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The DKI Jakarta government has the Jakarta Kini Application ~dat air pollution
(JAKI) which was developed by the Jakarta smart city management
unit. There is a JakISPU feature that displays the air pollution v 4
standard index (ISPU) in real-time, but the ISPU forecast value is

not presented to prevent the ISPU from worsening in the future.

This study presents a model for the concentration value of the

ISPU parameter which has high volatility. The model obtained is
expected to be used for forecasting the ISPU concentration value

in the next few days. The resulting model is the SO2 arch garch

model, namelys? = 3,235114 + 0,325440e?2_; + 0,6112096 ; and

arch garch. Model NO2 that

isof = 7,142879 + 0,122889¢72 , + 0,80900742,  The model

formed is free from the assumption of heteroscedasticity.

|. Introduction

The DKI Jakarta government currently has an application that is a center for
information and services for its citizens. The application is called the Jakarta Kini
Application (JAKI) which was developed through the Jakarta Smart City Management Unit.
One of the features in the application is JakISPU, which is a facility for residents who are
concerned about air quality in Jakarta. JakISPU displays the Air Pollution Standard Index
(ISPU) which is integrated with sensors belonging to the Environment Agency in real-time.
The sensors belonging to DLH are placed in all municipalities, so that every citizen can see
the ISPU according to its location. Unfortunately, this application feature only displays the
ISPU in real-time, and does not display how the ISPU forecast in the future. ISPU forecasting
in the future can be very useful as a warning to citizens. Residents of DKI Jakarta and the city
government can determine steps so that ISPU does not worsen in the future.

Development is a systematic and continuous effort made to realize something that is
aspired. Development is a change towards improvement. Changes towards improvement
require the mobilization of all human resources and reason to realize what is aspired. In
addition, development is also very dependent on the availability of natural resource wealth.
The availability of natural resources is one of the keys to economic growth in an area. (Shah,
M. et al. 2020)

The purpose of this study is to model the concentration value of the ISPU parameter so
that it can be forecasted the value of the ISPU parameter concentration in the next few days
or months. The main focus of this research is modeling for parameters that have high
volatility. Based on observations of the ISPU parameter concentration values from January 1
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to July 31, 2021, there are two parameters whose values are highly volatile, namely SO2 and
NO2. Nitrogen dioxide or abbreviated NO2 is one of the common air pollutant toxins that is
often found as a mixture of nitrogen oxides (NOx) (Ashfaque et al, 2019), reddish brown in
color and has serious effects on humans, such as inflammation of the respiratory tract,
decreased lung function. , and increased response to allergens (Bauer et al, 1986) (Ehrlich et
al, 1966). While Sulfur dioxide (SO2) is found mostly as a mixture of sulfur oxides (SOx)
with a sharp and very unpleasant smell (Ashfaque et al, 2019), it can cause damage to the
eyes, lungs and throat (Khan et al, 2014) (Nisar et al., 2014). al, 2013). In 1982, Engle
proposed an Autoregressive Conditional Heteroscedasticity (ARCH) model for data that has
high volatility, where the conditional variance is obtained from the current error as a function
of the previous time. Meanwhile, GARCH is a generalize of the ARCH model which was
developed by Bolerslev in 1986 as a more flexible model with respect to the number of
parameters. GARCH has been widely carried out as a modeling and forecasting analysis as in
2017 by Chu Jeffrey et al for modeling Cryptocurrencies, in 2018 by Kim et al for forecasting
stock price indexes on the money market, and in 2019 by Wang et al for forecasting stock
price indexes.

Il. Research Methods

2.1. Research Methods

The dataset needed in the study was obtained from the Open Data Jakarta website page
https://data.jakarta.go.id/dataset/index-standard-air-pollution-ispu-year-2021. The dataset
consists of data on the date of air quality measurement, measurement location at the station,
particulates of one of the parameters measured, sulfides in the form of SO2, carbon
monoxide, ozone, nitrogen dioxide, as well as the results of the calculation of the air pollution
standard index in the period January 1, 2021 to July 31 2021 in DKI Jakarta, which is as
much as 212 observation data. The data used for garch modeling is Sulfide data in the form of
SO2 in DKI Jakarta per day in that time span. The SO2 variable has very high fluctuating
data. The following is a time series graph for all parameters of the air pollution standard
index:
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Figure 1. SO2 Sulfide Time Series Graph Figure 2. Carbon Monoxide Time Series Graph
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Figure 2. Ozone Time Series Graph Figure 4. Nitrogen Dioxide Time Series Graph

Based on Figures 1 to 4, among the four parameters, the SO2 and NO2 parameters have
almost the same trend. The value is very high at the beginning of 2021 and decreases
drastically around days 21-40. Meanwhile, the CO time series graph tends to show a seasonal
trend but is not volatile and the O3 graph shows that there is an outlier that needs to be
investigated further, whether the outlier occurs due to natural events or human error. So that
the most suitable for Garch modeling are SO2 and NO2 data, because they are the most
volatile compared to other data. Next, we will examine descriptive statistics for the values of

these four parameters:

Table 1. Descriptive statistics of ISPU parameters

Descriptive statistics

s02 Cco 03 no2
mean 52.52 16.83 51.59 36,48
Standard Error 0.88 0.42 0.9 1.29
median 52 16 51 31
Sample Variance 162.86 36.93 171.39 352.16
Range 89 39 131 121
Minimum 37 8 20 13
Maximum 126 47 151 134
Sum 11134 3567 10938 7734
Count 212 212 212 212

Based on table 1, it is shown that the largest variance is for the SO2 and NO2
parameters. The O3 range looks great but is caused by an outlier. So the next time series

modeling using NO2 and SO2 data.

2.2. Related Research

Table 2. Several similar studies conducted to model and predict time series data using Garch:

Year Title Substance
2017 GARCH Modeling of Cryptocurrencies Modell_ng 12 types of GARC.H
for 7 different cryptocurrencies
2018 Regir_m_a changes_in Bitcoin GARCH Comparison of GARCH and
volatility dynamics MSGARCH
Forecasting the volatility of stock price  Propose a new method for
2018 index: A hybrid model integrating LSTM combining time series and

with multiple GARCH-type models

neural network models
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2.3. Air Pollution Standard Index (ISPU)
In the regulation of the minister of environment and forestry (Minister of Environment,

1997), ISPU is a number that does not have a unit that describes the condition of ambient air

quality in a particular location, which is based on the impact on human health, aesthetic value

and other living things. ISPU has several parameters, namely:

a. particulate (PM10)

b. particulate (PM2.5)

c. carbon monoxide (CO)

d. nitrogen dioxide (NO2)

e. sulfur dioxide (SO2)

f. ozone (O3)

g. hydrocarbon(HC)

The dataset provided from the Open Data Jakarta website is ISPU data from
calculations, reports, and publications. The calculated parameter concentration values (I)
(Apriawati et al, 2017) were converted using Table 3 and reported in the form of categories in
Table 4.

llra - llrb

= (Xa _Xb)

(X, — X,) +1b

Where,
| = calculated ISPU
He= upper limit of ISPU
Ib= lower limit of ISPU
Xa = upper limit ambient level
Xb= lower limit ambient level
Xx=real ambient level measurement results
The results of the above calculations are then compared with the data in Table 3
contained in KEP-45/MENLH/10/1997 (State Minister for the Environment, 1997).

Table 3. Conversion Table of ISPU parameter Concentration Value

24 hours 24 hours 24 hours 24 hours 24 hours
. . 24 hou . 24 hours
particula particula sulfur  carbon nitrogen
. . ozone S hydrocarb
ISP te te dioxide monoxid (03) dioxide on (HC)
(PM10) (PM25) (SO2) e (CO) m3 (NO2) m3
g/m3 g/m3 g/m3 g/m3 9 g/m3 9
0-50 50 155 52 4000 120 80 45
51-100 150 55.4 180 8000 235 200 100
101-200 350 150.4 400 15000 400 1140 215
201-300 420 250.4 800 30000 800 2260 432
>300 500 500 1200 45000 1000 3000 648

Table 4. Category of ISPU Range Score

Category Color Status Range Number
good Green Jan-50
Moderate Blue 51 -100
not healthy Yellow 101 - 200
Very unhealthy Red 201 - 300
Dangerous Black 301
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2.4. Unit Root Test

To determine the right type of analysis, in the time series data there is a stationarity test
on the data. There are many stationarity tests, but the one used in this study is the Augmented
Dickey Fuller Test (ADF) developed by statisticians David Dickey and Wayne Fuller
(Dickey & Fuller, 1979). This test has Hypothesis 0 which indicates the unit root is in an
autoregressive model or the data is not stationary and the alternative hypothesis is that the
data is stationary. The ADF equation is written as follows:

AY; = a+ a,t + 6Y,_; + Yizirzl-&y(t—i) + &

If the ADF result > McKinnon critical value, then HO is accepted (Hanke & Wichern,
2005

2.5. Heteroscedasticity & Arch-Lm Test

In addition to testing the stationarity of the data, the variance in a regression model
sometimes violates the assumption of homogeneity of variance, so it is necessary to test the
homogeneity of variance on the time series data using the ARCH-LM test. Research
conducted by Enders in 1995 stated that the variance of the residuals does not only come
from the function of the independent variables but depends on the squared remainder of the
previous period. The hypothesis is:
Hy: @y = ap = ++ = a, = 0 (Tidak terdapat efek ARCH)
Hy:3a; #0,i = 1,2, ...,p (Terdapat efek ARCH)
With the equation (Tsay, 2005):

€2 =ag+ arer |+ + apetz_p Y+w; t=m+1,..T

aly = grror
m = integer
T — sampling number
Hypothesis 0 will be rejected when: ¥ = X; (=)

2.6. GARCH
According to Enders in 1995, GARCH is a model that was built to avoid orders that are
too high in the ARCH model so that it can guarantee the variance is always positive. For
example Xt . is a time series data, then
Xe =y + 0 7,

Where,
I : conditional means
o, : volatility process

This equation is included in the regression analysis with time series elements. In
regression analysis, it is assumed that the variance is constant. Violation of assumptions
causes the estimates to be biased and the estimates are invalid. Variation is not constant
usually due to the high volatility between the data. In a study conducted in 1986, Bollerslev
stated that the generalized model he had proposed named GARCH was a solution that could

accommodate this problem. leftover modelsé: = Xt — [+ is said to follow the GARCH (p,q)
model if
2 _ 2 2 2 . 2 . 2
Of =0yt 016 + 036 5+ + 06 q +Y107 1+ +Vp0ip

_ q 2 P o, .2
=0o tX,_j0i6; + X V0 ;
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I11. Results and Discussion

In the time series parametric analysis, there are assumptions of stationarity that must be
met, namely stationary in the mean and variance. Stationary in the mean can be seen from the
correlogram and the ADF method (Teguh Santoso, 2011). Both SO2 and NO2 data were not
stationary in the mean, and became stationary when differencing was performed once. One-
time differencing treatment is enough to change the p-value to less than =5%. A time series
data is said to be stationary in the mean if the p-value of the Augmented Dickey-Fuller test <
and TREND > . The p-value of NO2 and SO?2 after one differencing is done is 0.0000 while
the p-value of TREND is 0.6077 and 0.3419, respectively. The test results are shown in Table
5.

Table 5. Stationarity Test Results

-Statistic Prob *
Avgmentad Dickey-Fuiler 1881 Matstic -12 40210 0.0CCC
Tost entical valuas 1% laved -4 003225
5N leved 3431789
10% leve! 3.139501
Variadie Coefficient  Sid. Emor t-Staastic Prob

) -2.388208 0.180146 -12.8021C  0.0000
) 1076962 0158488 6788516  0.0000
] 0807821 0.135609 58511 0.0000
1 ) 0.754107 0.099614 7.805387 00000
DNS02{-452) 0338354 0063881 5206671 0.0000
< -1.252891 1147202 -1092128 02761
@TREND{™MN01/2021")  0.008824 0009263 0952598 03419

NO2
»Statistic Prob.*
Augmenec Dickey-Fulee sl statinte -21.68783 00000
Test critical vaives 1% jevel -4.002354
5% avai ~3 431358
10% laval -3.139353
Variable Cosfliciert  Std Efror -Statistc Preb
DINO2¢-1)) ~1.385270 OOB3873 -29.68783  0.0000
c 097TTNM 1521818 -0.642504 0.5213

QTREND(M101/2021") 0.006384 0012418 0.514088 o.eory

Descriptively, which means that decisions are made subjectively, data stationarity can
be observed from the Autocorrelation and Partial Autocorrelation graphs. If the pattern is
irregular, then the data is said to be stationary in the mean. Based on Figure 5 and Figure 6,
the pattern is irregular, so the SO2 and NO2 time series data are stationary in the mean.
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Figure 5. Graph of ACF & PACF SO2 Figure 6. Graph of ACF & PACF SO2

If the value of d for differencing is known, then the next step is to find the p value for
AR and g for MA. For SO2 parameters, the significant ARIMA(p,d,q) model (Prob. <) is
ARIMA(1,1,1)) (Table 6), while for the NO2 parameter the ARIMA(p,d,q) model is
significant is ARIMA(0,1,1,) (Table 7).

Table 6. ARIMA SO2 . Model

Variable Coefficient Std. Error t-Statistic Prob.
C -0.086979 0.124990 -0.695889 0.4873
AR(1) 0.517892 0.078562 6.592109 0.0000
MA(1) -0.906841 0.034808 -26.05239 0.0000

Table 7. ARIMA NO2 . Model

Variable Coefficient Std. Error t-Statistic Prob.
Cc -0.202612  0.331300 -0.611567  0.5415
MA(1) -0.549413  0.057529 -9.550166  0.0000

If the time series data is stationary in the mean and variance, then the modeling is
sufficient until the ARIMA model. However, because the SO2 and NO2 (residual) data were
not stationary in variance, the modeling was carried out using GARCH analysis. The results
of the stationary test of variance or commonly called heteroscedasticity on SO2 and NO2 are
shown in Table 8 and Table 9. With Hypothesis 0: homogeneous data; and Hypothesis 1:
heterogeneous data; and Prob.<, then the SO2 and NO2 time series data violate the law of
homogeneity of variance/stationary variance.
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Table 8. ARIMA SO2 . Model

Heteroskedasticity Test: ARCH
F-statistic 10.71399 Prob. F(1,207) 0.0012
Obs*R-squared 10.28516 Prob. Chi-Square(1) 0.0013

Table 9. ARIMA NO2 . Model
Heteroskedasticity Test: ARCH

F-statistic 15.44872 Prob, F(1,208) 0.0001
Obs"R-squared 1451891 Prob, Chi-Square(1) 0.0001

The next modeling uses ARCH GARCH analysis and the following results are
obtained:

Table 10. Model GARCH SO2

Variable Coefficient  Std. Error  2-Statistic Prob
c 3235114 0.963211 3.358677 0.0008
RESID(-1)}2 0325440 0.102308 3180987 0.0015
GARCH(-1) 0611209 0.081345 7513802  0.0000
R-squared 0.079423 Mean dependent var -0.171429
Adjusted R-squared 0.070528 S.D. dependent var 9718484
S.E. of regression 9.369506 Akaike Info criterlon 6376184
Sum squared resid 1817204  Schwarz criterion 6471816
Log likelihood 6634993 Hannan-Quinn criter 6414844
Durbin-Watson stat 1.516208
Table 11. Model GARCH NO2
Variable Coefficient  Std. Error  2-Statistic Prob
c 7142879  4.210360 1.696501 0.08%98
RESID(-1)'2 0.122889 0037146 3308239  0.0009
GARCH(-1) 0.809007  0.065105 12.42620  0.0000
R-squared 0.189231 Mean dependent var -0.170616
Ad|usted R-squared 0.185362 S.D, dependent var 11.79222
S.E. of regression 10.64341  Axaike Info criterion 7.423120
Sum squared resid 2367595 Schwarz criterion 7.502647
Log Ikelihood -778.1391  Hannan-Quinn criter 7.455226
Durbin-Watson stat 1933280

Based on Table 10, the probability value of ARCH and GARCH is less than = 5%, so
the correct model for the SO2 time series data is the ARCH GARCH model with the variance
equation:

of = 3,235114 + 0,325440¢e72_, + 0,61120907,

While Table 11 shows the same thing for the NO2 parameter, namely the suitable
model is ARCH GARCH with the variance equation as follows:

a? = 7,142879 + 0,122889¢2_, + 0,80900702

Then, to test that the GARCH model formed is free from the heteroscedasticity
problem, it is to do a test using the ARCH-LM test procedure as has been done previously.
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Table 12. GARCH LM SO2 . test

Heteroskedasticity Test: ARCH

F-statistic 0.288286 Prob. F(1,207) 0.5919
Obs*R-squared 0.290667 Prob. Chi-Square(1) 0.5898

Table 13. GARCH LM NO2 . test
Heteroskedasticity Test: ARCH

F-statistic 1.653905 Prob. F(14,182) 0.0689
Obs*R-squared 22.23430 Prob. Chi-Square(14) 0.073%

Table 12 and Table 13 are proof that the estimation results for GARCH SO2 and NO2
are free from heteroscedasticity. This is indicated by the value of Prob. FSO2 and Prob. F
NO2 is greater than =5% where the probability is not statistically significant. This causes HO
to be rejected and the GARCH model no longer contains elements of heteroscedasticity.

1VV. Conclusion

Based on the results of research on several parameters of the Air Pollution Standard
Index in DKI Jakarta, the measurement data looks very volatile and very high volatility,
especially on the SO2 and NO2 parameters. Although the differencing method has been
carried out and resulted in an ARIMA model with the order of d=1, there is a regression
assumption that is still violated, namely the variance of the remainder is not homogeneous.
So that the ARCH GARCH analysis was carried out on the data and a significant probability
value was generated for both ARCH and GARCH. This means that the conditional variance
residual is not only influenced by the square of the residual, but also by the conditional
variance of the previous year. So the model is more appropriate to use ARCH GARCH.
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