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ABSTRACT

This study estimates and maps PMio concentrations in Makassar, Indonesia, using Landsat 8 imagery integrated
with field-based measurements, and evaluates whether multi-band spectral information improves satellite-based
PMo estimation in a tropical coastal urban environment. Landsat 8 OLI/TIRS Collection 2 Level-1 imagery ac-
quired on 27 March 2025 was processed through radiometric correction, atmospheric correction, and spectral
reflectance extraction. Field-based PMio measurements were collected from 30 observation points using the gravi-
metric method. The dataset was divided into 80% for model development and 20% for independent validation.
Landsat 8 Bands 1-4 were used as predictor variables in multiple linear regression models, and model performance
was evaluated using the correlation coefficient, coefficient of determination, and root mean square error. The results
showed that Bands 14 had significant positive correlations with PMio concentrations, with correlation coefficients
ranging from 0.709 to 0.755. Model B, which combined Bands 1, 2, 3, and 4, produced the best performance, with
R =0.811 and R? = 0.658 during model development. Independent validation confirmed its superior performance,
with R =0.781, R*=0.609, and RMSE = 33.1083 ng/m?. These findings indicate that satellite-based PMio estima-
tion in Makassar is feasible, but should be interpreted as a spatial approximation rather than a direct replacement
for ground-based measurements. The model remains affected by optical sensor limitations, temporal differences
between image acquisition and field measurements, cloud-related constraints, and the absence of meteorological
variables. Practically, the resulting PMio maps can help identify priority areas for air quality monitoring in cities
with limited monitoring infrastructure. The originality of this study lies in demonstrating that a multi-band Landsat
8 configuration is more suitable for representing PMo variability in a medium-sized tropical coastal city by captur-
ing aerosol scattering, heterogeneous urban surfaces, and coastal environmental influences.
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INTRODUCTION

Air quality is one of the primary indicators of
urban environmental health and public well-being.
In recent decades, air pollution has evolved into
an increasingly serious global issue. The World
Health Organization (WHO) reports that approxi-
mately 99% of the global population is still ex-
posed to air that does not meet health-based qual-
ity standards, with ambient air pollution causing
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more than seven million premature deaths each
year (Shaddick et al., 2020; WHO, 2021). This
condition is closely associated with the growing
pressure of anthropogenic activities on the atmo-
sphere, particularly in urban areas.

In urban regions, population growth, high
mobility, and rapid infrastructure development
contribute to increasing emissions from the trans-
portation sector, fossil fuel-based energy con-
sumption, as well as industrial and construction
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activities (Thanvisitthpon et al., 2024). These
activities contribute to elevated concentrations of
air pollutants, particularly suspended particulate
matter. Furthermore, the physical characteristics
of cities, such as high building density and lim-
ited green open spaces, often restrict natural air
circulation, thereby increasing the potential accu-
mulation of pollutants in the lower layers of the
atmosphere (Bernardino et al., 2021). Therefore,
the dynamics of urban air quality are influenced
by a combination of emission sources and the
spatial structure of the city (Han et al., 2020).

One of the most dominant and persistent air
pollutants in urban areas is particulate matter
with an aerodynamic diameter of less than 10 pm
(PM10). These fine particles have the potential to
penetrate the human respiratory system and cause
various adverse health effects. PMio concentra-
tions in many major cities across Asia, including
Indonesia, are frequently reported to exceed the
annual guideline value established by the WHO,
which is 15 pg/m?. For instance, the cities of Ja-
karta and Surabaya record PMio concentrations
of approximately 40-60 pg/m* (KLHK, 2023),
while Bangkok, Hanoi, and Manila show con-
centrations ranging from 40 to 90 pg/m* (Usman,
2023; Santoso et al., 2021; Phan et al., 2020).

Makassar, one of the major economic growth
centers in eastern Indonesia, is experiencing a
similar challenge. Population growth, increased
transportation activities, and the expansion of
built-up areas have the potential to elevate par-
ticulate emissions into the atmosphere. Data from
Ministry of Environment and Forestry of Indone-
sia (KLHK, 2023) indicate that PMio concentra-
tions in Makassar periodically range between 50
and 60 pg/m?, suggesting a level of air pollution
that requires serious attention.

However, the air quality monitoring system
in Makassar still faces significant limitations,
particularly in terms of the number and spatial
distribution of monitoring stations. According to
data from IQAir (2024-2025), South Sulawesi
Province has only three air quality monitoring
stations, with only one located in Makassar. This
condition results in spatially limited PMio mea-
surement data, making it difficult to comprehen-
sively represent the spatial distribution of air pol-
lution across the city.

The limitations of terrestrial monitoring data
highlight the need for alternative approaches
in air quality assessment. In this context, sat-
ellite-based remote sensing technology offers

considerable potential for estimating air quality
parameters both spatially and temporally, as it
provides broad and consistent spatial coverage
that can complement the limitations of ground-
based measurements (Ranjan et al., 2021). Sever-
al previous studies have also utilized remote sens-
ing data to analyze urban air quality. For example,
the integration of Landsat 8 and MODIS imagery
has been applied to estimate atmospheric pollut-
ant concentrations, revealing seasonal variations
in air pollution across the metropolitan area of
Makassar (Harusi et al., 2025). These findings
demonstrate the potential of satellite imagery for
monitoring urban air quality.

Landsat 8 is one of the most widely used re-
mote sensing platforms in urban environmental
studies, including research related to air quality.
The satellite is equipped with the operational
land imager (OLI) and thermal infrared sensor
(TIRS), which capture multispectral data across
various wavelengths with relatively high spatial
resolution, making them suitable for environmen-
tal analysis at the urban scale (Small and Zappa,
2017). These characteristics make Landsat 8 par-
ticularly relevant for urban environments that ex-
hibit diverse land-use patterns and high intensi-
ties of human activities.

Several studies indicate that spectral reflec-
tance recorded by the OLI sensor, particularly
within the visible to shortwave infrared spectrum,
is associated with the presence of atmospheric
particulates (Yang et al., 2021). Suspended par-
ticles such as PMio influence the scattering and
absorption processes of electromagnetic radia-
tion, meaning that variations in their concentra-
tions can be reflected in changes in satellite im-
age reflectance values (Fernandez-Pacheco et al.,
2018). Based on this mechanism, spectral param-
eters derived from Landsat 8 have frequently been
used as predictor variables in the development of
empirical PMio models through statistical and re-
gression-based approaches (Heriza et al., 2023).

PMio modeling approaches based on Landsat
8 have been applied in various urban regions and
have demonstrated a relatively good capability in
representing the spatial variability of particulate
concentrations, particularly when calibrated with
ground-based measurement data (Liu and Wang,
2024). The advantages of Landsat 8 in terms
of long-term data availability and wide spatial
coverage make it an important alternative in re-
gions with limited air quality monitoring stations
(Lin et al., 2021). Nevertheless, several studies
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emphasize that the success of PMio estimation
strongly depends on the quality of image prepro-
cessing, including radiometric and atmospheric
corrections, as well as the suitability of statisti-
cal models to the local characteristics of the study
area (Ranjan et al., 2021). However, most of these
studies have primarily focused on major metro-
politan areas worldwide, while investigations in
medium-sized developing cities such as Makas-
sar remain relatively limited.

Although satellite-based PMio estimation has
shown promising results, several research gaps
remain. Most previous studies have focused on
large metropolitan areas with more extensive
monitoring infrastructure, while medium-sized
tropical coastal cities remain underrepresented.
In addition, the spectral sensitivity of Landsat
8 bands to particulate matter concentrations un-
der tropical coastal atmospheric conditions has
not been sufficiently evaluated using field-based
validation data. Previous studies have shown that
satellite-based particulate matter estimation is
strongly influenced by aerosol data quality, model
selection, atmospheric correction, and local envi-
ronmental conditions (Ranjan et al., 2021; Heriza
et al., 2023; Lin et al., 2021).

In Indonesia, air quality studies are still dom-
inated by monitoring-station-based approaches,
whereas remote sensing applications remain lim-
ited. Satellite-based air quality assessment has
been applied in Makassar, but previous work has
mainly focused on seasonal pollutant estimation
using Landsat 8 and MODIS rather than field-val-
idated PMio estimation using Landsat 8 spectral
bands (Harusi et al., 2025). Therefore, the spatial
distribution of PMio and the predictive capability
of Landsat 8 spectral bands in Makassar remain
insufficiently understood.

Therefore, this study aims to develop and
validate a Landsat 8—based multiple linear regres-
sion model for estimating PMio concentrations
in Makassar and to evaluate its spatial predictive
performance using ground-based measurements.
This study also seeks to determine whether the in-
tegration of Band 1 as a coastal/aerosol band with
visible Bands 2—4 can provide a stronger empiri-
cal representation of PMio variability in a tropical
coastal urban environment. This study contributes
to filling the knowledge gap in satellite-based
PM.o estimation for medium-sized tropical coastal
cities with limited monitoring infrastructure.

This study is based on three hypotheses: Land-
sat 8 spectral bands are significantly correlated
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with PMio concentrations; multi-band regression
models provide higher predictive performance
than more limited band combinations; and aero-
sol-sensitive bands contribute to PMio estimation
performance when integrated with other visible
bands. The findings are expected to support satel-
lite-based air quality monitoring, spatial pollution
assessment, and urban environmental manage-
ment in rapidly growing coastal cities.

METHODOLOGY

Study area

This study was conducted in Makassar due to
its status as a rapidly developing urban center and
the capital city of South Sulawesi Province, Indo-
nesia. Geographically, the city is located between
119°4'29.038"-119°32'35.781" East Longitude
and 4°58'30.052"-5°14'0.146" South Latitude.
Administratively, Makassar covers an area of ap-
proximately 175.77 km? and is divided into 15 dis-
tricts comprising 153 urban villages. As a major
urban center experiencing intensive development,
Makassar faces increasing anthropogenic pressures
that contribute to air pollution, particularly particu-
late matter. Urban dynamics, high population den-
sity, and expanding transportation and industrial
activities make Makassar an ideal case study for
satellite-based air quality modeling (Figure 1).

Dataset and methods

This study applied a quantitative modeling
approach to estimate PMio concentration using
Landsat 8 imagery and field measurements in
Makassar City. Spectral reflectance variables ex-
tracted from Landsat 8 imagery were integrated
with PMio concentration data obtained from 30
field observation points distributed across vari-
ous urban areas. A total of 30 observation points
were divided into training and testing subsets. The
PMo observation dataset was divided into model
development and validation subsets. Twenty-four
samples (80%) were used for regression model
development, while six samples (20%) were re-
served for independent validation. Twenty-four
samples (80%) were used for regression model
development, while six samples (20%) were re-
served for independent validation. This data par-
titioning followed a fixed hold-out validation ap-
proach. Cross-validation was not applied due to
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Figure 1. Research location

the limited number of field observations; there-
fore, model performance was assessed using the
validation subset. The validation points are explic-
itly reported to improve transparency and trace-
ability of the model evaluation process. Multiple
linear regression was applied to quantify the re-
lationship between spectral reflectance variables
and PM.o concentration. The model was evaluated
using statistical metrics, including the correlation
coefficient (R), coefficient of determination (R?),
and root mean square error (RMSE), based on
both training and independent testing datasets.

Dataset

This study utilized two primary data sourc-
es, namely Landsat 8 OLI/TIRS Collection 2
Level-1 imagery and field-based PMio measure-
ments. The Landsat 8 imagery was acquired on
27 March 2025 from official United States Geo-
logical Survey (USGS) Earth Explorer platform

(https://earthexplorer.usgs.gov/), with  Scene
ID LC81140642025086LGNO0 and Product ID
LCO8 LITP 114064 20250327 20250401 0
2 T1 (Path 114/Row 064). The dataset belongs
to Collection 2 Tier 1 (T1), which provides high
geometric accuracy suitable for quantitative en-
vironmental analysis. The Landsat 8 OLI/TIRS
dataset consists of multispectral bands with a spa-
tial resolution of 30 m, a panchromatic band with
a spatial resolution of 15 m, and thermal bands
resampled to 30 m. The spectral characteristics of
each Landsat 8 band are presented in Table 1.
The selected image had a total cloud cover of
34.37% and land cloud cover of 39.18%, as re-
corded in the Landsat 8 metadata. This condition
was considered as an image quality limitation. Im-
age preprocessing was performed on raster-based
Landsat 8 data and included AOI clipping, radio-
metric correction, TOA reflectance conversion,
and DOS atmospheric correction. Therefore, point
cloud filtering was not applied in the preprocessing
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Table 1. Spectral characteristics of Landsat 8 OLI/TIRS imagery

Band Band name Wavelength (um) Spatial resolution (m)
1 Coastal/Aerosol 0.435-0.451 30
2 Blue 0.452-0.512 30
3 Green 0.533-0.590 30
4 Red 0.636-0.673 30
5 Near Infrared (NIR) 0.851-0.879 30
6 Shortwave Infrared 1 (SWIR 1) 1.566-1.651 30
7 Shortwave Infrared 2 (SWIR 2) 2.107-2.294 30
8 Panchromatic 0.503-0.676 15
9 Cirrus 1.363-1.384 30
10 Thermal Infrared 1 (TIRS 1) 10.60-11.19 100
11 Thermal Infrared 2 (TIRS 2) 11.50-12.51 100

workflow. Solar geometry parameters, including
sun elevation and azimuth angles, were incorpo-
rated during reflectance normalization.

Image preprocessing included raster clip-
ping based on the area of interest (AOI), radio-
metric correction, conversion of digital number
(DN) values to top of atmosphere (TOA) reflec-
tance, and atmospheric correction using the dark
object subtraction (DOS) method. The AOI was
defined using a shapefile (SHP) representing the
administrative boundary of Makassar City to
ensure spatial consistency between satellite im-
agery, field measurements, and PMio modeling
outputs. All spatial processing procedures, in-
cluding raster clipping, radiometric correction,
atmospheric correction, reflectance extraction,
and PMio raster mapping, were performed us-
ing ArcGIS 10.5. Statistical analyses, including
correlation analysis and multiple linear regres-
sion, were conducted using IBM SPSS Statistics
version 17.0. The correlation coefficient (R) and
coefficient of determination (R?) were obtained
from the regression output, while Microsoft Ex-
cel was used for data tabulation and RMSE cal-
culation. No additional programming libraries
were used because the analysis was conducted
using GUI-based software.

Spectral reflectance values from Landsat 8
Bands 1-4 were extracted using a point-based
pixel extraction method. Each PMio sampling
point was overlaid on the corrected Landsat 8
raster, and the reflectance value was taken from
the pixel spatially overlapping the field mea-
surement point. Since Landsat 8§ OLI multi-
spectral bands have a 30 m spatial resolution,
the extraction window corresponded to a single
30 x 30 m pixel.
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Following preprocessing, spectral reflectance
values were extracted from visible bands, specifi-
cally Band 1 (coastal aerosol), Band 2 (blue), Band
3 (green), and Band 4 (red), which are sensitive to
atmospheric scattering and aerosol particles. Vis-
ible bands are widely applied in particulate esti-
mation because aerosol interactions are stronger
within visible wavelengths, resulting in significant
relationships with PMio concentration (Gupta and
Christopher, 2009; Kumar et al., 2011). Reflec-
tance values derived from these bands were sub-
sequently integrated with field-based PMio mea-
surements to predict satellite-based PMio concen-
tration estimates (Figure 2).

The second dataset used in this study con-
sisted of field-based PMio measurements collect-
ed from 30 observation points distributed across
various urban activity zones in Makassar. These
measurements represented actual ambient air
quality conditions and were used as the depen-
dent variable for model calibration and validation
of satellite-derived PMio estimates. Field sam-
pling was conducted in March 2025 using a high
volume air sampler (HVAS) with the gravimetric
method following SNI 7119.15:2016 for particu-
late matter <10 pm. PM.o particles were collected
using fiberglass filter paper with a diameter of 11
cm and a pore size of 1.6 pm, enabling efficient
capture of suspended particulate matter. Filters
were weighed before and after sampling under
controlled laboratory conditions to determine
particulate mass accumulation. PMio concentra-
tion was calculated from the difference in filter
mass divided by the total sampled air volume. To
improve methodological transparency and repro-
ducibility, the calculation procedure used to de-
rive PMio concentration from field measurements
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Figure 2. (a) Step-by-step workflow of Landsat 8 data acquisition using the USGS EarthExplorer platform;
(b) delineation of the area of interest (AOI)

is illustrated in Figure 3. The flowchart summa-
rizes the sequential steps applied in the gravimet-
ric analysis, including airflow correction, stan-
dard air volume calculation, and determination
of PMio concentration based on filter mass differ-
ences and sampled air volume.

Sampling was performed at four daily in-
tervals: morning, afternoon, evening, and night
time, with each measurement lasting one hour.
Approximate sampling times for each interval
are presented in Table 2. Raw measurements
from all intervals were recorded before averag-
ing to obtain daily PMio concentrations for each
observation point, ensuring comparability with
satellite acquisition time. Temporal comparabil-
ity between satellite imagery and field measure-
ments was addressed by using field-based PMio
data collected within the same observation period
as the Landsat 8 acquisition. The field measure-
ments were averaged into 24-hour PMio concen-
trations to represent daily ambient conditions and
reduce the influence of short-term fluctuations
from traffic peaks, temporary local emissions, and
hourly atmospheric variability.

Each sampling record included geographic co-
ordinates, measurement time, filter identification,

and field observations. The 30 sampling locations
were distributed across 14 districts representing
transportation corridors, industrial and port areas,
residential zones, and vegetated environments
to capture spatial variability in PMio concentra-
tions. The spatial distribution of sampling points
is shown in Figure 4f, while detailed measure-
ment information is provided in Table 2. Figure
3 presents the workflow used to calculate PMio
concentration from field sampling results.

Methods

The research workflow began with the pre-
processing of Landsat 8 imagery, which included
defining the AOI, raster clipping, and applying ra-
diometric and atmospheric corrections to ensure
the accuracy of spectral reflectance values. Sub-
sequently, input variables were extracted from the
imagery in the form of reflectance values for each
spectral band and analyzed using multiple linear
regression, with PMio concentrations obtained
from field measurements serving as the dependent
variable. This analysis aimed to identify spectral
bands that are sensitive to variations in near-sur-
face particulate concentrations and to use them as
the basis for developing a PMio estimation model.

Calculation of flow rate

correction C ) . Calculating total suspended
alculating air sample volume A
1 g P particulates
Ts X Py2
s 0 "
Qs = Qo X ?_1 QS W, — W) x 10°® calculating the
Inputting the To X Ps Vstd =t D kv €= — v average PMso
initial data Where: n Wiiare: std concentration
required for i . L . from four
Q : corrected volumetric flow rate at -’ Where: —’ : mass concentration of suspended #
flow rate S standard conditions (Nm#/min) particles (pg/Nm2)) intervals to
2 ¢ . + air sample volume under standard X
correction o : measured volumetric flow rate (m3/min) Vskd conditions (Nm3) 1 :initial filter weight (g) obtain the 24-
calculations. T.. :standard temperature (298 K) Q. :corrected volumetric flow rate at the W,, :final filter weight (g) hour average
s s-th measurement (Nm3/min) 2 . concentration
T0 : actual average temperature (273 + Tucasuret) n * niimber of flow rate fecardings Vs' gt standard air sample volume (Nm?))
P.: standard atmospheric pressure (101.3 kPa t : sampling duration (minutes) 106 : conversion factor from grams (g) to
S or 760 mmHg) micrograms (pg)

PO : actual average atmospheric pressure at K

the time of measurement

Figure 3. Flowchart of 24-hour average PMio concentration calculation from field measurements
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Figure 4. (a) Filter weighing stage; (b) Morning interval measurement using a HVAS; (c) Afternoon interval
measurement using a HVAS; (d) Evening interval measurement using a HVAS; (e) Nighttime interval
measurement using a HVAS: (f) Spatial distribution of sampling locations

The spectral bands utilized in this study include
Band 1, Band 2, Band 3, and Band 4 (near-UV
and visible bands) of Landsat 8 imagery, which are
associated with the scattering of electromagnetic
radiation by aerosol particles in the atmosphere.
The estimated values obtained from the derived
algorithmic equation were subsequently validated
against field measurement data collected from the
monitoring points to assess the level of agreement
and identify potential discrepancies. Following the
validation process, the data were analyzed spatial-
ly to produce a pollutant distribution map across
the entire study area. The overall PMio modeling
workflow is summarized in Figure 5.

Pre-processing

Satellite image data correction

Satellite image preprocessing is a fundamen-
tal step in ensuring the accuracy and reliability of
remote sensing data for environmental analysis,
particularly for urban air quality monitoring. In
this study, two main correction techniques were
applied to Landsat 8 imagery: radiometric cor-
rection and atmospheric correction. Each correc-
tion method addresses specific sources of error
and improves the spatial, spectral, and geometric
fidelity of the satellite data, allowing the imagery
to more accurately represent actual surface con-
ditions. Radiometric correction aims to remove
noise and inconsistencies in pixel intensity values
caused by varying illumination conditions, sensor
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calibration errors, and atmospheric interference
during image acquisition (Gopan et al., 2017). In
this study, radiometric correction involved con-
verting the raw DN values of satellite imagery
into TOA reflectance to ensure the consistency
of spectral brightness across different images and
acquisition times. The initial step of this correc-
tion process was converting the raw DN values of
each pixel into spectral radiance (LA) using cali-
bration coefficients provided in the metadata file
of the Landsat 8 imagery. The conversion equa-
tion is expressed as follows:

LA = ML x Qcal + AL (1)

where: L1 is the spectral radiance
(W-m?2-sr'-um™), ML denotes the radi-
ance multiplicative scaling factor (radiance
mult band); 4, represents the radiance addi-
tive scaling factor (radiance add band); and
QOcal is the calibrated pixel DN.

The next step is to convert the spectral radi-
ance into TOA reflectance to ensure that spectral
brightness values are consistent across different
images and acquisition times. The conversion to
TOA reflectance can be performed directly using
reflectance coefficients provided in the metadata
or by applying the standard formula recommend-

ed by the USGS as follows:
mLyd?
pr= —2— )
Egyn 2c0s0
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Table 2. Ambient air measurement points

. Coordinate . Interval 24-hour average
Measz?re‘{n ent I('SICST::SS X Cc()l?:tjiltzzt:)YInterval (WITA) \?/; \é\% concentration | PM;, concentration

P (Longitude) 9 9 (ug/m?®) (ug/m?)
08.00-09.00 | 0.533 | 0.538 135.62
12.00-13.00 | 0.530 | 0.537 184.66

SP 1 Ujung Tanah | 119.42104 | -5.112004 218.07
15.30-16.30 | 0.529 | 0.544 321.38
19.00-20.00 | 0.513 | 0.522 230.60
09.00-10.00 | 0.518 | 0.523 141.93
10.30-11.30 | 0.515 | 0.520 130.94

SP 2 Ujung Tanah | 119.41161 | -5.115785 202.62
17.00-18.00 | 0.512 | 0.522 290.49
18.00-19.00 | 0.532 | 0.541 247 11
08.00-09.00 | 0.518 | 0.519 27.58
12.00-13.00 | 0.523 | 0.528 151.23

SP3 Tallo 119.43032| -5.121004 178.18
15.30-16.30 | 0.517 | 0.526 265.97
19.00-20.00 | 0.518 | 0.526 267.95
09.00-10.00 | 0.515 | 0.523 240.50
10.30-11.30 | 0.529 | 0.537 229.48

SP4 Tallo 119.43216| -5.117567 243.63
17.00-18.00 | 0.528 | 0.540 368.26
18.00-19.00 | 0.531 | 0.535 136.27
08.00-09.00 | 0.519 | 0.528 223.96
12.00-13.00 | 0.523 | 0.529 162.28

SP5 Wajo 119.40742| -5.13003 186.69
15.30-16.30 | 0.519 | 0.526 175.66
19.00-20.00 | 0.539 | 0.546 184.84
09.00-10.00 | 0.515 | 0.521 145.27
10.30-11.30 | 0.529 | 0.534 116.06

SP6 Wajo 119.41357 | -5.130593 108.03
17.00-18.00 | 0.522 | 0.524 49.58
18.00-19.00 | 0.513 | 0.518 121.22
08.00-09.00 | 0.531 | 0.537 141.80
12.00-13.00 | 0.515 | 0.520 124.64

SP7 Bontoala |119.41982| -5.131092 149.16
15.30-16.30 | 0.515 | 0.527 295.81
19.00-20.00 | 0.518 | 0.520 34.41
09.00-10.00 | 0.521 | 0.526 277.81
10.30-11.30 | 0.519 | 0.524 126.80

SP 8 Bontoala |119.42522| -5.131589 178.76
17.00-18.00 | 0.537 | 0.545 161.05
18.00-19.00 | 0.518 | 0.522 149.39
08.00-09.00 | 0.527 | 0.530 68.53
Ujung 12.00-13.00 | 0.517 | 0.524 177.24

SP9 119.40786 | -5.143001 182.94
Pandang 15.30-16.30 | 0.531 | 0.542 262.54
19.00-20.00 | 0.514 | 0.523 223.45
09.00-10.00 | 0.528 | 0.531 61.23
Ujung 10.30-11.30 | 0.521 | 0.528 186.68

SP 10 119.40545| -5.137727 216.29
Pandang 17.00-18.00 | 0.508 | 0.520 302.32
18.00-19.00 | 0.507 | 0.519 314.94
08.00-09.00 | 0.522 | 0.525 59.11
12.00-13.00 | 0.510 | 0.515 131.16

SP 11 Makassar |119.42359| -5.139478 199.41
15.30-16.30 | 0.510 | 0.525 331.27
19.00-20.00 | 0.507 | 0.520 276.08
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. Coordinate . Interval 24-hour average
Measzli’ﬁtm ent I(_I(D)fsat::gtr; X C?far(tjilt:ingnterval (WITA) \?/; \zvi concentration | PM;, concentration
P (Longitude) 9 9 (ug/m?®) (ug/m?®)
09.00-10.00 | 0.528 | 0.535 170.30
10.30-11.30 | 0.515 | 0.521 127.00
SP 12 Makassar |119.41826| -5.135358 157.36
17.00-18.00 | 0.521 | 0.530 219.31
18.00-19.00 | 0.516 | 0.520 112.82
08.00-09.00 | 0.537 | 0.549 299.91
12.00-13.00 | 0.540 | 0.545 105.29
SP 13 Mariso 119.40418 | -5.154752 226.05
15.30-16.30 | 0.520 | 0.535 366.81
19.00-20.00 | 0.522 | 0.527 132.21
09.00-10.00 | 0.520 | 0.531 280.47
10.30-11.30 | 0.517 | 0.525 188.63
SP 14 Tamalate |119.39514| -5.162849 199.18
17.00-18.00 | 0.530 | 0.538 214.88
18.00-19.00 | 0.532 | 0.537 112.76
08.00-09.00 | 0.532 | 0.534 54.32
12.00-13.00 | 0.527 | 0.532 101.69
SP 15 Mariso 119.41051| -5.152054 130.34
15.30-16.30 | 0.527 | 0.531 99.56
19.00-20.00 | 0.517 | 0.528 265.77
09.00-10.00 | 0.523 | 0.536 316.78
10.30-11.30 | 0.521 | 0.531 232.95
SP 16 Tamalate |119.39806 | -5.148736 167.16
17.00-18.00 | 0.535 | 0.539 87.08
18.00-19.00 | 0.517 | 0.518 31.84
08.00-09.00 | 0.514 | 0.517 71.63
12.00-13.00 | 0.516 | 0.531 349.04
SP 17 Biringkanaya| 119.50577 | -5.114465 262.94
15.30-16.30 | 0.527 | 0.532 270.33
19.00-20.00 | 0.512 | 0.527 360.76
09.00-10.00 | 0.519 | 0.528 220.64
10.30-11.30 | 0.519 | 0.525 145.52
SP 18 Biringkanaya| 119.50143 | -5.109536 199.49
17.00-18.00 | 0.514 | 0.530 388.08
18.00-19.00 | 0.540 | 0.542 43.74
08.00-09.00 | 0.512 | 0.522 251.79
12.00-13.00 | 0.523 | 0.534 277.26
SP 19 Tamalanrea | 119.47488 | -5.144292 257.99
15.30-16.30 | 0.509 | 0.523 34414
19.00-20.00 | 0.529 | 0.535 158.78
09.00-10.00 | 0.517 | 0.523 150.05
10.30-11.30 | 0.524 | 0.530 152.83
SP 20 Tamalanrea | 119.49931| -5.129157 192.21
17.00-18.00 | 0.515 | 0.524 223.44
18.00-19.00 | 0.518 | 0.528 242.51
08.00-09.00 | 0.515 | 0.527 293.72
12.00-13.00 | 0.513 | 0.525 281.38
SP 21 Manggala | 119.4559 | -5.162571 235.01
15.30-16.30 | 0.528 | 0.540 313.60
19.00-20.00 | 0.509 | 0.512 51.34
09.00-10.00 | 0.522 | 0.523 27.16
10.30-11.30 | 0.503 | 0.512 230.16
SP 22 Panakkukang| 119.44571 | -5.156465 234.50
17.00-18.00 | 0.520 | 0.535 364.39
18.00-19.00 | 0.504 | 0.517 316.29
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. Coordinate . Interval 24-hour average
Measgs{n ent I('SICS?::SS X C(()f;glt:ZLe)Ylnterval (WITA) \?/; \zvi concentration | PM;, concentration
P (Longitude) 9 9 (ug/m?®) (ug/m?)
08.00-09.00 | 0.514 | 0.531 418.48
12.00-13.00 | 0.512 | 0.517 118.59
SP 23 Mamajang |119.41845| -5.162069 191.67
15.30-16.30 | 0.529 | 0.533 84.19
19.00-20.00 | 0.514 | 0.520 145.41
09.00-10.00 | 0.521 | 0.523 71.37
10.30-11.30 | 0.524 | 0.530 164.45
SP 24 Mamajang |119.41608| -5.153083 102.24
17.00-18.00 | 0.514 | 0.516 52.40
18.00-19.00 | 0.521 | 0.526 120.74
08.00-09.00 | 0.528 | 0.541 296.81
12.00-13.00 | 0.514 | 0.521 152.94
SP 25 Manggala |[119.47823| -5.157948 211.00
15.30-16.30 | 0.515 | 0.516 37.06
19.00-20.00 | 0.526 | 0.541 357.20
09.00-10.00 | 0.531 | 0.535 88.85
10.30-11.30 | 0.524 | 0.533 206.58
SP 26 Manggala |119.46845| -5.1639 214.62
17.00-18.00 | 0.524 | 0.535 283.62
18.00-19.00 | 0.530 | 0.542 279.44
08.00-09.00 | 0.515 | 0.516 42.42
12.00-13.00 | 0.515 | 0.521 176.00
SP 27 Panakkukang| 119.4619 | -5.143785 184.19
15.30-16.30 | 0.526 | 0.541 41433
19.00-20.00 | 0.511 | 0.515 104.02
09.00-10.00 | 0.528 | 0.535 169.30
10.30-11.30 | 0.510 | 0.521 274.64
SP 28 Panakkukang| 119.44949 | -5.140062 251.97
17.00-18.00 | 0.528 | 0.542 335.38
18.00-19.00 | 0.512 | 0.521 228.57
08.00-09.00 | 0.527 | 0.535 202.52
12.00-13.00 | 0.517 | 0.523 145.69
SP 29 Rappocini |119.45626 | -5.175949 185.43
15.30-16.30 | 0.531 | 0.545 345.00
19.00-20.00 | 0.517 | 0.519 48.51
09.00-10.00 | 0.527 | 0.538 257.23
10.30-11.30 | 0.520 | 0.530 237.06
SP 30 Rappocini |119.44523| -5.163729 148.62
17.00-18.00 | 0.517 | 0.519 51.69
18.00-19.00 | 0.529 | 0.531 48.51

where: p/ is the dimensionless TOA reflectance, d
is the Earth—Sun distance in astronomical
units (AU) on the acquisition date, Esun,A
is the mean solar exo-atmospheric irradi-
ance at wavelength 4, and 6s is the solar
zenith angle (90° — solar elevation angle).

If reflectance scaling factors provided in the
metadata are used, the TOA conversion can be ex-
pressed in a simpler form as:

My X Qcar + 4,

pA = 3)

cosb,

where: Mp and Ap are the reflectance multiplica-
tive and additive scaling factors for each
band, respectively.

Through this process, the reflectance value of
each pixel has been normalized, making it suit-
able for subsequent spectral analyses such as veg-
etation indices, land surface temperature estima-
tion, and pollutant detection.

Atmospheric correction removes the ef-
fects of atmospheric scattering and absorption
from surface reflectance measurements. It is
an essential pre-processing step to eliminate
atmospheric scattering and absorption effects
that may distort the surface reflectance values
derived from satellite imagery. One commonly
used technique is the DOS method, which oper-
ates under the assumption that certain features
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Figure 5. Research methodology

on the Earth’s surface, such as deep water bod-
ies, dense shadows, or asphalt, have near-zero
reflectance in specific spectral bands (Ding et
al., 2015). In this approach, dark objects are
used as references to estimate the atmospheric
scattering contribution recorded by the sat-
ellite sensor. The correction is performed by
subtracting the minimum digital value in each
spectral band from the measured radiance val-
ues in the imagery. In this study, dark objects
for the DOS correction were selected from
low-reflectance pixels representing deep wa-
ter bodies within the Landsat 8 scene. These
pixels were assumed to have near-zero reflec-
tance in the visible bands. The minimum value
in each band was then used as the dark-object
reference to reduce atmospheric scattering ef-
fects. Mathematically, the atmospheric correc-
tion process using the DOS method can be ex-
pressed as follows:

Lcorrected = Lmeasured - Lmin (4)

where: L is the radiance value of the im-
age after atmospheric correction, L
is the radiance value or digital number
(DN) recorded by the satellite sensor be-
fore correction, and L is the minimum
radiance value assumed to originate from

dark objects in each spectral band.
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By subtracting this minimum radiance value
from the measured radiance, the contribution of
atmospheric scattering can be minimized, result-
ing in reflectance values that are more representa-
tive of actual surface conditions. This correction
process is essential to improve the accuracy of
spectral analysis, particularly in studies that utilize
satellite imagery to estimate environmental pa-
rameters such as PMio particulate concentration.

Processing

Following AOI clipping and radiometric cor-
rection, Landsat 8 DN values were converted into
TOA reflectance using metadata parameters. At-
mospheric correction was then applied using the
DOS method. The DOS-corrected reflectance
was used as an approximation of surface reflec-
tance and served as the predictor variable in the
PMio regression models, rather than raw DN
values or uncorrected TOA reflectance. These
corrected reflectance values were then analyzed
using multiple linear regression to derive a PMio
predictive equation. The resulting equation is
then implemented in the Raster Calculator within
ArcGIS 10.5 to model the spatial distribution of
PMio concentration. The PMio distribution map
is presented based on the modeling results with
the highest coefficient of determination (R?) and
the lowest root mean square error (RMSE). The
final output is an image of PMio concentration
distribution, visualized using a color scheme cor-
responding to concentration classes.

Aerosol optical thickness and PM,, correlation

The relationship between aerosol optical
thickness (AOT) and atmospheric reflectance can
be expressed as follows (Othman et al., 2010):

4up,

o = (R Pam @O ) 9

where: ra represents aerosol optical thickness,
patm represents atmospheric reflectance,
o is the single scattering albedo, Pa (6,
0, ) is the aerosol scattering phase func-
tion, u is the cosine of the sensor viewing
direction, and u  is the cosine of the inci-
dent solar radiation direction.

The geometric and aerosol scattering parame-
ters can be simplified into an empirical coefficient
(a/,). Therefore, the relationship between AOT and
atmospheric reflectance can be written as:
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Tagy = 4jParm(ai) (6)

Based on this linear relationship, the AOT-
reflectance formulation was used as a conceptual
basis for developing an empirical PMio regression
model using Landsat 8 spectral bands. For multi-
band Landsat 8 data, the AOT model can be ex-
pressed as:

AOT()\) = Ay + alRﬂ_l + azRﬂ'z + a3R/13 + a4_R)_4,(7)

where: RAi represents the atmospheric reflectance
of Landsat 8 spectral bands (i = 1, 2, 3,
4), while aj represents the empirical coef-
ficient associated with each spectral band.

The application of this formulation to the
PM.o regression model is further described in the
model development section.

Correlation analysis was conducted to sup-
port the use of Landsat 8 spectral bands as pre-
dictor variables for PMio estimation. As shown
in Table 3, PMio showed strong and statistically
significant positive correlations with Band 1,
Band 2, Band 3, and Band 4, with correlation co-
efficients ranging from 0.709 to 0.755 (p < 0.01).
These findings indicate that the selected spectral
bands are responsive to variations in PMio con-
centration and can be considered suitable for sub-
sequent empirical regression modeling.

However, high inter-band correlations were
also observed (r > 0.97), indicating multicol-
linearity among the spectral bands. This condition
is common in multispectral remote sensing data
because adjacent visible bands often have over-
lapping spectral responses. Therefore, multicol-
linearity was handled through inter-band correla-
tion analysis and by limiting the interpretation of
the regression coefficients. Individual band coef-
ficients were not interpreted as separate physical
effects of each spectral band. Instead, the regres-
sion models were treated as empirical predictive
models, and model selection was based on their
agreement with field measurements.

PM,, regression model development and
validation

Based on the correlation analysis presented in
the previous section, Landsat 8 Band 1, Band 2,
Band 3, and Band 4 showed strong and statisti-
cally significant positive relationships with PMio
concentration in Makassar City, with correla-
tion coefficients ranging from 0.709 to 0.755 (p
< 0.01). These results provide the basis for using
the selected bands as predictor variables in the de-
velopment of an empirical regression model. Re-
ferring to Equation 7, the multi-band AOT formu-
lation was adapted into an empirical regression
model to estimate PMio concentration as follows:

PMyo = ag+ a1Ry1 + azRj; + agRys + asRy, (8)

where: PMio represents the estimated particulate

matter concentration, while R, R, R .,
and R, represent the atmospheric reflec-
tance values of Landsat 8 Band 1, Band
2, Band 3, and Band 4, respectively. The
coefficient a, represents the regression in-
tercept, while a,, a,, a,, and a, represent
regression coefficients derived from mul-
tiple linear regression analysis.

Several band combinations were explored
to generate alternative algorithms for PMio esti-
mation. The notations B1, B2, B3, and B4 in the
regression equations represent the atmospheric
reflectance values of the corresponding Landsat
8 bands. The regression equations for each band
combination are presented in Table 4, while the
statistical performance of each model, including
the correlation coefficient and coefficient of de-
termination, is presented in the Results section.

Table 4 shows that each band combination
produced a different regression algorithm for
PMo estimation in Makassar City. All algorithms
were applied separately to the Landsat 8 imagery
using raster calculator to generate PMio estima-
tion rasters for each model.

The estimation results from each model were
then validated using field measurement data.

Table 3. Correlation between PMio and Landsat 8 spectral bands

Variable pair Correlation coefficient (r) p-value Interpretation
PM;, — Band 1 0.722 0.002 Strong positive correlation
PM;, — Band 2 0.732 0.002 Strong positive correlation
PM;, —Band 3 0.755 0.001 Strong positive correlation
PM,, — Band 4 0.709 0.003 Strong positive correlation
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Table 4. Regression algorithms for PMio estimation using Landsat 8 spectral bands

Model Band combination Regression algorithm
A B1, B3, B4 PM,o =-29.939 + 435.524(B1) + 2124.475(B3) - 1175.342(B4)
B B1, B2, B3, B4 PM;, = 181.051 - 6618.074(B1) + 6930.677(B2) + 2210.701(B3) - 1711.152(B4)
C B2, B3, B4 PM,, =-60.201 + 978.020(B2) + 2384.398(B3) - 1835.955(B4)

Model RMSE. Field-based validation is required
to assess the reliability of remote sensing-based
models (Loew etal.,2017), while RMSE was used
to quantify the deviation between predicted and
observed values (Chai and Draxler, 2014). RMSE
was calculated using the following equation:

1 n
RMSE = —Z i — §i)? )
n =1

4

where: yi represents the field-measured PMio

concentration at the i-th point, §i repre-
sents the estimated PMio concentration
from the model at the same point, and n is
the number of validation points.

The model with the lowest RMSE was se-
lected as the model with the best estimation
performance.

Because high inter-band correlations were
identified, model evaluation was focused on pre-
dictive performance against field measurement
data. Therefore, the best-performing model was
determined based on the correlation coefficient,
coefficient of determination, and primarily the
RMSE value, and was subsequently used as an
empirical model for spatial PMio estimation in
Makassar City.

RESULTS

PM,, concentration modeling

The PMio concentration models were devel-
oped using multiple linear regression based on
corrected Landsat 8 reflectance values and 24-
hour average field-measured PMio concentrations.

Landsat 8 Band 1, Band 2, Band 3, and Band 4
were used as predictor variables, while field-
measured PMio concentration was used as the de-
pendent variable. Three regression models were
evaluated based on different band combinations,
as described in the methodology section.

Table 5 presents the statistical performance
and estimated PMio concentration range of each
regression model. The correlation coefficient (R)
ranged from 0.775 to 0.811, while the coefficient
of determination (R?) ranged from 0.601 to 0.658.
The significance values of all models were below
0.05, indicating that the overall regression mod-
els showed statistically significant relationships
with field-measured PMio concentrations. The es-
timated PMio ranges represent pixel-based raster
values generated from each regression algorithm
across Makassar City.

The results indicate that all regression models
produced strong relationships between Landsat 8
reflectance values and field-measured PMio con-
centrations. Differences in R, R?, significance val-
ues, and estimated concentration ranges show that
each band combination generated different model
responses. The regression equations used to gen-
erate these raster outputs have been described in
the methodology section.

To demonstrate the raster-based implementa-
tion of the model, the PMio estimation algorithm
was applied to the corrected Landsat 8 reflectance
rasters using the ArcGIS Raster Calculator. The
input layers consisted of corrected reflectance
rasters from Band 1, Band 2, Band 3, and Band
4. Figure 6 is presented as processing evidence
showing how the PMio estimation algorithm was
implemented in the ArcGIS Raster Calculator.

After the regression algorithms were applied,
PM.o estimation raster outputs were generated for

Table 5. Statistical summary and estimated pmio range of regression models

Model Band combination R R2 Sig. Estimated PM,, range (ug/m?)
Model A B1, B3, B4 0.775 0.601 0.015 108.56-861.82
Model B B1, B2, B3, B4 0.811 0.658 0.020 57.779-976.77
Model C B2, B3, B4 0.784 0.615 0.019 62.64-896.42
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Figure 6. PMo algorithm implementation in ArcGIS (10.5) raster calculator

each model. The raster maps from the three mod-
els are presented in Figure 7 as spatial estimation
outputs for Makassar City.

PM,, model accuracy results

Model validation was conducted to evaluate
the agreement between satellite-based PM10 es-
timates and field-measured PM10 concentrations.
The validation process used six independent test-
ing points that were not included in the model
development stage. The estimated PM10 values
generated from Model A, Model B, and Model C
were compared with field-measured PM10 con-
centrations using the correlation coefficient (R),
coefficient of determination (R?), and RMSE.

Table 6 summarizes the validation results of
the three PM10 estimation models using six inde-
pendent validation points. The validation R values
ranged from 0.673 to 0.781, while the R? values

ranged from 0.453 to 0.609. The total squared
error values are included to explicitly show the
basis of the RMSE calculation. The RMSE val-
ues ranged from 33.1083 to 33.8462 ng/m?, indi-
cating different levels of prediction error among
the regression models. The RMSE values were
calculated from the squared differences between
field-measured PM10 concentrations and model-
estimated PM10 values. The inclusion of the total
squared error values provides transparency in the
calculation process and supports the reproducibil-
ity of the validation results.

The scatter plots between field-measured
PM10 and estimated PM 10 concentrations for each
regression model are presented in Figure 8. These
plots provide visual evidence of the validation pro-
cess and show the relationship between observed
and estimated values at the validation points. The
coefficient of determination values shown in Fig-
ure 8 were 0.583 for Model A, 0.609 for Model B,
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Figure 7. Estimated PMio concentration maps of Makassar City generated from Model A, Model B, and Model C
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Table 6. Validation summary of PM10 estimation models

Model n R R? S(yi - 9i)? RMSE (ug/m?)
Model A 6 0.764 0.583 6602.66 33.1729
Model B 6 0.781 0.609 6576.95 33.1083
Model C 6 0.673 0.453 6873.38 33.8462

a) s b) =0 c)
B s .
200 bt 200 ' r

Estimated PM10 (ug/m3
e
8 8
e
Estimated PM10 (ug/m3;
&
(=]
®

y=3.5191x - 462.01
R?=10.5832

%
=}

o

y=2.5528x - 270.88
R2=0.6093

Estimated PM10 (pg/m3)
i
(=]
°

50 y=3.0628x - 374.8
R?=0.4533

170 175 180 185 190 195 200
Ground Measured PM10 (ug/m3)

175 180 185

Ground Measured PM10 (ug/m3)

1% 195 200 205 170 175 180 185 190 195 200
Ground Measured PM10 (pg/m3)

Figure 8. Scatter plots of field-measured and estimated PM10 concentrations for validation points:
(a) Model A, (b) Model B, and (c) Model C

and 0.453 for Model C. These values indicate that
the estimated PM10 concentrations from each
model had different levels of correspondence
with the field measurements.

Overall, the validation results demonstrate
that the regression models were able to represent
the variation pattern of PM10 concentrations to
different extents. Differences between estimated
and observed values remain at several validation
points, reflecting the presence of prediction un-
certainty in the satellite-based empirical models.
Further interpretation of these differences is dis-
cussed in the Discussion section.

DISCUSSION

PM,, estimation model performance

The results indicate that PMio estimation in
Makassar was not determined solely by the gen-
eral sensitivity of visible bands to aerosol scatter-
ing, but also by the ability of combined spectral
bands to separate atmospheric signals from com-
plex urban surface reflectance. Among the three
models, Model B showed the highest statistical
performance, with R =0.811 and R?=0.658 during
model development. It also remained the most con-
sistent model during validation, with R =0.781, R?
= 0.609, and the lowest RMSE of 33.1083 pg/m?®.
Although the differences in performance among
the models were relatively small, the inclusion
of Band 2 alongside Bands 1, 3, and 4 appears to
provide a more stable empirical response for PMio
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estimation compared with the more limited band
combinations used in Models A and C.

The relevance of Model B lies not only in
its statistical performance but also in its abil-
ity to represent the environmental complex-
ity of Makassar. Band 1, as the coastal/aerosol
band, enhances sensitivity to particle scattering
at shorter wavelengths, while Bands 2—4 provide
complementary information across the visible
spectrum. This combination helps reduce ambi-
guity between aerosol-related signals and surface
reflectance from buildings, roads, vegetation, and
water bodies, which is a major challenge in ur-
ban remote sensing applications (Bilal and Qiu,
2018). Similar findings have shown that multi-
spectral Landsat data can support PMio estima-
tion when calibrated with field measurements
(Saraswat et al., 2017; Zhang et al., 2019; Heriza
et al., 2023), and the importance of combining
multiple spectral bands has also been emphasized
in previous studies (Lin et al., 2021).

The spatial output further supports this inter-
pretation. As shown in Figure 9, Model B pro-
duced a heterogeneous PMio distribution pattern,
with higher estimated concentrations mainly ob-
served in the northern, central, and eastern parts
of Makassar, particularly around Ujung Tanah,
Tallo, Biringkanaya, Tamalanrea, Panakkukang,
and Manggala. These areas are associated with
port activities, dense transportation corridors,
industrial zones, and rapidly developing urban
settlements. The estimated range of Model B, ap-
proximately 57.78-976.77 png/m?, should be in-
terpreted with caution. The upper values exceed
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Figure 9. Spatial distribution of satellite-based PMio estimation from Model B in Makassar City

typical ambient observations and likely reflect
overestimation caused by extrapolation of the lin-
ear regression model when applied to pixel-level
spectral variability beyond the conditions repre-
sented in the calibration dataset. Therefore, the
model is more reliable for representing relative
spatial patterns rather than absolute PMio concen-
trations. Nevertheless, the wide range indicates
that Model B is capable of capturing spatial het-
erogeneity across the study area.

Thus, the main implication of this study is that
PMio mapping in a tropical coastal city cannot rely
solely on a simple visible band—aerosol relation-
ship. Instead, a multi-band empirical approach is
required to account for aerosol scattering, hetero-
geneous urban surfaces, and coastal environmental
influences. In this context, the study contributes
by demonstrating the applicability of Landsat 8
multispectral data for PMio estimation in a tropi-
cal coastal urban environment, which remains rela-
tively underrepresented in the literature.

Model accuracy and limitations in PM;,
estimation

Although Model B produced the best valida-
tion performance, the RMSE value of 33.1083

pg/m* indicates moderate prediction accuracy
and highlights the presence of uncertainty in sat-
ellite-based PMio estimation. This level of error is
consistent with previous studies using medium-
resolution satellite imagery, where indirect esti-
mation of particulate matter is affected by atmo-
spheric complexity and interference from surface
reflectance (Guang et al., 2016).

The detailed comparison between satellite-
based estimated PMio and ground-measured PMio
for Model B is presented in Table 7. The results
show that Model B generally followed the varia-
tion of field-measured PMio, although deviations
remained at several validation points. The closest
agreement was observed at SP 3, while larger dif-
ferences occurred at SP 4, SP 13, SP 22, and SP
26. Figure 10 further illustrates that differences
between estimated and measured PMio were not
uniform, indicating that spectral variables were
sufficient to represent general spatial patterns but
were less effective in capturing localized variabili-
ty caused by short-term emissions, land-cover het-
erogeneity, and dynamic atmospheric conditions.

An important limitation of this study is the
relatively small number of field observations,
particularly in the validation dataset (n = 6). This
constraint is common in field-based air quality
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Table 7. Comparison of Ground-Measured and satellite-based estimated PMio concentrations for Model B

Sample point B1 B2 B3 B4 Satellite-based PN3|10 estimation | Ground-based PMlg measurement

(Hg/m?) (Hg/m?)
SP 3 0.164 0.143 0.123 0.108 177.135 178.18
SP4 0.184 0.167 0.148 0.143 203.368 243.63
SP7 0.173 0.152 0.129 0.113 179.216 149.16
SP 13 0.173 0.151 0.130 0.110 186.566 226.05
SP 22 0.184 0.166 0.143 0.134 199.026 234.50
SP 26 0.187 0.167 0.143 0.138 179.493 214.62
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Figure 10. Comparison of PMio concentrations obtained from ground-based measurements and those estimated
using Model B

studies due to the logistical complexity and cost
of high-volume air sampling. While the consis-
tency between model development and validation
results suggests that the model captures a mean-
ingful empirical relationship, the limited sample
size reduces statistical robustness, and the results
should therefore be interpreted with caution.
Future studies incorporating larger datasets and
repeated validation are necessary to confirm the
generalizability of the model.

Another important source of uncertainty is the
temporal mismatch between satellite acquisition
time and field measurements. In this study, 24-hour
average PMio concentrations were used to reduce
short-term variability and better represent daily
exposure conditions. Although this approach may
reduce direct comparability with instantaneous sat-
ellite observations, it helps minimize the influence
of transient emission spikes and provides a more
stable basis for spatial analysis.

The presence of high inter-band correlations
(r > 0.97) also indicates multicollinearity among
predictor variables. While this condition may af-
fect the stability and interpretability of regression
coefficients, the primary objective of this study
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is predictive spatial mapping rather than param-
eter interpretation. Therefore, Model B should
be interpreted as an empirical spatial prediction
model, and its performance should be evaluated
based on its agreement with field measurements
rather than on the separate contribution of each
spectral band.

Additional uncertainty may arise from
Makassar’s coastal setting, where sea-breeze
circulation, aerosol mixing, and humidity can
influence atmospheric optical properties. These
factors, together with the indirect nature of sat-
ellite-based particulate estimation, contribute to
discrepancies between estimated and observed
values. These findings support previous recom-
mendations to integrate meteorological vari-
ables, increase the number of observation points,
and utilize higher-resolution imagery to improve
PMio estimation accuracy (Zaman et al., 2017;
Irawadi and Razif, 2023; Putri and Bioresita,
2024). In a comparable regional context, Salsabi-
la et al. (2026) also emphasized the importance
of field validation and high-resolution spatial
data for improving satellite-based air pollution
estimation in South Sulawesi.
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Implications for air quality monitoring

Overall, this study demonstrates that while
satellite-based PMio estimation using Landsat 8 is
subject to uncertainty, it provides valuable insight
into the spatial distribution of air pollution in da-
ta-scarce urban environments. The model should
therefore be interpreted as a complementary tool
for spatial analysis rather than a replacement for
ground-based monitoring systems.

The integration of satellite imagery and field
measurements offers practical value for support-
ing urban air quality management, particularly in
regions where monitoring infrastructure is limited.
By enabling broader spatial coverage, remote sens-
ing approaches can help identify potential high-risk
areas and support evidence-based environmental
planning. In the case of Makassar, the results high-
light the potential of multispectral satellite data to
contribute to spatial air quality assessment in com-
plex tropical coastal urban environments.

CONCLUSIONS

This study demonstrates that satellite-based
PMio estimation using Landsat 8§ is feasible in a
tropical coastal urban environment, but its primary
value lies in its ability to capture spatial variability
rather than to provide precise absolute concentra-
tions. The results confirm that multispectral reflec-
tance data can serve as a proxy for particulate mat-
ter distribution, particularly in data-scarce regions
where ground-based monitoring is limited.

The findings consistently support the proposed
hypotheses. First, Landsat 8 Bands 1—4 exhibited
statistically significant relationships with field-
measured PMio, confirming their sensitivity to
aerosol-related atmospheric signals. Second, the
multi-band configuration (Model B) produced the
most consistent performance across both model
development and validation stages with R = 0.811
and R? = 0.658 during model development, and R
=0.781, R*=0.609, and RMSE = 33.1083 pg/m?
during validation, indicating that combining spec-
tral information improves the robustness of em-
pirical PMio estimation. Third, while aerosol-sen-
sitive bands play a critical role, their effectiveness
is maximized when integrated with other visible
bands, highlighting the importance of multi-band
approaches in complex urban environments.

Beyond model comparison, the study pro-
vides an important contextual insight: PMio

estimation in tropical coastal cities cannot rely
solely on simplified aerosol-reflectance relation-
ships. Instead, it requires an empirical framework
that accounts for the interaction between atmo-
spheric scattering, heterogeneous urban surfaces,
and coastal environmental dynamics. In this con-
text, the combination of Band 1 with Bands 24
represents a practical and transferable spectral
configuration for similar environments.
Importantly, the study does not propose a new
algorithm but contributes by extending the appli-
cability of Landsat-based PMio modeling to medi-
um-sized tropical coastal cities, which remain un-
derrepresented in the literature. The results high-
light that even moderate-accuracy models can pro-
vide meaningful spatial insights for environmental
assessment and urban air quality management.
However, the findings should be interpreted in
light of several limitations, including the relatively
small number of field observations, the temporal
mismatch between satellite acquisition and ground
measurements, and the inherent limitations of lin-
ear regression applied to multispectral data. These
factors introduce uncertainty and limit the use of
the model for precise concentration estimation.
Overall, this study supports the use of satel-
lite remote sensing as a complementary tool for
air quality monitoring, particularly for identifying
spatial patterns and potential high-risk areas.
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