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ABSTRACK

NONPARAMETRIC REGRESSION ANALYSIS USING SMOOTHING
SPLINES AND TRUNCATED SPLINES IN MODELING THE AIR

QUALITY INDEX IN INDONESIA

By

Nadhia Az Zahra

The Air Quality Index (AQI) is a composite indicator that reflects regional air quality
conditions and is influenced by multiple determinants with complex and nonlinear
relationships. In such circumstances, parametric regression may be restrictive
because it requires a predetermined functional form. This study applies spline
based nonparametric regression using smoothing splines and truncated splines to
model AQI in Indonesia and to compare the performance of both approaches. AQI is
treated as the response variable, while population density, land cover area within and
outside forest areas, and the number of motor vehicles are considered as predictor
variables. For smoothing splines, the optimal smoothing parameter is selected
using Generalized Cross Validation, whereas truncated splines are estimated using
Ordinary Least Squares under various knot configurations and selected based on
the minimum Generalized Cross Validation value. Model performance is evaluated
using Generalized Cross Validation, Mean Squared Error, and Adjusted R squared.
The study aims to identify the most appropriate model and to determine key factors
influencing AQI variation in Indonesia, thereby providing empirical support for
environmental policy making.

Keywords: Air Quality Index (AQI), nonparametric regression, smoothing splines,
truncated splines, Generalized Cross Validation (GCV), Mean Squared Error (MSE),
Adjusted R².



ABSTRAK

ANALISIS REGRESI NONPARAMETRIK MENGGUNAKAN
SMOOTHING SPLINE DAN TRUNCATED SPLINE DALAM

MEMODELKAN INDEKS KUALITAS UDARA DI INDONESIA

Oleh

Nadhia Az Zahra

Indeks Kualitas Udara (IKU) merupakan indikator komposit yang mencerminkan
kondisi kualitas udara suatu wilayah dan dipengaruhi oleh berbagai determinan
dengan hubungan yang kompleks dan nonlinier. Dalam kondisi seperti ini, regresi
parametrik dapat bersifat terbatas karena memerlukan bentuk fungsi yang telah
ditentukan sebelumnya. Penelitian ini menerapkan regresi nonparametrik berbasis
spline menggunakan smoothing splines dan truncated splines untuk memodelkan
AQI di Indonesia serta membandingkan kinerja kedua pendekatan tersebut. AQI
diperlakukan sebagai variabel respon, sedangkan kepadatan penduduk, luas tutupan
lahan di dalam dan di luar kawasan hutan, serta jumlah kendaraan bermotor
dipertimbangkan sebagai variabel prediktor. Pada smoothing splines, parameter
penghalus optimal dipilih menggunakan Generalized Cross Validation, sedangkan
truncated splines diestimasi menggunakan Ordinary Least Squares dengan berbagai
konfigurasi titik knot dan dipilih berdasarkan nilai Generalized Cross Validation
minimum. Kinerja model dievaluasi menggunakan Generalized Cross Validation,
Mean Squared Error, dan Adjusted R squared. Penelitian ini bertujuan untuk
mengidentifikasi model yang paling sesuai serta menentukan faktor faktor utama
yang memengaruhi variasi AQI di Indonesia, sehingga dapat memberikan dukungan
empiris bagi perumusan kebijakan lingkungan.

Kata-kata kunci: Indeks Kualitas Udara (IKU), regresi nonparametrik, smoothing
splines, truncated splines, Generalized Cross Validation (GCV), Mean Squared
Error (MSE), koefisien Determinasi.
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I. INTRODUCTION

1.1 Background and Issues

Regression analysis is a statistical method used for the investigation of
interconnections between two or more variables. Practically, the variables are
commonly divided into independent and dependent ones. The independent variables
represent factors, which potentially may influence the outcomes, while the dependent
ones mark the effects or results of influences ( Ali, 2021). In addition, regression
is also commonly used for estimating the robustness of the connection between a
set of many variables and a specified response variable. Using the framework of
randomized clinical trials, the examination is usually predefined and formulated
for the purposes of clarity ( Zapf, 2024). Typically, the regression analysis may
also be undertaken utilizing three different methodologies namely parametric,
nonparametric, and semiparametric ( Dani, 2021).

Parametric regression applies when the connection between the variables is precisely
specified and presumed to adopt a specified structure ( Suparti, 2018). In a situation
when the data pattern is not specified, a better representation is given by the
nonparametric regression ( Carolin Wongkar, 2023). The semiparametric regression
incorporates the aspects of the parametric as well as the nonparametric approach
into a unified model ( Dani, 2021).

The three regression methods have distinctive uses. Parametric regression is
commonly used when the functional form of the regression relationship is
predescribed from theory or from previously established research outcomes.
Nevertheless, not all data sets may be adequately described with this method,
especially when the interaction between the responses and the predictor variables
remains indeterminable or vague ( Yavuz, 2022). This method may impose
problematic or inaccurate understandings when used under these conditions. The



2

opposite, however, would be nonparametric regression, which is commonly preferred
over the parametric and semiparametric methods due to the simpler and more
accommodative assumptions underlying this approach, leading to more accurate
estimates that exhibit lower sensitivities to data pattern variation.

One of the well known parametric methods for estimating regression curves would be
the splines regression. This method is especially effective because of the ability of the
splines to accommodate fluctuations of the data behavior over particular sub-intervals
( Handayani, 2024). Splines are also commonly used for the nonparametric regression
due to the clear visualization interpretation, flexibility, and ability to handle smoothly
changing functions. There also exist a lot of splines estimation methods including
Truncated Splines, Smoothing Splines, and others ( Mariati, 2021).

These methods used for the estimation of splines are the smoothing splines and
the truncated splines. Smoothing splines happen to be a general nonparametric
regression methodology since they can balance the exactness of model fitting with
the smoothness of the estimated curve by means of a smoothing parameter. In spite
of the computational intensity of the procedure, which could restrict the applicability
of the procedure for large datasets ( Xu, 2020), the procedure affords success with
datasets with smooth characteristics and is reliable in the identification of the pattern
changing over specified intervals ( Mariati, 2021).

Truncated splines are polynomial forms defined in segmented elements (? ?). They
do pose some sort of limitations, especially when the situation involves a high-order
splines, a high number of knots, or tightly located knots, which may cause the matrix
of the normal equations to approach singularity and thereby render the solving
process challenging. This procedure does have limitations, especially if the order of
the splines is high, the number of knots is high, or the knots close to each other. In
these cases, the matrix of the normal equations may approach singularity and hence
posing difficulty for the solving process ( Ariesta, 2021). Despite these setbacks, the
segmented form of truncated splines allows them to accommodate local attributes of
the data more effectively than the ordinary polynomials, leading to regression curves
fitting the dataset more precisely ( Anggreni, 2018).

Several previous studies have applied nonparametric regression using smoothing
and truncated splines. For example, (Mariati, 2021) used smoothing splines
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amid nonparametric regression analysis for social data, which demonstrates the
applicability of the technique for depicting complex data trends. At the same
time, (Nurcahayani, 2019) used truncated splines for modeling the average
years of education for several districts in Java, which shows the capability of
the methodology for effectively outlining tendencies for specific sub-intervals.
In addition, comparative studies, like those from (Nyoman Budiantara, 2019),
reported that the smoothing splines set a better standard than the truncated splines
for modeling the human blood pressure based on the Mean Squared Error (MSE).

Nonparametric splines regression, including smoothing and truncated splines, is
especially suited for the analysis of social and environmental data, for which the
interplay between variables usually is vague, complicated, and nonlinear. Splines
techniques provide smooth estimates but maintain responsiveness at local variation
points, making them of special interest for the modeling of the Air Quality Index
(AQI), a parameter depending on many determinants which change from region to
region in Indonesia.

Air Quality Index (AQI) is a parameter formulated to indicate the condition of the
air within a specified area, calculated from the composite value of many pollutant
parameters as specified by the current regulations ( Arini, 2023). The AQI acts as
a numeric value, providing a determination of air cleanliness or level of pollution.
The AQI is usually assigned a range of six classes, which are good, satisfactory,
moderately polluted, poor, very poor, and hazardous ( Pant, 2023). The ranges are
set depending on the NO2 and SO2 parameter data, as increased levels of these
emissions negatively impact air quality.

Other air quality factors used for this research involve population density, the use of
the land, as well as the number of vehicles. The population density usually correlates
with high human activities, thus potentially leading to a high volume of emissions (
Pant, 2023). The kind of land cover is also directly correlated with the capacity of
the environment for absorbing the pollutant. Thus, the region with less vegetation
signifies a region with poor air quality ( Kumar Singh, 2024). Conversely, the number
of vehicles also serves as a prime air pollution source, and this mainly concerns the
cities with heavy traffic.

Therefore, an appropriate modeling method should be utilized to capture the
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dynamic nature of the time series of Air Quality Index of Indonesia. These air
quality observation data are appropriate for this form of data as the nonparametric
splines regression model has also been referred to as particularly robust at revealing
nonlinear trends ( Gutiérrez, 2016).

Based on the description above, this research attempts to apply the smoothing
splines and truncated splines models for estimating AQI in Indonesia and compare
the performance of both methods in modeling the AQI in Indonesia.

1.2 Research Problems

The research problems can be formulated as follows:

1. How can nonparametric regression models using smoothing splines and truncated
splines be developed to model the Air Quality Index (AQI) in Indonesia?

2. Which splines model provides the best performance based on selection criteria
such as Generalized Cross Validation (GCV), coefficient of determination (R²),
and Mean Squared Error (MSE)?

3. What factors significantly influence the Air Quality Index in Indonesia according
to the best performing splines model?

1.3 Research Objectives

The objectives of this study are as follows:

1. To develop nonparametric regression models using smoothing splines and
truncated splines for modeling the Air Quality Index in Indonesia.

2. To determine the best model for each splines method based on selection criteria
such as Generalized Cross Validation (GCV), the coefficient of determination
(R²), and Mean Squared Error (MSE).

3. To identify the factors that have a significant influence on the Air Quality Index
in Indonesia based on the best performing splines model.
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1.4 Research Benefits

The benefits of this study are:

1. Development of a nonparametric model for understanding the Air Quality Index
in Indonesia.

2. Identification of the best model that enables more accurate air quality predictions.

3. Identification of the key factors influencing the Air Quality Index, providing
support for environmental policy making.



II. LITERATURE REVIEW

2.1 Regression Analysis

According to (Kumari, 2018), regression is a statistical technique used to examine
the relationship or influence between one variable and another. When the relationship
is linear, the analysis is called linear regression. Linear regression involving only
one dependent variable and one independent variable is referred to as simple linear
regression, while if the dependent variable is influenced by two or more independent
variables, the analysis is called multiple linear regression.

In addition to analyzing the relationship between paired data x and y, regression can
also be applied for prediction purposes ( Heinze, 2024). Let x denote the predictor
variable and y the response variable for n observations {(xi, yi)}ni=1. The linear
relationship between these variables can be expressed using the general regression
model:

yi = f(xi) + ϵi, i = 1, 2, . . . , n (2.1)

In this model, yi represents the dependent variable for the i-th observation, ϵi is the
error term assumed to follow a normal distribution with a mean of zero and constant
variance σ2, and f(xi) indicates the regression function or curve ( Heinze, 2024).

In estimating a regression function or curve, there are two main approaches, namely
parametric and nonparametric. In parametric regression, the form of the regression
curve is assumed to be known in advance, which makes the method relatively rigid (
Yavuz, 2022). In contrast, nonparametric regression does not require a predetermined
curve shape, providing greater flexibility and making it suitable for various real-world
applications. A widely used nonparametric approach is splines regression.



7

In estimating a regression function or curve, there are two main approaches, namely
parametric and nonparametric. In parametric regression, the form of the regression
curve is assumed to be known in advance, which makes the method relatively rigid (
Yavuz, 2022). In contrast, nonparametric regression does not require a predetermined
curve shape, providing greater flexibility and making it suitable for various real-world
applications. A widely used nonparametric approach is splines regression.

2.2 Parametric Regression

The parametric regression approach is applied when the form of the regression curve
or the pattern of the relationship between the response and predictor variables is
already known. Some types of models included in parametric regression are linear,
quadratic, cubic, and polynomial regressions of degree k, as well as other variations
( Erlando, 2022). Among these forms, polynomial regression models are the most
commonly used. In general, a polynomial regression equation of degree k can be
expressed as follows:

yi = β0 + β1xi + β2x
2
i + β3x

3
i + · · ·+ ϵi (2.2)

Where:

yi : Response variable.

xi, . . . , x
n
i : Predictor variables.

β1, . . . , βn: Unknown parameters.

ϵi: Independent error, N ∼ (0, σ2).

2.3 Nonparametric Regression

With the advent of the latter part of the 1990s, the use of nonparametric regression
as a data analysis approach witnessed a significant growth. This development
finds impetus from the requirements for methods for the effective handling of
heterogeneous data that often fail to meet the parametric assumptions. As a highly
dynamic approach, this methodology assumes great importance in the study of
longitudinal data ( Sriliana, 2022).
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Typical cases for the usage of the nonparametric regression involve when the shape
of the regression curve is unspecified or when limited prior knowledge ascertains
the shape of the data pattern ( Chen, 2022). The general characterization of a
nonparametric regression model may be declared as follows:

yi = f(xi) + ϵi, i = 1, 2, . . . , n (2.3)

Where:

yi : Response variable.
f(xi) : A function f representing the regression curve whose form is unknown.
xi : Predictor variable.
ϵi : Independent error, N ∼ (0, σ2).

2.4 Smoothing Splines Regression

The nonparametric regression method of smoothing splines is essentially a function
capable of accurately capturing data patterns while producing a relatively low
variance error ( Centofanti, 2023). In addition, smoothing splines regression is
also applied in data smoothing by utilizing spline functions, such that the resulting
estimates yield a small residual sum of squares. The smoothing splines estimator
f̂λ for f is defined as the one that minimizes the following Penalized Least Square
(PLS) function ( Nisa, 2018):

Qλ(s) =

n∑
i=1

[yi − f(xi)]
2 + λ

∫ 1

0

[f ′′(x)]
2
dx.

Where:

λ : The smoothing parameter controlling the smoothness of the curve.∑n
i=1 [yi − f(xi)]

2 : The residual sum of squares.
λ
∫ 1

0
[f ′′(x)]2 dx : The roughness penalty.

According to (Paulina, 2022), the value of the parameter λ lies within the range
from 0 to infinity. When λ approaches zero, the resulting curve tends to be rougher
but the model becomes highly accurate, since the distance between the observed data
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and the predicted values is very small. Conversely, as λ increases towards infinity,
the curve becomes smoother with minimal curvature, but the model loses precision
as the distance between the observed and predicted values becomes larger, consistent
with the roughness penalty.

To determine the smoothing parameter in smoothing splines regression, one of the
methods that can be employed is Generalized Cross Validation (GCV), as selecting an
appropriate parameter is crucial for obtaining an optimal curve estimator ( Li, 2023).
The formula for the GCV method in nonparametric smoothing splines regression is
given by:

GCVλ =
MSE(

1
n

trace[I− Sλ]
)2

Where:

n : Number of observations.
I : Identity matrix.
MSE : 1

n

∑n
i=1 [yi − f(xi)]

2.
Sλ : (I+ λK)−1.
K : WB−1W T .
W : A matrix of dimension n× (n− 2).
B : A matrix of dimension (n− 2)× (n− 2).

2.5 Truncated Splines Regression

According to (Putra, 2015), a splines refers to a piecewise polynomial structure with
smoothness which may construct regression functions nearby the data. Truncated
splines regression analysis only consists of a single response variable for univariate
as well as multivariate nonparametric regression settings. For the univariate
nonparametric truncated splines regression case, a single response variable exists
with a single predictor variable ( Kurniawati, 2019).

The merits of truncated splines include great suitability for data with variations
arising within specified sub-intervals ( Sriliana, 2022). Application of knot points
also provides for the formation of relatively smooth regression curves as it can
accommodate instances of data forms involving sudden rises as well as sudden
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falls ( Goepp, 2018). In the formation of a truncated splines regression model,
various factors come into consideration including the definition of the degree of
the regression model, the number of knot points, as well as the location of the
knot points ( Yang, 2023). A truncated splines function of order p with knot points
K1, K2, . . . , Kr forms a regression curve denoted as f(xi), which may be defined
by the expression ( Kurniawati, 2019):

f(xi) =

m∑
k=0

βkx
k
i +

r∑
k=1

β(m+l)(xi −K1)
m
+

The truncated function includes truncated components as follows ( Dani,
2021):

(xi −Kl)
m
+ =

(xi −Kl)
m, if xi ≥ Kl

0, if xi < Kl

Where:

λ : The smoothing parameter controlling the smoothness of the curve.∑n
i=1 [yi − f(xi)]

2 : The residual sum of squares.
λ
∫ 1

0
[f ′′(x)]2 dx : The roughness penalty.

Based on equation (2.4), the order k represents the degree of the polynomial, while
the knot points indicate where changes in the data pattern occur. When equation (2.4)
is substituted into equation (2.3), the truncated splines nonparametric regression
model takes the following form:

yi =

m∑
k=0

βkx
k
i +

r∑
k=1

β(m+l)(xi −K1)
m
+ + ϵi (2.6)

In equation (2.6), the truncated splines nonparametric regression model can be
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expressed in matrix form as:


y1

y2
...
yn

 =


1 x1 x21 . . . xp1

... (x1 −K1)
m
+ . . . (x1 −Kr)

m
+

1 x2 x22 . . . xp2
... (x2 −K1)

m
+ . . . (x2 −Kr)

m
+

...
...

...
. . .

...
...

...
. . .

...

1 xn x2n . . . xpn
... (xn −K1)

m
+ . . . (xn −Kr)

m
+




b0

b1
...

bp+r

+


ϵ1

ϵ2
...
ϵn


(2.7)

It can also be written using matrix notation as:

y = Xβ + ϵ

Let y denote the response vector of dimension n × 1, X the design matrix of
dimension n× (m+ r + 1), β the parameter vector to be estimated with dimension
(m + r + 1) × 1, and ϵ the error vector of dimension n × 1. In this study, the
parameter vector β is estimated using the Ordinary Least Squares (OLS) approach,
which minimizes the sum of squared residuals. Accordingly, the OLS estimator of β
can be obtained by solving the following optimization problem:

minQ(β) = min
{
(y −Xβ)T (y −Xβ)

}
(2.8)

Expanding Equation (2.8) yields:

Q(β) = (y −Xβ)T (y −Xβ)

= (yT − βTXT )(y −Xβ)

= yTy − 2βTXTy + βTXTXβ (2.9)

Taking the first derivative of Q(β) with respect to β gives:

∂Q(β)

∂β
= −2XTy + 2XTXβ (2.10)

By setting the first-order condition in Equation (2.10) equal to zero, we obtain:

−2XTy + 2XTXβ = 0 (2.11)

which simplifies to:
XTXβ = XTy (2.12)
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Thus, the OLS estimator β is expressed as:

β̂ = (XTX)−1XTy (2.13)

Based on model (2.6), using one response variable and one predictor variable, a
truncated splines nonparametric regression model can be constructed with degree
p (where p = 1, 2, 3) at knot points K1, K2, K3. The models that can be applied
include:

a. Linear truncated splines (p = 1) with one knot (K1):

ŷ = β̂0 + β̂1x1 + β̂2(x1 −K1)+

b. Quadratic truncated splines (p = 2) with one knot (K1):

ŷ = β̂0 + β̂1x1 + β̂2x
2
1 + β̂3(x1 −K1)

2
+

c. Cubic truncated splines (p = 3) with one knot (K1):

ŷ = β̂0 + β̂1x1 + β̂2x
2
1 + β̂3x

3
1 + β̂4(x1 −K1)

3
+

d. Linear truncated splines (p = 1) with two knots (K2):

ŷ = β̂0 + β̂1x1 + β̂2(x1 −K1)+ + β̂3(x1 −K2)+

e. Quadratic truncated splines (p = 2) with two knots (K2):

ŷ = β̂0 + β̂1x1 + β̂2x
2
1 + β̂3(x1 −K1)

2
+ + β̂4(x1 −K2)

2
+

f. Cubic truncated splines (p = 3) with two knots (K2):

ŷ = β̂0 + β̂1x1 + β̂2x
2
1 + β̂3x

3
1 + β̂4(x1 −K1)

3
+ + β̂5(x1 −K2)

3
+

g. Linear truncated splines (p = 1) with three knots (K3):

ŷ = β̂0 + β̂1x1 + β̂2(x1 −K1)+ + β̂3(x1 −K2)+ + β̂4(x1 −K3)+
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h. Quadratic truncated splines (p = 2) with three knots (K3):

ŷ = β̂0 + β̂1x1 + β̂2x
2
1 + β̂3(x1 −K1)

2
+ + β̂4(x1 −K2)

2
+ + β̂5(x1 −K3)

2
+

i. Cubic truncated splines (p = 3) with three knots (K3):

ŷ = β̂0 + β̂1x1 + β̂2x
2
1 + β̂3x

3
1 + β̂4(x1 −K1)

3
+ + β̂5(x1 −K2)

3
+ + β̂6(x1 −K3)

3
+

To obtain the optimal truncated splines regression model, special attention must be
given when determining the knot points (K1, K2, . . . , Kn). The presence of knot
points divides the curve into several segments according to the specified locations.
Therefore, the selection of knot points should not be done arbitrarily but must
consider the data distribution pattern carefully.

The calculation for knot values can be broken down as follows:

∆j =
Xj,max −Xj,min

L− 1
(2.14)

The k-th grid point is calculated as:

gj,k = Xj,min + (k − 1)∆j (2.15)

In choosing the best truncated splines regression model, the Generalized Cross
Validation (GCV) value is used as a reference. Optimal knot points are determined
based on the minimum GCV value. The smaller the GCV value obtained, the better
the truncated splines regression model at the optimal knot points ( Sifriyani, 2018).
The formula for calculating the GCV value is expressed as:

GCV (K1, K2, . . . , Kn) =
MSE(K1, K2, . . . , Kn)(

1
n

trace[I − A(K1, K2, . . . , Kn)]
)2 (2.16)

Where:

n = number of data points
I = identity matrix
MSE = 1

n

∑n
i=1(yi − ŷi)

2

(K1, K2, . . . , Kn) = knot points
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A(K1, K2, . . . , Kn) = (XTX)−1XT

X =


1 x1 · · · xm−1

1 (x1 −K1)
m−1 · · · (x1 −Kh)

m−1

1 x2 · · · xm−1
2 (x2 −K1)

m−1 · · · (x2 −Kh)
m−1

...
... . . . ...

... . . . ...
1 xn · · · xm−1

n (xn −K1)
m−1 · · · (xn −Kh)

m−1



2.6 Model Evaluation

2.6.1 Mean Squared Error(MSE

The selection of knot locations is crucial in obtaining the best splines regression
model. One of the commonly used methods for selecting knot locations and
determining the best regression model is by using the Mean Squared Error (MSE).
MSE can also be applied to detect outliers in the data. This is because the
computation of MSE involves squaring the residuals, which causes large errors
to have a much greater influence compared to small errors. In other words, when a
prediction deviates substantially, the squaring process amplifies its contribution to
the overall MSE value ( Chicco, 2021).

Mean Squared Error (MSE) represents an estimate of the residual variance. A model
with the minimum MSE is considered the best model, as it indicates that the estimates
are closer to the actual values ( Tripena, 2022). The MSE function for the splines
model is given by:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2

Where:

yi : The i-th actual value.
ŷi : The i-th predicted value.
n : Number of observations.
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2.6.2 Coefficient Determination (R2)

Adjusted R2 is a way to measure how well a regression model fits the data and how
accurate it is. Adjusted R2 is the R2 value that has been penalized for including
independent variables that may not be relevant to the model. This means that it can
stop the model from looking strong just because it has too many variables ( Li, 2024).
The formula for the coefficient of determination is as follows:

R2
adj = 1− SSE/(n− dfeff)

SST/(n− 1)

where SSE (Sum of Squared Errors) measures the remaining error between the
observed values and the model predictions, and SST (Total Sum of Squares) measures
the total variation in the observed data.

2.7 Air Quality Index (AQI)

As shown by (Arini, 2023), the Air Quality Index (AQI) is an air quality parameter,
calculated from the cumulative value of the various air pollutant parameters of a
region for a specified time. In general, air pollution has been well established as a
big challenge in the majority of the cities of the world, including Indonesia. This
conceptualization is supported by the rising tendencies of ambient air pollutant
parameters such as carbon monoxide (CO), sulfur dioxide (SO2), nitrogen dioxide
(NO2), ozone (O3), and particulate matter (TSP, PM10, and PM2.5). Corresponding
with the rising population, the demand for transport as well as energy also increases.
The more frequent usage of transport facilities as well as the rising energy usage
contribute significantly towards enhancing the level of air pollution, which further
influences the environment as well as the general well-being of the population.

In general, the installation of the ambient air quality monitoring instrumentation
shall meet the following requirements:

a. Sited in a clearing without obstruction which offers a minimum clearance angle
of 120° from obstacles, including structures or raised vegetation,

b. With sampling inlet height of not less than two meters above the ground level for
particulate and gaseous emissions,
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c. At least 20 meters from the closest emission source, and

d. In the case of industrial activities, the sampling spot must comply with current
standards for the prevention of air pollution emissions from stationary sources.

Air Quality Index (AQI) is classified into a number of classes for the interpretation
of the condition of the atmosphere for a given area. As stated by the Regulation of
the Minister of Environment and Forestry of the Republic of Indonesia Number 27
of the year 2021, the AQI consists of five classes. Precisely, an AQI value between
90 and 100 goes by the name very good, whereas a value between 70 and below
90 qualifies as good, a value between 50 and below 70 goes by the name moderate.
Conversely, air quality with a value between 25 and below 50 qualifies as poor, and
when the AQI value measures between 0 and below 25, this corresponds to a very
poor air quality class.

In accordance with the Regulation from the Minister of Environment and Forestry of
the Republic of Indonesia, Number 27 of the year 2021, regarding the Environmental
Quality Index, the selection of stations for monitoring ambient air quality uses the
Indonesian National Standard (SNI) specifying the sampling methods. The selection
criteria for the sites include the areas which are typified by heavy traffic around main
streets, industrial areas, highly populated residential centers, diversified land cover
both with and without forests, and office buildings which experience little impact
from transport activities.

Among the key factors leading to air quality concerns is the elevated population
density, which also provides a growing demand for energy, transport, and industrial
operations. This growth also precipitates a deteriorating state of local air quality.
The evidence shows a probable deteriorating state of air quality by a population
density boost since it amplifies the amount of anthropogenic activities adding up
to the emissions of harmful gases. Consequently, population density serves as a
significant parameter used when determining the Air Quality Index (AQI).

Population density and land cover are crucial factors affecting air quality. Open
green spaces act as pollutant sinks, so a reduction in vegetation cover can worsen
air pollution scenarios ( Cintoro, 2023). Vegetation cover plays a significant role
in reducing pollutants, especially in cities with high transportation and industrial
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activities. Thus, the area and extent of land cover, including forests and green spaces,
are important when studying air quality. Another key factor is the number of motor
vehicles, a major source of air pollution in Indonesia. Motor vehicles are significant
emitters of pollutants, particularly particulates and exhaust gases ( Fitriyah, 2022).
As the number of vehicles increases, emissions also rise, contributing to a decline
in air quality. Therefore, the quantity of motor vehicles is a critical parameter for
assessing variations in the Air Quality Index (AQI).



III. RESEARCH METHODS

3.1 Time and Place of Research

The research was conducted in the odd semester of the 2025/2026 academic year
at the Department of Mathematics, Faculty of Mathematics and Natural Sciences,
University of Lampung.

3.2 Research Data

The secondary data used in this research were obtained from the publications of
Statistics Indonesia (BPS), available through the official website https://www.
bps.go.id, for 32 provinces in Indonesia in 2023. The collected data include
the response variable in the form of the air quality index, with predictor variables
consisting of population density by province (people/km²) (X1), land cover area
within and outside forest areas (Thousand Hectares) (X2), and the number of motor
vehicles (X3).

3.3 Research Methods

The analysis was carried out by employing two separate nonparametric regression
techniques to compare smoothing splines and truncated splines regression by
utilizing the RStudio software. The research methodology used here consists of the
following:

1. Execute operations of pre-processing data, including verifying the
completeness of data and scaling if required.

2. Conduct exploratory data analysis to determine the preliminary relationship

https://www.bps.go.id
https://www.bps.go.id
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between the predictor variables X1 (population density), X2 (land cover), and
X3 (number of motor vehicles) and the outcome variable Y (air quality index).

3. Utilization of nonparametric regression modeling adopting two techniques,
smoothing splines and truncated splines entails the following procedure:

• For smoothing splines, estimating the best smoothing parameter (λ)
using the Generalized Cross Validation (GCV) approach.

• For truncated splines, selecting several candidate knot points, formulating
splines models for each candidate knot using the Ordinary Least Squares
(OLS) methodology, and subsequently measuring the GCV for each
model.

4. Choice of optimum smoothing splines model from the minimum GCV value.

5. Selecting the truncated splines model corresponding with the minimum GCV
value by the number and the location of the knot.

6. Comparison between the two models (smoothing splines and truncated splines)
output using the evaluation criteria such as coefficient of determination (Adj
R2), Mean Squared Error (MSE).

7. Interpretation of model fit and the relative performances of the smoothing
splines and the truncated splines.

8. Inference from the analysis and the comparison of the two splines regression
models for the air quality index of Indonesia during the year 2023.
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Figure 1 Smoothing Splines and Truncated Splines In Modeling The Air Quality Index In
Indonesia



V. CONCLUSION

Based on the results of research conducted on nonparametric regression using
smoothing splines and truncated splines to model the Air Quality Index (AQI) in
Indonesia, the following conclusions were obtained:

1 Two nonparametric regression models, namely smoothing splines and
truncated splines, were successfully developed to model the Air Quality Index
(AQI) in Indonesia. Both models were chosen for their ability to capture the
nonlinear relationship between AQI and factors such as population density,
land cover, and number of motor vehicles. The development of these models
involved selecting the optimal lambda (λ) value using Generalized Cross
Validation (GCV) to ensure the best balance between model accuracy and the
smoothness of the resulting curve.

2 The evaluation results showed that the smoothing splines model performed
better than the truncated splines model. Based on the Adjusted R2 value, the
smoothing splines model explained 79.4% of the variation in AQI, while the
truncated splines model explained only 72.9% of the variation. This indicates
that smoothing splines is more effective at capturing the complex relationship
between variables that affect air quality. Additionally, the Mean Squared Error
(MSE) for the smoothing splines model was 0.0716, which is lower than the
MSE of 0.2196 for the truncated splines model, indicating that the smoothing
splines model is more accurate in predicting AQI.

3 The smoothing splines model also showed that the optimal lambda (λ) values
were used to assess the impact of each factor on AQI changes. Based on the
lambda analysis, it was found that population density and number of motor
vehicles had smaller lambda values, indicating that these two factors have a
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more significant influence on AQI changes in Indonesia. Although land cover
also has an effect, the lambda value for this factor is larger, suggesting that
its influence on air quality is not as significant as the other two factors. This
shows that the smoothing splines model assigns more weight to the more
dominant factors affecting AQI, such as population density and the number of
motor vehicles.
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