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Abstract—Air pollution is one of the most significant global challenges, with serious impacts on the health of living
beings. In Indonesia, particularly in major cities such as Jakarta and Surabaya, the increase in the Air Quality Index
(AQI) over the past few years indicates worsening air quality conditions. This decline in air quality is caused by
increased industrial activities, motor vehicle emissions, and deforestation. Rising AQI levels pose severe health risks,
including respiratory and cardiovascular diseases, and present major challenges for urban planning, public health
management and environmental policy. Addressing this issue requires concerted efforts to implement sustainable
practices, reduce emissions, and improve air quality management. The increasing air pollution level indicate the need
for a more effective approach to identify and classify air quality index results with relevant success rates without using
relatively expensive air quality index detection tools. This research aims to classify the air quality index using a Deep
Neural Network model based on time-based feature expansion and spatial-temporal analysis. The Deep Neural
Network model is used to extract complex patterns and hidden features in the data and help generate more accurate
air pollution classifications. Meanwhile, time-based feature expansion is useful for extending the time representation
in the data. The results of this research are expected to make a significant contribution in improving the global
understanding of air pollution with accuracies up to 86.89% and 84.99%, respectively. By providing a cost-effective
and efficient method for air quality monitoring, this study can lead to better pollution control measures. Furthermore,
the insight gained from this research can help policymakers develop strategies to mitigate the adverse effects of air
pollution on public health and the environment.
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1. INTRODUCTION

Air is one of the primary elements that maintains the balance of the Earth's environment. According to the World
Health Organization (WHO), air pollution is one of the most serious environmental risks caused by natural scenarios
such as climate change, volcanic eruptions, emissions from living organisms, and salt sprays. However, human
activities over time have become the primary cause of air pollution. The most common human activities include
burning fossil fuels and producing chemicals [1]. According to the latest data from WHO, every year 4,200,000 people
die due to air pollution, and 91% of the world's population still resides in areas where air quality exceeds WHO
standards [2]. These statistics underscore the urgent need for comprehensive action to address air quality issues
worldwide. Effective strategies and advanced technologies are essential to reduce the health risks associated with poor
air quality, ensuring a healthier environment for all individuals.

In Indonesia, one of the regions severely affected by air pollution is Jakarta. The air quality in DKI Jakarta has
an average PM2.5 concentration that continues to increase to 49.4 pg/m3 in 2019, which is almost five times higher
than the annual average PM2.5 guideline set by the World Health Organization (WHO) [3]. In 2020, there was a
decrease in the average PM2.5 concentration, which became 52.98 pg/m3[4]. This decrease in PM2.5 leveles can be
attributed to several factors, including tighter environmental regulations, increase public awareness of air pollution,
and the reduction in industrial activity and vehicle emissions due to the blocking and curbing of the COVID-19
pandemic played an an important role in improving air quality during this period. Joint efforts by governmental and
non-governmental organizations in promoting cleaner technologies and practices also contributed to the reduction in
PM2.5 concentrations observed, demonstrating the effectiveness of coordinated action in reducing air pollution. In
2021, there was another decrease in the average PM2.5 concentration to around 17-40 pg/m3 [5]. This decrease was
due to government efforts to limit outdoor activities during 2021 and 2022. In 2022, there was an increase in
concentration, but the highest concentration did not exceed 50 pg/m? [6], as activities have returned to normal and can
be carried out as usual. This return to normalcy marks a shift from previous government-imposed restrictions that
aimed to limit outdoor activities during 2021 and 2022. These efforts were instrumental in temporarily reducing
pollution levels. However, the subsequent increase in PM2.5 concentrations underscores the ongoing challenge of
maintaining air quality standards that protect public health.
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In previous research [2] conducted by D. A. Kristiyanti et al., the collected data used to train a classification
prediction model utilizing the Recurrent Neural Network algorithm. Although previous studies have shown quite
significant success using attributes like APSI such as NO2, CO, CO3, PM2.5, PM10, obtaining an 88.86% accuracy
rate and a 0.320 error rate, these studies have limitations in terms of the number of data samples. In another research
by M. A. Faishol et al, utilizing the RNN-LSTM algorithm showed that out of several scenarios of data split between
training and testing data using APSI attributes like NO2, CO, CO3, PM2.5, PM10 showed the best results with a
95%:5% data composition for training and testing data, with an RMSE error calculation yielding a value of 1.880 [7].

In another study by, a high accuracy rate of 96.41% was achieved by utilizing APSI attributes such as NO2,
CO, C0O3, PM2.5, PM10 using the Novel Binary Chimp Optimization Algorithm with LSTM or BChOA-LSTM [8].
Another previous research utilizing the CNN-BiLSTM-IDW algorithm with APSI attributes such as NO2, CO, CO3,
PM2.5, PM10 showed a 16% improvement in prediction performance compared to using the regular IDW method [9].

With the influence of attributes determined by APSI related to NO2, CO, CO3, PM2.5, PM.10, the
determination of air quality using tools which need to spend quite expensive, so this research will focus on the air
quality classification model with the Deep Neural Network classification method with time-based feature expansion
in predicting air quality to improve the processing results while maintaining the accuracy of the predictions used,
which increases flexibility and reduces area overhead [10], especially in the Indonesian region, as previous studies
have recommended Deep Neural Network due to their superior performance in handling complex prediction tasks
[11], in other previous studies have recommended Deep Network cause Deep Network can perform better even with
less data by having deep knowledge of the dataset and quality adjustments to the model [12]. especially in the Java
area with attributes other than those determined by APSI previously such as the use of rainfall data, the number of
trees or the number of vehicles in the Java area. This effort will include providing stimulus to the model to trigger
more accurate results. Therefore, this research will try to overcome this limitation by using more dynamic and
representative data.

With this approach, this study aims to better understand air pollution patterns in Indonesia, particularly in the
Java region. This will assist the government and relevant agencies in taking more timely and effective mitigation
measures, as well as developing better policies to protect public health. In addition, a more accurate analysis of air
pollution will also provide a better understanding of the environmental and climate impacts that have important
implications for environmental sustainability.

2. RESEARCH METHODOLOGY

In the context of this research, an overview of the system modeling flow is presented, which is represented through a

flowchart in Figure 1.
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Figure 1. Flowchart of Overall System Design for Air Pollution Classification Prediction Model

This research system design uses the Deep Neural Network Time-Based algorithm to predict the classification
of air pollution in Java Island, based on feature expansion from September 2020 to April 2022. The algorithm uses
temporal and spatial features to improve prediction accuracy, taking into account factors such as meteorological data,
pollutant levels, and seasonal variations. Performance evaluation, through metrics such as accuracy, F1 score, and
RMSE, determined the best classification model, ensuring robust and reliable predictions. The model was then used
for a geospatial visualization, which provided a comprehensive overview of the air pollution distribution on Java
Island, highlighting areas with varying pollution levels. This visualization helps in identifying pollution hotspots,
understanding trends over time, and supporting policy-making decisions aimed at improving air quality and public
health on the island..
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2.1 Data Collecting

The data used in this study comes from air quality values published by the Department of Environment and Forestry,
which were collected during the period September 2020 to April 2022. Data acquisition was done by searching specific
websites provided by the environment and forestry department and open data platforms available for regions in Java
Island, which resulted in Comma Separated Value (CSV) files. This dataset consists of 29,233 entries, including
various air quality indicators such as PM10, SO2, NO2, CO, and O3 levels. Each entry is tagged with date,
temperature, humidity, rainfall, length of sunshine, wind speed, population, number of trees, number of vehicles,
altitude, and location, making it possible to conduct a detailed study of how air pollution changes over time and in
different places. The data covers many urban and rural areas, reflecting a wide range of environmental conditions,
which helps the model learn from various situations, thereby improving the accuracy and reliability of predictions.
Data preprocessing included handling missing values, standardizing features, and dividing the data into training and
testing sets to properly assess model performance.

Table 1. Data Attributes

Attributes Description

X1 Minimum Temperature
X2 Maximum Temperature
X3 Average Temperature
Xa Average Humidity

Xs Rainfall

X Length of Sunshine

X7 Wind Speed

Xs Wind Speed Direction
Xa Most Wind Speed

Xio Total Population

X11 Number of Trees

X2 Number of Vehicles
X13 Altitude

Y Number of predictions of each region’s air

pollution standard index each month

2.2 Preprocessing

The data obtained will go through a preprocessing stage first. This process aims to produce quality data for use in
classification. In this research, the data preprocessing stage is carried out through stationarity tests and data
normalization that ensure data quality before being used in a classification model that aims to mitigate potential
problems that can affect model performance.

a. Augmented Dickey-Fuller test: Augmented Dickey-Fuller (ADF) is a method to test for stationary in time-series
data. The ADF test works by calculating the time-series data model (t) and comparing it with a value from ADF
distribution. This ADF test aims to detemine whether the time-series data is positively or negatively stationary
[13]. In this hypothesis for testing stationary using the Dickey-Fuller unit root test was a follows.

Xt = ¢pXt—1 + Wt 1)

If -1 < ¢ 1 then Xt is stationary, and otherwise
If ¢ =1 then Xt is nonstationary
b. Min-Max Normalization: Normalization method that performs a linear transformation of the original data create
balanced value comparison between the data before and after the process [14].
X —min(X) [15] (2)

Xnew = max(X) — min(x)

2.3 Feature Expansion

Feature expansion uses for selection feature and iteration to extend multiple feature [16]. This feature used to create a
classification model to predict air pollution standard index value in Java Island. This expansion feature works based
on pre-existing data, allowing the model to consider a broader range of variables and patterns. By iterating through
and selecting relevant features, the process enhances the model’s ability to capture intricate relationships within the
data. Consequently, this leads to more accurate and reliable predictions of air pollution levels, contributing
significantly to environtmental monitoring and decision-making in Java Island.
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Table 2. Data Class Label

Models Combination Training Data Attributes Target

1 January 2022 February 2022
2 December 2021 January 2022

t-1 : : :
17 September 2020 October 2020
1 December 2021 — January 2022 February 2022
2 November 2021 — December 2021 January 2022

t-2 : : :
16 September 2020 — October 2020 November 2020
1 November 2020 — January 2022 February 2022
2 October 2020 — December 2021

t-15 January 2022
3

September 2020 — November 2021
December 2021

In this study, feature expansion is performed using Sklearn's SelectBest library, which improves the accuracy
and performance of the prediction model. This method prioritizes the most relevant features, simplifies the model and
reduces noise from less informative variables. By focusing on these key features, the model is better equipped to make
precise predictions, resulting in more reliable results. [17]. This method selects the first k features with the highest
values calculated using the f_classif function. The f_classif function evaluates the dependencies in the dataset by
analyzing the variance based on the average of the characteristics, helping to identify the most significant features.
This selection process reduces dimensionality while retaining key information, improving the accuracy and
classification efficiency of the model [18].

2.4 Deep Neural Network

Deep neural network (DNN) is a product of artificial intelligence and is a collection of neurons organized in a sequence
of many previous layers and performing simple calculations [19]. DNN uses connected layers to automatically
understand and extract high-level features from data.

v Vi

Figure 2. Mathematical model of a neuron

Figure 2 is a systematic model of neurons based on human brain neurons, where x is a neuron input that has a
weight Wi. The sum of all inputs has a weight XiWi, then passed through a nonlinear activation function f, to concert
the neuron’s preactivation level into an output Yj [20].

Figure 3 illustrates the architecture of the Time-Based DNN model, which has more than one hidden layer to
improve classification results. In the input layer, the variables t-1, t-2, and t-k represent the input vectors, which are
obtained from the feature expansion process. The hidden layers, denoted by J and I, include the bias for the data to be
predicted.

Figure 3. Deep Neural Network Time-Based Architecture

The variables i, j, k, and | serve as activation functions, introducing complexity and non-linearity to the model. The
output layer produces Yt, which represents the best accuracy achieved in the classification process.
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2.5 Ordinary Kriging Interpolation

Interpolation is the process of estimating values in an unsmooted area to the produce a map of the distribution of
values in the area. Kriging is a geostatistical interpolation method that uses the distance and direction between sample
point to explain surface variations. The killing process involves adjusting mathematical functions at specific points to
predict values at new locations, through steps such as statistical analysis, variogram modeling, and surface generation
[21]. And Ordinary kriging is a method that utilizes spatial values at sampled locations and variograms that show the
correlation between spatial points to predict values at other unsampled locations, where the predicted values depend
on their proximity to the sampled locations [22].

- 0K
Pe+10(So) = LMo A Yeewry () (3)

The formula explains how to estimate the prediction of the unknown class ., (S,) at the future time t+kt+k
for a given location So. The estimation uses the class prediction y4(S;) at nearby locations Si. with the NN
representing the total number of such locations included in the interpolation. Each location Si contributes to the
prediction in So based on the Ordinary Kriging weights 29X, which optimally combines the spatial information to
produce an accurate estimate for 9,4 (S,)-

2.6 Air Pollution Standard Index

In the regulation of the Minister of Environtment and Foresty number 14 of 2020 article, the Air Pollution Standard
Index (APSI) is a unitless number that describes the condition of ambient air quality at a certain location, which is
based on the impact on human health and other living things [23]. based on research, the APSI table used is only
good, medium, and unhealthy as in the table below.

Table 3. APSI parameter value conversion
APSI 24Hour PM10 24 Hour PM2.5 24 Hour SO2 24 Hour CO 24 Hour O3 24 Hour NO2 24 Hour HC

(ng/m?) (ug/m?) (ng/m?) (ng/m?) (ng/m?) (ug/m?) (ug/m?)

0-50 50 155 52 4000 120 80 25
51- 150 55,4 180 8000 235 200 100
100

101- 350 150,4 400 15000 400 1130 215
200

201- 420 250,4 800 30000 800 2260 432
300

>300 500 500 1200 45000 1000 3000 648

Description:

a) Measurement data for 24 hours continuously.
b) APSI calculation results for particulate matter (PM2.5) are presented hourly for 24 hours

¢) The APSI calculation results for particulate matter (PM10), sulfur dioxide (SO2), carbon monoxide
(CO), ozone (03), nitrogen dioxide (NO2), and hydrocarbons (HC) are taken as the highest and lowest
APSI values for each hour.

The APSI calculation is based on the upper limit APSI, lower limit APSI, upper limit ambient, lower limit
ambient, and measured ambient concentration values. The mathematical equation for the calculation is as follows:

la=1
I= Xa—Xbb Xa = Xp) +1p (4)

Based on the extensive research conducted, the data results indicate that the APSI (Air Pollution Standard
Index) tables utilized in the analysis are categorized solely into three distinct levels of air quality: good, moderate, and
unhealthy. This categorization is crucial for understanding the varying degrees of air pollution on Java Island over the
15-month research period. The classification into these specific categories allows for a more detailed and precise
analysis of air quality trends and patterns, aiding in the development of effective mitigation strategies. The table below
clearly delineates these three levels, providing a comprehensive overview of the air quality status as determined by
the APSI standards used in this study.

Table 4. Air Pollution Standard Index Category
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Label Category Color Status Range
1 Medium 51-100
2 Unhealthy 101 - 200

2.6 Evaluation

The evaluation stage measures the effectiveness of Deep Neural Network classification method using a confussion
matrix. The predicted value resulting from dividing the total of True Positive and True Negative by the sum of True
Positive (TP), False Positive (FP), False Negative (FN), and True Negative (TN) values of a confussion matrix [24].

Table 5. Confussion Matrix

Data Actually Positive Actually Negative  Actually Neutral
Positive TP FN FN
Prediction Negative FP TN TN
Neutral FP TN TN

Based on confussion matrix, several evaluation metrics can be calculated, including accuracy, precision, recall,
and F1-score. Accuracy measures how well the model classifies the predicted results. Accuracy measures the
percentage of true positive predictions among all positive predictions. Recall measures the percentage of positive
cases that are correctly identified. And F1-score combines the precision and recall calculated.

TP + TN

Accuracy = mx 100 (5)
Precision = —=— x 100 (6)
TP+ FP
Recall = —~—x 100 @)
TP + FN
F1— Score = 2 x (Recallx Pre.c%'sion) X 100 (8)
Recall + Precision
3. RESULT AND DISCUSSION
3.1 Result

a. Best Performance of t-k Deep Neural Network Model
The Table below shows the confussion matrix value of each best t-k Deep Neural Network Time-Based Model.

Table 6. Best T-K Deep Neural Network Time-Based Model

t-k Accuracy F1-score Recall Precision
t-1 79.35% 75.84% 70.00% 82.41%
t-2 78.44% 74.58% 70.00% 78.69%
t-3 79.87% 74.89% 70.00% 79.42%
t-4 79.93% 77.34% 80.00% 83.25%
t-5 80.00% 79.17% 80.00% 85.71%
t-6 70.00% 67.03% 70.00% 81.25%
t-7 70.00% 67.03% 70.00% 81.25%
t-8 80.00% 79.16% 80.00% 85.71%
t-9 86.89% 84.89% 80.00% 87.16%
t-10 84.99% 84.89% 80.00% 88.32%
t-11 85.65% 85.75% 80.00% 85.45%
t-12 85.84% 86.13% 70.00% 86.13%
t-13 86.43% 83.87% 80.00% 85.53%
t-14 80.19% 79.65% 80.00% 85.71%
t-15 85.35% 83.94% 80.00% 86.32%

The results obtained from the Deep Neural Network (DNN) Time-Based model show varying percentages of
accuracy across different time steps. For example, at t-1, the model achieved accuracies of 79.35%, 75.84%,
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70.00%, and 82.41% across various metrics. As the time steps increased, the accuracy fluctuated, with a notable
improvement observed at t-5, where the accuracy reached 80.00%, 79.17%, 80.00%, and 85.71%. The model
shows significant performance peaks at t-9 and t-10, with accuracies up to 86.89% and 84.99%, respectively. On
t-11 and t-12, the model maintained a high level of accuracy, with t-12 achieving the highest accuracy of 85.84%
across its metrics. Overall, the results reflect the model's ability to adapt and improve over time, with variations in
performance across different time steps indicating its sensitivity to temporal changes in air quality data.
b. Best Perfomance of t+k Deep Neural Network Model
The table below shows the confussion matrix value of each best t+k Deep Neural Network Time-Based Model.

Table 7. T+1 and T+2 Deep Neural Network with RMSE

t+k RMSE
t+1 0.4297
t+2 0.4634

The results of the Deep Neural Network (DNN) Time-Based model, evaluated using Root Mean Square Error
(RMSE), show performance across future time steps. For example, at t+1, the RMSE was 0.574355, and at t+2,
the RMSE increased slightly to 0.618013. These values reflect the prediction accuracy of the model over time,
with the error gradually increasing as the forecast horizon expands. The RMSE values give an idea of the model's
ability to generalize and maintain accuracy when predicting air quality further into the future.

Table 8. Best T+K Deep Neural Network Time-Based Model

Location t+3  t+4 t+5  t+6 t+7  t+8 t+9  t+10  t+11 t+12  t+13 t+14  t+15

Jendral Sudirman Tangerang
Sudimara Ciledug Tangerang
Ahmad Yani Semarang

Balai Kota Depok

Bandung

Banyuwangi

Budiarto

Cilacap

Citeko Bogor

DK1 Bunderan HI

DK2 Kelapa Gading

DK3 Jagakarsa

DK4 Lubang Buaya

DK5 Kebun Jeruk

Malang

Meikarta Bekasi
Nganjuk

Pasuruan

Pendopo Banten
Samsat Balaraja Banten
Samsat Cikokol Banten
Samsat Serpong Banten
Semarang

Serang

Sleman

Tegal

O B P O O kP kB B P O O FP O F FF KB N P N O FP FP O O O O N -
B O O O kB N P B P O O F O FP N NDNRPRNO R RBP O O FR KB NN
O O R R B P RPN R O R P O RFP NDNININWINDNRRPR R P O RNR P P
, O O O O F N R B P B N RFP P NP NP NRP P P P P P B NN
O R P P R, N R NP O R R RPN P NNMNNR P P OO R RPN R
P O R P R Rk R R R P O R O R NP NNNRRP P O OO R PR
O B O P B O O kP O O O O O kP N P O kP O O kP O O kP O NN DN
P P O kB O N O P O O O O O FP kB N P O O O O O O KB kP O NN DN
o O B O kB O N O N O kP O O O P N kP O P O O O kB O O o N N
OO O O O O P O N P P O kP O O P N P O O O O O O F»r O o NN N
P O kP O KK B N P P O O F O F NN RFPF N P O FP kP O FP P B NN
, O B P O N N O FP O O F O FR B N R O FP P O O O F LB O N N

2
1
0
0
0
0
1
0
1
1
1
2
1
2
Kebun Sari Surabaya 1
0
1
0
0
1
1
2
2
0
0
1
0
1

Wonorejo Surabaya

c. Visualization of Air Pollution distribution classification
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The visualization of the maps below shows the distribution of air pollution based on the classification result of
predictions using a Deep Neural Network combined with Time-Based Feature Expansion and spatial temporal
analysis.
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Figure 7. Prediction Map of Air Pollution Distibution February 2023 to April 2023
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Figure 8. Prediction Map of Air Pollution Distribution May 2023 to July 2023

d. Discussion
Analysis of Table 6 shows that the Time-Based Deep Neural Network (DNN) model exhibits a general trend of
improved performance metrics up to time step t-10, where accuracy peaks at 86.89% and F1 score reaches 89.00%.
After t-10, the accuracy and F1 score tend to stabilize or decrease, indicating that t-10 is the most optimal time to
make predictions. This trend shows that the model performs best for short- to medium-term forecasts, with
accuracy decreasing for longer time horizons, reflecting the increasing complexity of predictions further into the
future.
The model shows high accuracy and F1 scores, with significant improvement over time. The peak performance at
t-10 indicates strong predictive ability, but the decline in performance at subsequent time steps emphasizes the
need for improvements in long-term forecasting. The dominant features PM10, SO2, CO, 03, and NO2 are critical
for accurate air quality prediction, highlighting their importance in the model and the need to focus on these
pollutants for effective air quality management.
Overall, the time-based Deep Neural Network (DNN) with feature expansion demonstrated strong performance in
predicting air pollution levels across Java Island, surpassing traditional methods. The model achieved high
accuracy and minimal prediction error over the 15-month study period, highlighting its reliability in predicting air
pollution trends. The VAR model proved effective with significant parameter estimates and smaller MAPE and
MAE values, despite not having the smallest RMSE [25]. In contrast, the RNN-LSTM model improves with larger
data volumes, reducing prediction error and improving accuracy [7] [26]. Overall, While VAR models provide a
solid foundation for time series analysis, integrating RNN-LSTM neural networks can improve air quality
forecasts, especially with larger data sets. This approach effectively identifies key features that affect pollution
and overcomes the limitations of traditional models by considering factors such as vehicle density and population.
However, the increased RMSE in long-term forecasts suggests that the model is more suitable for short- to
medium-term predictions and needs to be refined for long-term accuracy. The Time-Based DNN with feature
expansion remains robust, even with moderate data volumes, overcoming the common problems of data set size
and overfitting.
The air pollution distribution maps in Figures 4 to 6 illustrate a pattern where high and moderate air quality
categories are concentrated in urban areas such as DKI Jakarta and its surroundings. This pattern underscores the
need for targeted air quality management strategies, especially in densely populated areas. The optimal
classification prediction period for the Time-Based DNN model is about 15 months, with the most frequently
selected features providing valuable insights for future air quality assessment. The findings can guide the
government and communities in Java Island in effectively addressing air pollution and implementing measures to
improve air quality.

4. CONCLUSION

Based on the results, it can be concluded that combining feature expansion with time series data to build a classification
prediction model using Deep Neural Network significantly improves the performance of the model. Specifically, the
Deep Neural Network models demonstrated accuracy, precision, recall, and F1-score metrics. For example, model t-
5 among models t-1 to t-5 achieved a maximum accuracy of 80.00%, with precision values reaching 85.71%. The
recall values for these models ranged from 70.00% to 80.00%. Models t-6 to t-10 reached a maximum accuracy of
86.89% on model t-9 with a precision value of 87.16%. The recall values for these models ranged from 70.00% to
80.00%. Models t-11 to t-15 showed further improvement, with some combinations exceeding 80.00% accuracy. The
maximum accuracy was 86.43%, with precision values reaching 85.53% and average recall reaching 80.00%, resulting
in a high F1-score. These results show that the use of Deep Neural Network with better feature expansion is effective
for accurately predicting and categorizing data. This method has the potential to improve decision-making with data
and enhance environmental monitoring. Overall, the results of this study can be used as a reference in handling air
pollution in Java, so for future research, it is recommended to enrich the dataset with additional attributes that can
significantly affect air pollution levels and explore other machine learning algorithms to obtain better results. In
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addition, incorporating real-time data collection methods can improve the model's responsiveness to air quality
changes, thus providing more accurate and timely predictions. This approach can assist the government in Java in
identifying and implementing effective solutions to manage and mitigate air pollution.
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