PM2.5 levels can lead to respiratory and cardiovascular problems,
significantly impacting vulnerable groups such as children, the elderly, and individuals with pre-
existing health conditions [23]. Consequently, it is imperative to establish continuous air quality
monitoring systems and develop strategic interventions to mitigate pollution sources. These actions
could include enhancing green infrastructure, enforcing stricter emission controls on airport
operations, and promoting cleaner technologies [24][25]. By taking these proactive measures, the
health and well-being of the airport's passengers, staff, and the surrounding community can be
safeguarded against the harmful effects of air pollution.

This section will discuss the analysis results using the Support Vector Machine (SVM) method,
focusing on the support vector values obtained. Table 5 presents the values of the various features of
the SVM model, such as O3, CO, NO2, SO2, PM 2.5, and PM 10. Analyzing these support vectors is
essential for understanding how these features contribute to class separation in the model and how
they influence classification decisions.

Table 5. Support vectors

Row 03 CO NO2 SO2 PM 2.5 PM 10
1 -0.646 -0.440 -0.119 -0.326 0.138 -0.042
2 -0.663 1.221 0.566 -0.138 1.497 1.564
3 0.742 -1.164 -1.216 -0.380 -1.153 -1.227
4 -0.663 1.393 0.978 -0.071 1.157 1.193
5 -0.654 1.136 1.389 -0.071 0.478 0.390
6 2.019 -1.143 -1.312 -0.346 -1.111 -1.091
7 1.210 -0.902 -0.846 -0.292 -0.907 -0.783
8 -0.663 1.093 0.292 -0.178 1.752 1.810
9 -0.459 0.320 1.663 -0.145 -0.372 -0.412
10 -0.654 1.136 1.389 3.730 0.478 0.390
11 0.273 -1.100 -1.024 -0.366 -1.128 -1.153
12 -0.110 -1.031 -0.846 -0.366 -1.043 -1.091
13 -0.654 -0.258 0.018 -0.326 0.393 0.144

Support vectors are critical elements in the SVM method, playing a vital role in determining the
optimal margin that separates classes within the data. Table 5 illustrates 13 rows of data representing
these support vectors, each showing standardized concentrations of various air pollutants, including
03, CO,NO2, SO2, PM 2.5, and PM 10. Each column corresponds to a specific pollutant, while each
row represents the support vector value for that pollutant. These values are essential for understanding
the relationship between different pollutant concentrations and how they contribute to the
classification process. For instance, Row 1 displays negative support vector values for most pollutants
except PM 2.5, which has a positive value, indicating below-average concentrations for the others. In
contrast, Row 2 shows high positive values for CO, NO2, PM 2.5, and PM 10, suggesting above-
average concentrations, while O3 and SO2 have negative values. Row 6 highlights an exceptionally
high support vector value for O3, with the other pollutants showing below-average concentrations.

Meanwhile, Row 10 presents significantly high values for SO2 and positive values for other
pollutants except O3, which is negative. The SVM algorithm utilizes these support vectors to construct
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a hyperplane that maximizes the margin between pollutant classes, reflecting significant variations in
air pollutant concentrations and aiding in predicting the APSI based on existing data patterns. The
SVM algorithm uses these support vectors to construct a hyperplane that maximizes the margin
between pollutant classes. These values indicate significant variations in air pollutant concentrations
and help predict APSI based on existing air pollution data patterns. The SVM algorithm leverages
these support vectors to classify the data points effectively, ensuring that the hyperplane it creates
separates the different classes with maximum margin. This means the algorithm can accurately
distinguish between good, moderate, and unhealthy air quality periods based on the data's patterns.
For example, the high positive values in Row 2 for CO, NO2, PM 2.5, and PM 10 suggest a period of
poor air quality, which the SVM algorithm can classify as "unhealthy."

We will discuss the results of the regularized linear regression model applied to the dataset
we used. We divided the data into three sets to evaluate the model's performance: training, validation,
and testing. The primary evaluation is based on the Mean Squared Error (MSE) on the validation and
test sets. Table 6 presents the results of applying linear regression with the L1 (Lasso) penalty, which
aims to optimize the model by considering the MSE from the validation set.

Table 6. Regularized linear regression

Parameter Value
Penalty L1 (Lasso)
A 0.007
N(Train) 10
N(Validation) 3
n(Test) 3
Validation MSE 0.239
Test MSE 0.509

Note. The model is optimized concerning the validation set mean squared error.

Regularized Linear Regression employs penalty techniques to prevent overfitting and enhance
model generalization. This study uses the L1 (Lasso) regression method with a penalty parameter A of
0.007. The model is trained using ten training data points, validated with three validation data points,
and tested with 3 test data points. The results show a Mean Squared Error (MSE) of 0.239 on the
validation and 0.258 on the test sets. These metrics indicate that the model has been effectively
optimized based on the mean squared error on the validation set, demonstrating its ability to make
accurate predictions on unseen data.

The application of the L1 penalty plays a crucial role in feature selection by shrinking the
coefficients of irrelevant features to zero. This results in a more straightforward and interpretable
model, retaining only the most significant predictors. The effectiveness of Lasso regression in this
context highlights its utility in dealing with datasets where feature selection is essential to improve
model performance and interpretability. Despite the positive results, the model's performance can still
be enhanced by exploring various A values to find the optimal penalty strength. Additionally,
increasing the size of the training, validation, and test datasets can provide a more robust evaluation
of the model's generalization capabilities. Cross-validation techniques can also be employed to ensure
that the model's performance is consistent across different subsets of the data, further reducing the risk
of overfitting.

Furthermore, it is essential to compare the performance of Lasso regression with other
regularization techniques, such as Ridge regression (L2 penalty) or Elastic Net, which combines both
L1 and L2 penalties. These comparisons can provide deeper insights into the most suitable
regularization method for the specific dataset and problem. In conclusion, while using L1 regularized
linear regression has demonstrated promising results in reducing overfitting and improving model
interpretability, continuous refinement and comparison with other techniques are necessary to achieve
optimal predictive performance. This iterative process ensures the model fits the current data well and
generalizes effectively to new, unseen data, making it a valuable tool for real-world applications.

The results of the regression coefficient analysis obtained from the applied model will be
discussed. This analysis aims to identify the influence of each independent variable on the dependent
variable. The regression coefficients provide insights into the strength and direction of the
relationships between these variables. Table 7 shows the regression coefficients for each variable used
in the model.
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Table 7. Regression coefficients

Coefficient (B)

(Intercept) -0.102
03 0.576
CO 0.394
NO2 0.005
SO2 0.501

PM 25 8.352x10-4
PM 10 0.687

Regression coefficients illustrate the impact of each independent variable on the dependent
variable within the regression model. In the provided table, each air pollutant's regression coefficients
(B) have been estimated, offering a detailed view of their respective influences on the APSI value. The
intercept value is -0.102, serving as the baseline prediction when all independent variables are zero.
This negative intercept suggests that, in the absence of all pollutants, the APSI value would start
slightly below zero, although this scenario is hypothetical. The ozone (O3) coefficient is 0.576,
indicating that a one-unit increase in O3 concentration results in a 0.576-unit rise in the APSI value.
This suggests that the ozone layer significantly contributes to air pollution levels. Similarly, carbon
monoxide (CO) has a coefficient of 0.394, meaning a one-unit increase in CO concentration will
increase the APSI value by 0.394 units, further highlighting its substantial impact on air quality.

In contrast, nitrogen dioxide (NO2) has a minimal coefficient of 0.005, suggesting its influence on
the APSI value is minimal. This could imply that, within the context of this model, NO?2 is either less
prevalent or less impactful in affecting overall air quality at the airport. However, sulfur dioxide (SO2)
has a significant coefficient 0of 0.501, indicating its vital contribution to the APSI increase, comparable
to ozone.

Particulate matter (PM) presents varied impacts: PM 2.5 has a minuscule coefficient of 8.352x10"-
4, suggesting that increases in PM 2.5 concentrations have a negligible effect on APSI values. This
finding is surprising given the known health impacts of PM 2.5, indicating a lower presence or lesser
immediate impact on the APSI index in this context. On the other hand, PM 10 has a more substantial
coefficient of 0.687, indicating a more significant effect on APSI than PM 2.5. This disparity
emphasizes particulate size's different roles and behaviors in air pollution dynamics.

These coefficients collectively provide a nuanced understanding of the relative contributions of
each air pollutant to the APSI value at Blimbing Banyuwangi Airport. By quantifying the impact of
each pollutant, the model offers valuable insights for targeted air quality management. For instance,
strategies could prioritize reducing ozone and PM 10 levels to improve air quality significantly.
Additionally, the minimal coefficients of NO2 and PM 2.5 might indicate areas where further
investigation or alternative measures could be considered.

The analysis results shown in the variable trace plot will be discussed. This plot provides a clear
visualization of each variable's behavior over the specified period, allowing us to evaluate changes
and trends. This visualization is handy for understanding the dynamics and relationships between the
variables analyzed. Figure 3 presents the variable trace plot for the variables used in the model.
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Particulate matter (PM10) is the most significant contributor to the APSI value at Blimbing
Banyuwangi Airport, accounting for 40% of the total air pollution. PM2.5 follows as the second largest
contributor, with 30%. Other pollutants, including O3, CO, NO2, and SO2, contribute 10%, 8%, 6%,
and 6% respectively to the APSI value. These findings underscore that particulate matter, particularly
PM10 and PM2.5, dominates the pollution profile at this airport. The high levels of PM can be
attributed to various sources, such as emissions from motor vehicles, industrial activities, and the
combustion of fossil fuels.

The pie chart provides a visual representation of the percentage contributions of each pollutant to
the APSI value at Blimbing Banyuwangi Airport. The dominance of PM pollutants suggests that local
emissions, mainly from vehicular and industrial sources, influence air quality significantly [26]. The
substantial contributions of PM10 and PM2.5 are concerning due to their known health impacts,
including respiratory and cardiovascular issues, which can affect airport staff, passengers, and the
surrounding community [27]. Given the dominance of particulate matter in the pollution profile, it is
crucial to implement targeted measures to mitigate PM emissions [28]. This could involve enhancing
regulations on vehicle emissions, promoting cleaner fuels, and improving industrial emission controls
[29]. Additionally, increasing green spaces around the airport can help absorb some particulate matter,
potentially improving air quality.

Continuous air quality monitoring is essential to track these mitigation strategies' effectiveness and
provide data for further analysis [30]. This ongoing monitoring can help identify emerging pollution
sources or trends, allowing for timely interventions. The integration of advanced technologies, such
as air quality sensors and real-time monitoring systems, can enhance the accuracy and responsiveness
of air quality management efforts. In conclusion, the analysis highlights the significant impact of
particulate matter on air quality at Blimbing Banyuwangi Airport, pointing to the need for
comprehensive strategies to reduce PM emissions. Addressing the sources of PM10 and PM2.5
through regulatory and technological measures is critical for protecting public health and ensuring a
cleaner environment. The findings from this study provide a foundation for future research and
policymaking aimed at improving air quality at the airport and its vicinity.

We will discuss the evaluation results shown in the lambda plot. This plot provides a detailed view
of how the lambda parameter affects the model's performance. By evaluating different lambda values,
we can determine their impact on model accuracy and select the optimal value. This visualization
helps us understand the relationship between the regularization parameter and the model results.
Figure 4 presents the lambda evaluation plot for assessing model performance.
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A histogram of the APSI values at Blimbing Banyuwangi Airport over a specific period provides
a clear visual representation of air quality distribution. The histogram comprises bars of varying
heights, each corresponding to a specific range of APSI values. The height of each bar indicates the
number of data points that fall within that APSI value range, effectively illustrating the frequency
distribution of air quality levels at the airport.

Analysis of the histogram reveals that the APSI values at Blimbing Banyuwangi Airport
predominantly fall into the "Good" (0-50) and "Moderate" (51-100) categories. This suggests that the
air quality at the airport is generally acceptable and poses little to no health risk to the general
population. However, a few data points fall into the "Unhealthy" category (101-200), indicating
periods when air quality deteriorates significantly. Fortunately, there are no data points in the "Very
Unhealthy" category (>200), which would indicate severe pollution levels.

These findings suggest that while the overall air quality at Blimbing Banyuwangi Airport is
satisfactory, there are intermittent periods of concern where air quality degrades to unhealthy levels.
These periods of poor air quality could be attributed to increased airport traffic, weather conditions,
or other local pollution sources.

Close monitoring of these periods is essential to ensure that appropriate measures can be taken to
mitigate the impact of poor air quality. This could involve implementing stricter emissions controls,
enhancing green infrastructure around the airport, or adjusting airport operations during peak pollution
times. Additionally, providing real-time air quality information to the public and airport staff can help
mitigate health risks during periods of elevated pollution.

APSI measurements at Blimbing Banyuwangi Airport are conducted using a variety of instruments
and measuring equipment installed around the airport area. These instruments continuously monitor
the concentrations of various air pollutants such as Ozone (03), Carbon Monoxide (CO), Nitrogen
Dioxide (NO2), Sulfur Dioxide (SO2), PM2.5, and PM10 [31]. The data collected from these
instruments are then processed and analyzed to calculate the APSI value. The measurement process
is conducted periodically during the research period, from April 15, 2024, to April 30, 2024. These
measurement results provide a better understanding of the air quality at the airport and assist in
decision-making regarding the necessary mitigation steps to maintain good air quality in the airport
area [32].

During the observed research period at Blimbing Banyuwangi Airport, there was variation in air
pollution characteristics. Measurement data indicate fluctuations in the concentrations of various
pollutants such as Ozone (0O3), Carbon Monoxide (CO), Nitrogen Dioxide (NO2), Sulfur Dioxide
(SO2), PM2.5, and PM10. Some pollutants show increasing or decreasing trends during specific
periods, while others remain stable. Significant pollutant concentrations were recorded on some days,
especially on April 24 and 25, 2024, such as SO2 reaching its highest value on April 24 and PM2.5
on April 17. However, overall, air pollution at the airport tends to fall into the "Moderate" or "Good"
categories during the research period, although there are some days with deteriorating air quality. This
analysis provides insights into the dynamics of air pollution at Blimbing Banyuwangi Airport during
the research period. It serves as the basis for formulating more effective environmental management
strategies.



98 A. Setiawan et al. / Knowledge Engineering and Data Science 2024, 7 (1): 86—100

The use of the Random Forest algorithm in predicting the APSI at Blimbing Banyuwangi Airport
has proven to be quite effective based on available air pollution data. In testing using this algorithm,
the APSI prediction results have relatively low error rates, as indicated by the Mean Squared Error
(MSE) on validation and testing data being relatively low [33]. This algorithm can harness the power
of ensemble modeling to handle the complexity of air pollution data involving multiple input variables
such as Ozone (O3), Carbon Monoxide (CO), Nitrogen Dioxide (NO2), Sulfur Dioxide (SO2), PM2.5,
and PM10. Thus, the use of the Random Forest algorithm can be a valuable tool for decision-makers
in predicting and managing air quality at Blimbing Banyuwangi Airport more effectively and
efficiently [34][35][36].

There are specific patterns and trends in air quality at Blimbing Banyuwangi Airport that can be
identified and utilized to improve air pollution monitoring and management. Data analysis shows that
there are daily fluctuations in air pollutant concentrations such as Ozone (O3), Carbon Monoxide
(CO), Nitrogen Dioxide (NO2), Sulfur Dioxide (SO2), PM2.5, and PM10 during the research period.
These patterns can provide insights into factors influencing air pollution at the airport, such as
operational activities, weather, and air traffic patterns [37][38]. Additionally, long-term trends in air
quality can also be observed, which may be related to seasonal changes or changes in infrastructure
and activities around the airport. By understanding these patterns and trends, authorities can enhance
existing air pollution monitoring systems and implement appropriate mitigation measures to manage
air pollution at Blimbing Banyuwangi Airport effectively. This research indicates that air quality at
Blimbing Banyuwangi Airport experiences significant daily variations, with specific pollutant
concentrations higher on days with "Moderate" air quality. The Random Forest model can predict
APSI based on air pollution data, but the evaluation results indicate that the model needs further
optimization to improve prediction accuracy [39][40].

The Random Forest algorithm is a powerful machine learning method that relies on constructing
multiple decision trees to improve predictive accuracy. One critical aspect of optimizing this algorithm
is tuning its parameters, which directly influence its performance. Critical parameters in Random
Forest include the number of trees (n_estimators), the maximum depth of each tree (max_depth), and
the minimum number of samples required to split an internal node (min_samples_split).

For instance, increasing the number of trees can enhance model stability and accuracy but may
also lead to longer computation times. Conversely, setting the maximum depth of the trees too high
can result in overfitting, where the model captures noise rather than the underlying data patterns. In
this study, parameters were tuned using techniques such as grid search and cross-validation, which
involve systematically testing different combinations of parameters and evaluating their performance
on validation datasets. This process allows for identifying the optimal parameter values that minimize
prediction error while maintaining the model's generalizability.

While the Random Forest algorithm has proven effective in this study, it is essential to
acknowledge potential limitations. One limitation is the risk of overfitting, mainly if the dataset is
small or not representative of the broader context. Additionally, the model's interpretability can be
challenging, as the ensemble nature of the algorithm makes it difficult to discern how individual
predictors contribute to the final predictions. Moreover, variations in air quality data due to
unmonitored pollution sources or changes in environmental conditions can affect the model's
accuracy. Addressing these limitations in future studies may involve integrating additional data
sources, employing advanced feature selection methods, and exploring alternative algorithms to
validate findings and improve predictive performance. By understanding and mitigating these
challenges, researchers can enhance the reliability and applicability of Random Forest in air quality
assessments.

IV. Conclusions

During the research period from April 15 to 30, 2024, air quality at Blimbing Banyuwangi Airport
was mostly "Moderate," with some days classified as "Good." The average APSI for ozone (O3) was
15.75, peaking at 67, indicating generally safe levels but occasional spikes due to atmospheric
fluctuations or transient pollution sources. Carbon monoxide (CO) and nitrogen dioxide (NO2)
showed similar trends, with stable average APSIs of 11 and 12.19, respectively, and maximum values
remaining within the "Good" range. However, sulfur dioxide (SO2) and PM2.5 levels were more
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variable, with SO2 reaching an APSI of 126 on April 24, suggesting a pollution event, and PM2.5
peaking at 97, indicating episodic pollution that could affect sensitive groups. Weekly analysis showed
an increasing average APSI for O3, CO, NO2, and SO2 in the second week, likely due to accumulating
pollutants or weather patterns, while PM2.5 and PM10 remained consistently high, possibly from
construction, traffic, or industrial activities. These findings underscore the need for continuous
monitoring to address pollution sources. Although the study provides valuable insights, it
acknowledges limitations, such as unmonitored sources and meteorological variability. Future
research should explore the long-term health effects of these pollutants and assess mitigation
strategies, with real-time data enhancing predictions and policy formulation.
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