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ABSTRACT

Global warming could be assessed by estimating the Land Surface
Temperature (LST) change in a regional and global area. The aims of this study were
(1) to determine seasonal patterns and trends in time-series data LST in Sumatra Island
and (2) in Sumatra Island, Indonesia, to study the relationships between LST, elevation,
land cover (LC), and the Normalized Difference Vegetation Index (NDVI). The data
were obtained from NASA Moderate Resolution Imaging Spectroradiometer (MODIS)
website and focused on during 2000-2018.

The cubic splines had been applied to investigate the seasonal patterns
and time series trends of LST change and simple linear regression had been applied to
analyze the relationship between elevation, LC, and NDVI1 with LST change in Sumatra
Island. In 2018, approximately 44.6% of Sumatera area was evergreen broadleaf forest
where the urban area only covered 0.51% of the whole area. Cubic spline result
identifying the trend indicated that 36.2% of Sumatera experiencing decreasing of LST
change and other 27.7% increasing of LST change. Furthermore, linear regression
identified the factors which concluded the lowest LST change occurred in elevation 60-
109 meter above sea level (MASL) evergreen broadleaf forest with NDVI less than
0.75 and the highest change occurred in 320+ MASL Savannas with NDVI 0.8-1.0.
Based on the 3 determinants, LST decreased by 0.122 °C on an overall mean per

decade.

The findings can be applied to monitor environmental changes,
particularly the state of the regional climate change relating to planting crops,
agricultural expansion and deforestation. However, the other factors need to be taken

into account in the model.
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Chapter 1

Introduction
1.1 Research background

One of the urgent environmental problems facing the globe is climate change,
particularly rising air temperature. At regional to global scales, air temperature,
particularly Land Surface Temperature (LST), is crucial for assessment of
climatological processes, land surface energy exchanges, and water stability in relation
to climate change implications (Gao et al., 2008; Li et al., 2013; Wongsai et al., 2017).
The global warming and climate change also affect human lives and have a large impact
on society as a whole (Marjuki et al., 2016). The slowdown of long-term declines in the
incidence of undernutrition, which is partially linked to harsh weather, reflects this
(Wheeler & Braun, 2013). Regarding this issue, Southeast Asia as a global exporter has
a critical role to maintain the vulnerable sector agriculture and food security.

Some possible determinants for analyzing LST include Normalized Difference
Vegetation Index (NDVI), Land Cover (LC), and elevation ( Sun et al., 2012; Guan et
al., 2014; Alavipanah et al., 2015). The large disparity in land elevation has a big impact
on LST (Gao et al., 2008). The effects of the LC composition and configuration on LST
had been investigated by several studies (Voogt and Oke, 2003; Zhou et al., 2011;
Sobrino set al., 2013). The effect directions of LC on estimating LST were proposed to
be consistent across seasons, but the magnitude of effects differed by season, delivering
the highest level of predictability during summer and the weakest during winter (Zhou
etal., 2014).

Several research have been conducted to illustrate how NDVI affects surface
temperature and how extreme temperatures affect land surfaces (Alavipanah et al.,
2015; Vasishth, 2015; Zhou et al., 2011; Zhou et al., 2014). The studies indicated that
low point NDVI occurred in high-temperature areas and correspondingly high point
NDVI occurred in low-temperature areas. Some research has been recommended
looking at the relationship between vegetation form and LST, which has a negative

impact and is linked to a variety of land uses (Weng et al., 2004; Yue et al., 2007).



Sumatra Islands has the greatest rate of deforestation in Indonesia (Rijal et al., 2016).
The Islands is also the largest of three Indonesian islands that have been deforested.
The conversion of Sumatra's forests to non-forest areas has piqued the interest of
national and foreign researchers. A study in Sumatra investigated further into reason of
rising LSTs by focusing on forest conversion, and the results indicated that forest
conversion was the major reason for the particular island's LST increase (Sabajo et al.,
2017).

NDVI, LC, and elevation might interact with each other. Although the previous studies
had invested the effects of these factors independently. However, there have been a few
studies in Indonesia on the impact of these factors. As a result, this study aimed to
investigate the seasonal pattern of LST and to investigate the effect of NDVI, LC, and
elevation on the changes in LST on Sumatra Island.

1.2 Research objectives
The following are the study's objectives:

1. To identify the seasonal trends of LST in Sumatra Island.
2. To investigate the relationships between LST change and environmental factors

include elevation, LC and NDVI in Sumatra Island.

1.3 Expected advantages

The expected advantage of this study is to provide basic information about LST trends
using cubic spline and simple linear regression models which are useful for
policymakers to develop further action plans and project activities. Policymakers could
apply this study results in concentrating on a particular region of Sumatra that requires

to have strong environmental protection from increasing air temperature and the causes.

1.4 Scope of Study

This research used secondary MODIS data which were obtained from the NASA
website where we focused on LST from 2000-2018. The data consist of LST, LC,
elevation, and NDVI from Sumatera Island, Indonesia. Furthermore, the seasonal trends
of LST were investigated. The relationships between LST and other variables were

identified. A cubic spline function was used to examine LST time series trends.



Moreover, the simple linear regression was applied for investigating the relationship
between LST change and environmental factors: elevation, LC, and NDVI in the

Sumatra area.

1.5 Literature reviews

1.5.1 MODIS satellite data

MODIS data has been proposed to help us better comprehend global, tropospheric
aerosols (King et al., 1999), and approaches to obtain aerosol data across land and ocean
surfaces have been developed (Kaufman & Tanré, 1998). According to the MODIS-
VIIRS Atmosphere Discipline Team, imager remote sensing algorithms are developed
and maintained for the production of long-term climatic data records of derived
geophysical parameters related to earth's atmospheric features (aerosols, clouds, water
vapor). The MODIS sensor, which is housed on the Terra (and Aqua) satellite
platforms, contains 36 spectral channels (compared to 4-8 for most sensors) and was
created to offer a wide range of data on land, oceanic, and atmospheric variables (Engel-
Cox et al., 2004; Gupta et al., 2006).

The MODIS delivers measurements with intermediate spatial (250 m-1 km) and
temporal (1-2 days) resolutions in many spectral regions of the electromagnetic
spectrum (Gupta et al., 2006). The MODIS instruments provide two daytime
observations for a given area: 10:30 a.m. from Terra and 1:30 p.m. from Aqua (Wang
and Christopher, 2003). Several studies have used MODIS satellite data to analyze air
quality (Chu et al., 2003; Hutchison, 2003; Wang and Christopher, 2003; Engel-Cox et
al., 2004; Gupta et al., 2006; ).

1.5.2 Land Surface Temperature

The land surface temperature (LST) is measured at the interface between the
atmosphere and the materials in the earth surface (top of plant canopy, water, soil, ice
or snow surface) (Stroppiana et al., 2014). NASA's Earth Observation System (EOS)
satellites Terra and Aqua that produced MODIS data, released in 1999 and 2002, are

among the most sophisticated and extensively used LST products. There are two



product streams available for both the Level-1 and the Atmosphere Archive and
Distribution System (LAADS) Distributed Active Archive Centers (DAAC). The
MODIS Standard Items with EOS history and the VIIRS Continuity Products are the
products in question. According to the MODIS LST product user guide, all space-borne
sensors detect and assess the LST four times per day at 10:30 and 22:30 for Terra, then
13:30 and 1:30 for Aqua with local overpass-times. MODIS provides LST data time
series at two spatial resolutions: 1 km and 0.05 degree latitude/longitude climate model
grids/CMG) on a regular, eight-day, and monthly basis (Wan, 2008).

Previous sensors, such as the NOAA-AVHRR (National Oceanic and Atmospheric
Administration-Advanced Very High-Resolution Radiometer) and SNPP-VIIRS
(National Oceanic and Atmospheric Administration-Advanced Very High-Resolution
Radiometer) and SNPP-VIIRS (National Oceanic and Atmospheric Administration-
Advanced Very High-Resolution Radiometer) and SNPP-VIIRS (The Suomi National
Polar-orbiting Partnership-Visible Infrared Imaging Radiometer Suite). Furthermore,
climate data is frequently processed to produce a set of standard products for monitoring
land, atmosphere, and oceans (Justice et al., 2002).

On regional and global dimensions, LST is a crucial parameter in the physics of land
surface processes (Wan et al., 2004). LST refers to the radiation radiated by the land
surface as seen by MODIS at different viewing angles. The land surface in vegetated
areas refers to the canopy, whereas the land surface in bare areas refers to the soil
surface. This model incorporates all surface—atmosphere interactions as well as energy
flows between the atmosphere and the ground. The LST calculated from satellite data
can be used to confirm and improve global weather forecasts. The LST acquired from
satellite data can be used to test and improve the global meteorological model prediction

after suitable aggregation and parameterization.
1.5.3 Normalized Difference Vegetation Index

Vegetation, which is a wide term for plant ground cover, is the earth's most abundant
biotic element. Vegetation is involved in most of the processes that drive climate

change, including temperature fluctuations. The NDVI is a technique for analyzing and



forecasting current and historical vegetation conditions. The NDVI is determined with
MODIS sensors, which capture the spectral behavior of vegetation. In theory, plants
react differently to different sections of the electromagnetic spectrum, according to the
evidence provided (including visible light). Because the red and blue wavelengths of
electromagnetic waves are frequently absorbed, reflected light preserves the green

wavelengths, with significant reflection in the near infrared (NIR) wavelengths.

Understanding the state of the vegetation in a given area necessitates satellite or remote
sensing mapping and monitoring. The inventory of green cover, production forecasts,
and vegetation growth evaluation are all examples of satellite imaging results from
vegetation monitoring (Ozyavuz et al., 2015). The index values vary from -1 to 1,
however for vegetation, the range is usually 0.1 to 0.7. Values near 0 suggest an area
that reflects both near-infrared and red levels, but high index values indicate good
vegetation cover (bare soil and rock). Negative numbers represent the polar opposite of

vegetation (clouds, water, and snow) (Adeyeri and Okogbue, 2014).
1.5.4 Land Cover

Changes in land cover are one of the most serious and urgent dangers to the natural
environment, as well as the ecosystem services that humans rely on (Newbold et al.,
2016; Pribulick et al., 2016). Remote sensing-based land cover studies have a long
history and have made significant progress (Sun et al., 2016). Land-use and land-cover
change (LUCC) is a key measure of how humans interact with the environment (Dewan
etal., 2012).

The amount of forest, wetlands, impermeable surfaces, agricultural and other land, and
water types that cover a region is shown by land cover data. Different types of water
include wetlands and open water. The way humans use the land for development,
conservation, or a combination of the two is referred to as land use. Various types of

land cover can be preserved and utilized in a variety of ways.

Satellite and aerial photography, according to the National Oceanic and Atmospheric
Administration (NOAA), could be used to determine land cover. Land usage cannot be

assessed using satellite photos. Managers can utilize land cover maps to gain a better



understanding of the current landscape. To show changes over time, land cover maps
spanning several years are required (National Oceanic and Atmospheric Administration
National Centers for Environmental Information (NOAA NCEI), 2020).

1.5.5 Elevation

The vertical distance between a place on the ground surface and a reference point,
usually the mean sea level, is known as elevation (or altitude) (Mcvicar & Jupp, 1998).
Digital Elevation Models are satellite-based elevation data produced by the USGS earth
explorer (DEM). The final outcome is a numerical representation of a surface laid out
in a series of regular grids, each containing a three-dimensional object. DEMs are
critical topographic inputs for accurate floodplain hydrodynamic modeling, where they
play a key role as natural retarding pools that attenuate flood waves and decrease flood
peaks (Demir & Akyurek, 2016).

1.5.6 Factors related to LST

The land surface temperature is influenced by the energy balance of the earth's surface,
surface thermal characteristics, and atmospheric conditions (Srivastava et al., 2009).
Since the pre-industrial era, global and local changes in the earth's climate have
continued. Natural and manmade factors such as greenhouse gases, land cover and land
use change, unregulated groundwater usage, deforestation, increased water demand,
urbanization, and irrigation operations all contribute to changes (Hansen et al., 2013;
Lambin et al., 2003; Néaschen et al., 2019).

In the study of thermal and environmental behavior, LST is a significant parameter. The
effects of increasing and decreasing LST in the lower atmosphere on surface radiation,
energy exchange, climate, and human comfort are all significant factors to consider
(Voogt and Oke, 2003). LSTs are influenced by a number of elements, including the
physical features of various types of urban surfaces, their color, the sky view factor,
street geometry, traffic loads, and anthropogenic activities (Chudnovsky et al., 2004).
The distribution of LULC characteristics closely reflects the LST of urban surfaces
(land use and land cover) (Lo et al., 1997; Q Weng, 2001; Yunhao et al., 2007).



Biophysical and climatological parameters such as urban and street geometry (Eliasson,
1996), built-up area and height (Bottydn & Unger, 2003), LULC (Dousset &
Gourmelon, 2003), and vegetation (Bottyan & Unger, 2003; Weng et al., 2004). More
studies are required to determine LST's relationship with other biophysical and/or
socioeconomic variables utilizing an integrated remote sensing technology in order to

gain a better understanding of its impact.
1.5.7 Statistical modelling in LST

Statistical approaches that take into account the geographical and time frame that has
been derived often perform well (Stisen et al., 2007). Zhang et al. (2016) undertook a
study to increase the accuracy of calculating daily air temperatures over the Tibetan
Plateau. The Tibetan Plateau resembles Sumatra Island in terms of climate. They used
the simple linear regression model since it is straightforward to comprehend and is the
most prevalent strategy used in previous investigations. They argued that linear
regression was only accurate when night data from the LST was given. Using MODIS
LST, Fu et al. (2011) used linear regression to predict air temperature in an alpine
meadow on the Northern Tibetan Plateau. They did, however, claim that the MODIS
LST data is incorrect. As a result, they advised that the peak air temperature be taken

into account.

Cubic spline is another statistical model that can be used to study the seasonal pattern
of climate-related satellite data (Wongsai et al., 2017; Sharma et al., 2018). Sharma et
al. (2018) cubic spline can be utilized to detect seasonal patterns of LST variation.
Curvilinear trend was replaced by cubic spline, which was less biased and more
efficient (Howe et al., 2011). Suwanwong and Kongchouy (2016) investigated LST
pattern and variation using a combination of cubic spline and generalized estimated
equation (GEE) because cubic spline regression allows for a good perception of

temperature pattern and variation.

Users can define derivatives for a k-th order spline model, which is a famous arithmetic
curve fitting with derivatives function (Wahba, 1990). The user can customize not only

the spline function's degree, but also the amount of polynomial pieces joining points



(known as knots), the places of the knots, and the spline function's free coefficients
(Wold, 1974). A cubic spline of order 3 is the most widely used spline. The smoothest
integrated squared second derivative of all functions is a cubic spline function, which
is a piecewise cubic polynomial with continuous second derivatives. Using linear least
squares regression, it's also simple to fit (Smith Jr. et al., 1974). The cubic spline
function is extensively used for smoothing data in disciplines such as interactive
computer graphics (Smith Jr. et al., 1974), real-time digital signal processing, and
satellite-based time series data. The spline fit's main advantages are its continuous first
and second derivatives, as well as its ease of calculation, excellent stability, high
precision, and smoothness. In contrast to the sharply coupled straight line segments
seen in parabolic spline smoothing, the gradients derived from cubic spline functions
are smooth linked parabolas. To fit a smooth spline curve in the plot, the number of

knots and their locations are selected through trial and error.

This chapter discusses the study's background and justification, as well as the study's
objectives, predicted benefits, scope, and literature reviews. The data source, data
administration, variables, and statistical methods will all be covered in the following
chapter. In Chapter 2, you'll learn about cubic spline and simple linear regression. The
findings of this investigation are described in Chapter 3. The final chapter, Chapter 4,

will discuss and complete the entire study.



Chapter 2
Methodology

2.1 Data Sources

The study used satellite-based data which was retrieved from MODIS. LST daytime
data was employed on this research, because the land surface absorbs solar radiation
during the day and releases it through long-wave radiation at night (Huang et al., 2015).
LST and LC were retrieved from ORNL DAAC with MOD11A2 code, and NDVI1 data
were retrieved from MOD13Q1. Lastly, elevation data were obtained from US the
Geological Survey (USGS) earth explorer website (Wan, 2008; ORNL DAAC, 2018;
Phan et al., 2018). The covered area extended 52 km from the center in all four
directions (east, west, north, and south).

LST data were collected from 8-day Tera LST (MOD11A2) from 2000 to 2018 at 0.05°
spatial resolution. LC consists of 17 groups including uncategorized areas and elevation
value starting from zero. Elevation was converted from image to values of Meter above
Sea Level (MASL) which represent the height of the area. These three variable LST,
LC, and elevation had 1000 m resolution per pixel and NDVI had 250 m resolution per

pixel.

Regarding huge data size, the NDVI data (MOD13Q1) were treated differently where
one area (called super-region) was divided into 4 areas (namely a, b, ¢, and d). Latitude
and longitude of LST data were used as reference to estimate four points of NDVI

latitudes and longitudes.

These are several terms used in this research.

a. Super region is an area covering 105 km x 105 km using a specific coordinate,
latitude and longitude as a central point. Sumatera Island consists of 70 super region
and each of them covers 25 regions.

b. Region isan area with a large 21 km x 21 km and this area comprises 9 sub-regions.

c. Sub-region is an area with dimension 7 km x 7 km which contains 49 pixels with

areal km x 1 km.
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d. Pixel is our research unit which is compressed all satellite data (LST, elevation, LC,
and NDVI) in time series record from 2000-2018.

The data were retrieved one-by-one for each super region (70 super regions in this
study). The data mining process was depicted in Figure 2.1.

[ Selected the center of area by determining the longitude and latitude

e —

NDVI ELEVATION LST, LC

L 2 L 4 ¥

4 Y4 YA

~

+ [ID: MOD13Q1 * ID: GMTED2010 * ID: MODI11A2

* Name: Vegetation * Name: USGS * Name: Land Surface
Index (NDVI/EVI) EarchExplorer Temperature and
(Terra) * Frequency: 16 day Emissivity (Terra)

* Frequency: 16 day * Resolution: 30 ARC * Frequency: 8 day

* Resolution: 250 meter SEC (25-42 m) * Resolution: 1000 m

- AN J

¥ ¥ ¥

Determined the encompassing area by confirming the kilometers

L 2

Decided on a start and finish date

\ 4

The LST data are in kelvin degree CSV format.
LC and elevation are in TIF format, which are necessary for extraction and
rastering.
NDVI data are in CSV format, divided into four files for each super-region.

Figure 2.1 Steps of data mining and analysis for LST, elevation, LC, and NDVI in
2000-2018.

2.2 Data management
LST data are from 8-day Tera LST (MOD11A2) from 2000 to 2018 at 0.05° spatial

resolution. LST degrees were originally measured in Kelvin and subsequently
converted to Celsius. MODIS 8-day LST data are a mean of the clear-sky condition
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data only. Elevation data were extracted from LST data. Figure 2.2 showed the way to

manage data for analysis.

Land Cover

Elevation

NDVI

|

] B X 2\
Raste?lhto PO, Ex‘tlactlng Vfil.ue Compiling four csv Analyzing seasonal
conversion (NA is from raster tif i attorn
not converted) object 1 P
% N 7 -
e . Recursive etermining
lliigdoi?gsel ‘E:js (S)Z:IILQ;?S partitioning to average of LST
5 classify NDVI change
N l l l
1 - - ¥ 4 \
(" Small size and 4 . ; R Classified into
. f i Classified into 9 s
identical categories s vithd three groups low, Binding all three
are merged, group - constant, and predictors together
o certain range
remain 9 groups

changing

Figure 2.2 Flow chart of data management

Extracting

from
MODIS data

Obtaining
raw data

Data for
analyzing

The data management for each variable is shown in the following figures.



LST raw data
MOD11A2

A 4

Cubic Spline for
analysis seasonal
trend

LST change
categories

l

Compile with the
predictor

l

Modelling

12

Raw data in total 59469
records

Adjusted each observation
with Pixels, determined
suitable knots, and adjusted
LST change

|
I Classify into three group, |
increase, stable and decrease |
to identify seasonal trend |

|

Adjusted-daily-LST change
compile with LC, Elevation,
and NDVI

Figure 2.3 Process of managing LST data and analysis

Firstly, LST data was adjusted to the Pixel coordinate latitude longitude. Cubic spline

determined the LST change which will be used as an output variable in a simple linear

regression.
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LCrawdata  |____ ..
MOD11A2 Raw data in tiff format
Yy e e e e M M. -
I Conversion gradientto17 |
Rustering =~ {--------------- ' International Geosphere- |
I Biosphere Program [
I classification |
e e e e e e o e e e
v |- - - T T-T=-==== 1

1

I Merging categories with |

Merging categories  |-------------- i small size and identics I
I property, remain 9 categories |

|

Modelling

Figure 2.4 Process of managing LC data and analysis

MODIS LC dataset can be ordered as a set of MOD11A2. The seventeen LC types are
based on International Geosphere-Biosphere Program classification: evergreen
needleleaf forest (EN. Forest), evergreen broadleaf forest (EB. Forest), deciduous
needleleaf forest (DN. Forest), deciduous broadleaf forest (DB. Forest), mixed forest,
closed shrublands (C. Shriblands), open shrublands, woody savannas (W. Savannas),
savannas, grasslands, permanents wetlands (P.Wetlands), croplands, urban and built-
up, cropland or natural vegetation mosaic (Crop Mos), snow and ice, barren or sparsely
vegetated and water bodies (Friedl et al., 2005; Y. Li et al., 2016).

Moreover, due to Sumatera Island characteristics, several LC categories were merged
despite its small size and identics property. Evergreen Needleleaf Forest, Evergreen

Broadleaf Forest, Deciduous Needleleaf Forest, Deciduous Broadleaf Forest, Mixed
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Forest, and Closed Shrubland were merged into one group as Evergreen Broadleaf
Forest. Barren or sparsely vegetated was combined with Grasslands. Then, other
categories remain the same. The open Shrubland and Snow and Ice categories do not
exist on Sumatera Island. Furthermore, LC with 9 categories was used to predict the

LST change using simple linear regression.

Ele(\}flat/}l'lc‘)ggz\(l)vl((l)ata --------------- Raw data in Tiff format
\ 4
I Conversion gradient to |
Rastering {—-------------- I number of MASL, tiff format |
[ to csv format [
\4
(- =-=-=-==-====" |
Value of Meter Above I Each Super region has 11,025 |
Sealevel = | 7TTTTTCC 1 records with total 771,750
I records |
e o o o o o o e e o -
I Classified into 9 groups with |
Group classifications {--------------- I a certain range, s.mall :
I number of observations are |
I merged |

Modelling

Figure 2.5 Process of managing elevation data and analysis
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Elevation was converted from the image to values of MASL which represent the height
of the area. For descriptive analysis, MASL values were classified into seven groups
regarding its color gradation where 1. <15 MASL,; 2. 15-39 MASL; 3. 40-89 MASL,; 4.
90-179 MASL; 5. 180-349 MASL; 6. 350-649 MASL; 7. >650 MASL. Furthermore,
elevation was categorized into nine groups in MASL: 1. <15 MASL,; 2. 15-19 MASL;
3. 20-34 MASL,; 4. 35-59 MASL; 5. 60-109 MASL; 6. 110-319 MASL,; 7. 320-739
MASL,; 8. 740-1119 MASL; 9. 1120+ MASL for analysis purpose.

Each super region consisted
NDVirawdata | . of a, b, ¢, d with total 127,680
MOD13Q1 .
observations
\ 4
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Lo

| a, b, ¢, d compile for |

Compile each super [~""""==------ 1 representing one super 1
regions [ region [
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l
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Figure 2.6 Process of managing NDV|1 data and analysis
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MODIS NDVI dataset (MOD13Q1) was ordered separately from LST and LC at a
spatial resolution of 0.05°. Each variable was bound by pixel which modified according
to large area of 1 km square to produce adjusted values for each variable in each pixel.
The NDVI was categorized into less than 0.75, 0.75-0.80, and more than 0.80. The
index values ranged from -1 to 1, but for vegetation, the index ranges from 0.1 to 0.7.
High index values are covered by healthy vegetation. Around infrared and red levels
are both reflected in an area with values near zero (bare soil and rock). Negative values
are for the other which is the contrary of vegetation (clouds, water, and snow) (Adeyeri
and Okogbue, 2014).

2.3 Study area

The MODIS data used in this study focused on Sumatra Island. The Sumatra
archipelago consists of Sumatra's islands as well as nearby tiny islands. As indicated in
Figure 2.3, Sumatra Island is located between east longitude 950 and 109.20 east
longitude and north latitude 60 and 6.20 south latitude. The islands of Sumatra are
divided into ten provinces and 152 regencies/cities. The Sumatra Islands are
47,693,691.34 hectares wide.

Latitude Indonesia and Sumatra super-regions

100 110 120 130 140
Longitude

Figure 2.7 Study area of Indonesia and Sumatra super regions.

Figure 2.7 depicts Sumatra as an extended continent covering a diagonal northwest-

southeast axis. The Indian Ocean runs along Sumatra's west, northwest, and southwest
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shores, with the Simeulue, Nias, and Mentawai Island group off the western coast. The
Malay Peninsula is a peninsula that extends from the Eurasian continent, separated from
the island in the Northeast by the narrow Strait of Malacca. Sumatra and Java are
separated in the southeast by the short Sunda Strait. To the north of Sumatra are the
Andaman Islands, while to the south are the islands of Bangka and Belitung, the
Karimata Strait, and the Java Sea. The Bukit Barisan Mountains, which have multiple
active volcanoes, form the Bukit Barisan Mountains, while the northeastern part
contains vast plains and lowlands with swamps, mangrove forests, and complex river
systems. In the provinces of West Sumatra and Riau, the equator runs through the
island's center. The island's climate is tropical, hot, and humid. Once upon a time, the
landscape was dominated by lush tropical rain forests.
Lafitude Sumatra super-regions

B

| il
; EGEGE

96 98 100 102 104 106
Longitude

Figure 2.8 Super regions of Sumatra with the center of latitude and longitude.



18

2.4 Variables

Variables used in this study are Time, Elevation, NDVI, LC and LST where each region
has different number of observations. There are two main objectives, identifying the
trend of LST and identifying factors (LC, elevation, NDVI) related to LCT change.
Path diagrams in this study as shown in Figure 2.9 and Figure 2.10 depict the outcome
and determinants. The determinant of the first object is time and the outcome is LST
where a cubic spline was applied to analyze the seasonal trends. LST changes were
obtained from cubic spline model and were used as an outcome in linear regression
model. For the second objective, LC, elevation and NDVI were combined into a single
factor consisted of 75 groups and used as determinant where the outcome was LST
change. Simple linear regression was used to analyze the relationship of combined
factor with LST change.

Determinant Outcomes
| Time | - | LST |

Figure 2.9 Diagram of path analysis for objective 1 of the study

Determinant Outcomes
Single factor of
Elevation
Land cover ) LST Change
NDVI

Figure 2.10 Diagram of path analysis for objective 2 of the study
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2.5 Statistical methods

2.5.1 Descriptive analysis

After the data has been collected, the first important step is descriptive analysis. This
phase entailed giving a data result that could be quantified. The analysis also provided
a short overview as well as an idea of the distribution. The frequency and percentage in
each category were calculated and displayed on the frequency table and mapping area.
In addition, some tiny categories were merged to create enough data for further

statistical analysis.
2.5.2 Autoregressive Integrated Moving Average (ARIMA)

Based on historical data from previous time points recorded observations, ARIMA
models are used to forecast the observation at (t+1). It is necessary to ensure that the
time series is stationary over the observation period's historical data. If the time series
IS not stationary, the records should be handled as a separate factor. Before we move
any further, it's crucial to point out that ARIMA is based on the ACF, PACF, AR, MA,
and ARMA models.

The Auto Correlation Function (ACF) considers all previous observations, regardless
of their impact on the upcoming or current time period. It determines the relationship
among time periods t and (t — k). It covers all lags among the time periods t and (t —
k). When calculating correlation, the Pearson correlation formula is always utilized.
The partial correlation between time periods t and t-k is clarified using the Partial Auto-
Correlation Function (PACF). It doesn't account for all the differences in time between
tandt — k.

In the AR (Autoregressive) model, the time at t is influenced by the observations at
various slots t—1,t —2,t—3,...,t —k. The coefficient factor determines the
influence of previous time spots at that particular point in time. Prior values in the time
series may have an impact on the value. AR is a form of model that estimates current

or future values in a series by calculating the regression of past time series. If the PACF
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of any single lag is more than a significant value, just those data were considered for

the model analysis.

Unexpected external factors at various slots t — 1,t — 2,t — 3,...,t — k in the MA
(Moving Average) model influence the time period at t. These unforeseen impacts are
referred to as errors or residuals. The coefficient factor determines the influence of
previous time spots at that particular point in time. A corporate merger or shutdown,
for example, can have an impact on the time series value. The MA model determines
the current or future values in a series by calculating the residuals or errors of previous
time series. All of the lags' ACF values were determined in the time series. If the ACF
of any single lag is more than a significant value, just those data will be used for the

model analysis.

The ARMA (Auto Regressive Moving Average) model is a cross between the AR and
the MA models. This model incorporates the impact of previous lags as well as residuals
when forecasting future values of the time series. The AR model's coefficients are

represented by while the MA model's coefficients are represented by f.

According to (Kalpakis et al., 2001), ARIMA (p,d, q) is the Box-Jenkins seasonal
model, where p and g are the AR and MA component orders, respectively, and d is the
differencing order. Some special cases of the ARIMA(p, d, q) model are as follows:
AR (p) model is given as ARIMA(1,0,0); MA (q) model is given as ARIMA (0,0,1);
ARMA(p, q) model is a combination of the stationary AR(p) and MA(q) models. In
this study, ARIMA is applied to indicate that the autocorrelation of LST-day data had

been removed in a cubic spline process.
2.5.3 Cubic spline

The seasonal trend of LST is investigated using a cubic spline. With errors based on the
second derivative, the cubic spline is very trustworthy. According to Wongsai et al.
(2017), MODIS LST values were gathered over a period of time and changed during
the season. The seasonal pattern is thought to be consistent year after year, and other
elements like as the LC change, which has a impact on the LST data, are also seen to

be steady. Natural disasters that could cause an abrupt shift in data behavior, such as
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forest fires, landslides, or tsunamis, were omitted from the study. In an ideal world, the
model would offer each day of the year with a year-long seasonal pattern. Based on
these considerations, the best model looks to be a cubic spline with exact boundary
restrictions that ensure smooth periodicity. When smoothing the spline curve, it's
critical to choose the proper placement and amount of parameter knots. However, there
are existing optimal parameter selection algorithms depending on how to add knots in
intervals where residuals show trends as indicated by autocorrelation or intervals where

residuals are inadmissibly significant (Wold, 1974).

The least integrated squared second derivative of all functions is a spline function,
which is a piecewise cubic polynomial with continuous second derivatives. A piecewise
polynomial of degree k that is continuously differentiable k — 1 times is referred to as
a spline. In the sense that it has less of a tendency to bounce between data points, it is
significantly "stiffer" than a polynomial.

Piece-wise interpolation eliminates excessive oscillations and non-convergence by
fitting a large number of data points with low-degree polynomials. For example, given
a collection of data points, each interval uses a different polynomial to interpolate
various interpolants at subsequent times. The successive points are abscissas at which
the interpolant switches from one polynomial to another, such as knots (k), breakpoints,
or control points. The slopes at subsequent knots should be the same when fitting the

seasonal pattern.

The linear least squares regression method can also be used to fit it well. We assume
that the end of any year is followed by the start of the next year when fitting the model
to time series data, hence the model should be a smooth periodic function with a period
of one year (Wongsai et al., 2017). These statements demonstrate that a natural cubic
spline with smooth periodic boundary conditions is the optimal model. To fit a smooth
spline curve on the display, the number of knots and their locations were calculated
through trial and error. A cubic spline function's formula was derived from (Wongsali
etal., 2017).
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2.5.4 Simple linear regression

Simple linear regression was used to determine the LST change caused by the cubic
spline. A single predictor was created by combining the LC, elevation, and NDVI. The
association between LST change and determinants was determined using simple linear
regression. The r-square was used to determine the goodness of fit (Tongkumchum and
McNeil, 2009; Venables and Ripley, 2002). For comparing the adjusted LST change
within each factor to the overall mean, sum contrasts were utilized and confidence
intervals were generated. The R program was used to construct all of the statistical

analysis and graphs.



23

Chapter 3
Results

3.1 Descriptive analysis

Descriptive examination had been conducted for each LC, elevation, and NDVI
categories. Fifteen land covers in Sumatra Island were categorized and shown in Figure
3.1. Figure 3.1 shows that mostly Sumatra Island was covered by evergreen broadleaf,
forest (44.6%) and woody savannas (33.8%). The urban area only covered 0.51% of

the whole Sumatra Island.

Latitude Land Cover in Sumatra Island
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Figure 3.1 Land cover in Sumatra Island
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Latitude Elevation in Sumatra Island
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Figure 3.2 Elevation of Sumatra Island

The elevation description of Sumatra Island is shown in Figure 3.2. Figure 3.2 implied
that 22% Sumatra Island topography was in 15 MASL and 21.3% in 15-39 MASL.
Avrea that has more than 650 MASL was about 17% of the whole Sumatra Island. Based
on elevation, LC and NDVI, the distribution of the land area studied in Sumatra is
shown in Table 3.1. The largest area (22%) was found between 0 and 14 MASL, while
the smallest area was found between 180 and 349 MASL (6.70 %). The highest and
lowest areas for land cover were 47.06 % for Evergreen Broadleaf Forest and 0.53 %
for urban, correspondingly, while the highest and lowest percentages for NDVI were
54.99 % for category B (0.75-0.8) and 9.24 % for category C (>0.8-1).
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Table 3.1 Frequency (pixels) of LC, elevation, and NDVI in Sumatra

Variable Frequency (pixels) Percentage (%)
Elevation
(meters above sea level)
0-14 113.748 22.00
15-39 110.129 21.30
40-89 84.794 16.40
90-179 47.050 9.10
180-349 34.641 6.70
350-649 38.261 7.40
650+ 88.413 17.10
Land-Cover
Evergreen Broadleaf 243.339 4706
Forest
Woody Savannas 184.267 35.64
Savannas 22.897 4.43
Grasslands 13.146 2.54
Permanent Wetlands 8.900 1.72
Croplands 10.629 2.06
Urban 2.747 0.53
Cropland or natural
vegetation mosaic 27.590 5.34
(Crop.Mos)
Water 3.521 0.68
NDVI pattern
A:<0.75 184.968 35.77
B:0.75-0.8 284.313 54.99
C:08-1 47.755 9.24

3.2 Results of Cubic Spline

LST day data in each super region using cubic spline determined the seasonal patterns
and trends using time series dataset. Figure 3.3 and 3.4 show daily and annually LST
for region 25 in super region 1 where both figures depict distribution of records. The
increasing LST-day trend results from super region 1 were plotted and showed in Figure
3.3. It showed that in a decade this area was getting cooler where the spline indicated
minus value. After analyzing for 70 super regions, the results of p value and R? were

displayed in Figure 3.4 and 3.5.
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Figure 3.3 Daily LST — Day (°C) in Sumatra 2000-2018 of Super Region 1, region 25

Figure 3.3 visualizes the distribution of daily records in 19 years that mean every scale
in X-axis has 19 dots representing each year (if there are no missing values on it).
According to Figure 3.3, daily seasonal trend for LST-day (°C) had low variations. The
highest LST-day in all areas of region 1 super region 26 happened on day 39 to day 77
(February — April) and day 229 to day 267 (July — September). LST-day trends rose at

the beginning of the year and decreased at the end.

Figure 3.4 consists of nine plots where each plot represents one center of the region and
eight points of the compass (northwest, west, southwest, north, south, northeast, east,
and southeast). Each point of the compass was represented by a different color. Figure
3.4 also shows the outlier values with the purple dot. AR1 (ARIMA coefficient) is also
shown in this figure while the east and southeast region has a very low coefficient value.
The number (n) of observations from 2000-2018 was different in each sub-region due
to the missing data (cloudcover). Figure 3. 4 indicated that on average the lowest LST-
day increase/decade was in the northeast sub-region and the lowest LST-day

increase/decade was in the south sub-region.
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Figure 3.4 Seasonally-adjusted LST — day (°C) in Sumatra 2000-2018

The lowest knots, the lowest p-values, and the highest R? were selected to plot on the

map as depicted in Figure 3.5. Furthermore, Figure 3.6 shows the map plots of LST-
day changing trend in Sumatra 2000-2018. Overall p-value (0.086) and R? (0,71%) are
shown in the Figure 3.5. LST-day increase/decade by spline model was -0.321 °C.

Latitude

6.5

=
™ ol

6.0f

55F

5 Ofiean ar1: 0.108 ar2: 0.063 ar3: 0.041 LST trend
Mean r-sq: 2.94% rsq0: 0.71% Decrease
Spline Inc/dec: -0.321 pval 0.098 '_(?fgrg'gse
Inc{dec: Mean 0,096 pVal 0.3,
945 950 955 96.0 965

Longitude

Figure 3.5 Plot of LST-day trend for super region 1

The cubic spline with 8 knots gives the highest average R? as shown in Figure 3.3. The

highest R? is the criteria for deciding the best model.
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Figure 3.6 LST day—changing trend by cubic spline model in Sumatra 2000-2018

Figure 3.6 represents the LST day change based on a cubic spline results which was a
prediction from time series data since 2000-2018. Increasing temperature (red area)
occurred in many areas on the island of Sumatra and decreasing temperature (blue area)
occurred in some areas as well, and stable temperature occurred in some areas (Green

area).

Table 3.2 depicts the rise in daily mean LST change for the three NDVI categories as a
function of elevation and LC. Within the evolving NDVI classification, the highest
increase was observed in savanna regions with elevation above 320 MASL. The EB.
Forest regions with elevation at 60-109 MASL within the NDV1 0.75 classification had
the largest decrease in mean LST. The overall mean of LST change in Sumatra had
decreased by -0.122 °C/decade, which was utilized in the development of a linear
regression model (horizontal red line in Figure 3.8). At an elevation above 320 MASL,

the largest increase in LST (1.07 °C/decade) occurred in the savanna.



Table 3. 2 Change in mean LST by NDVI, elevation, and LC in Sumatra

Categories NDVI NDVI NDVI
<0.75 0.75-0.8 08-1
Evergreen Broadleaf Forest
0-14 MASL
15-19 MASL -0.31 -0.10 0.05
20-34 MASL -0.30 -0.09 0.11
35-59 MASL -0.20 0.06 0.40
60-109 MASL -0.54 -0.16 0.19
110-319 MASL -0.96 -0.16 0.02
320-739 MASL -0.39 -0.18 -0.03
740-1119 MASL -0.15 -0.14 -0.04
1120+ MASL -0.01 0.00 0.11
0.41 0.33 0.45
Woody Savannas
0-14 MASL -0.16 -0.09 0.03
15-19 MASL -0.21 0.00 0.22
20-34 MASL -0.23 0.07 0.40
35-59 MASL -0.40 -0.02 0.26
60-109 MASL -0.54 -0.01 0.18
110-319 MASL -0.47 -0.14 0.17
320+ MASL -0.26 -0.18 0.17
Savannas
0-319 MASL -0.30 0.04 0.36
320+ MASL -0.40 0.15 0.95
Grasslands -0.18 0.17 0.69
Permanent Wetlands -0.40 -0.37 -0.42
Croplands -0.44 -0.08 -0.02
Urban 0.05 -0.18 -0.15
Cropland or natural
vegetation mosaic (Crop
Mos)
0-319 MASL -0.68 -0.17 0.08
320+ MASL -0.60 -0.39 -0.42
Water -0.66 -0.69 -0.82

29
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3.3 Result of simple linear regression
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Figure 3.7 Change in daily LST (°C/decade) by NDVI, elevation, and LC of Sumatra

A single factor determinant consisted of 75 groups was used to predict the LST change.
The data in Table 3.2 is depicted in Figure 3.7. LST decreased by 0.122 °C on an overall
mean per decade. Figure 3.8 shows that in areas of EB forest, which make-up 47.1
percent of Sumatra's land cover, where the NDVI was less than 0.75 and the elevation
was 60-109 MASL. The LST had decreased by -0.84 °C per decade. The R?in the
simple regression generated using the data in Table 3.2 was 0.149, meaning that
elevation, LC, and NDVI accounted for just 14.9 percent of the variance in the LST,

indicating that other variables accounted for 85.1 percent of the variation.
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Chapter 4

Discussion and Conclusions

4.1 Discussion

The highest LST-day occurred between days 39 and 77, and between days 229 and 267,
according to the seasonal trend of this study. It indicated that the maximum LST in the
whole Sumatra Island occurred at two peaks, one at the beginning of the year and the
other at the end of the year. This study also indicated that elevation, LC, and NDVI
accounted for just 14.9 percent of the variance in the LST, as the other variables
accounted for 85.1 percent of the variation. During the study period, not all parts of
Sumatra Island experienced an increase in daily LST. It is determined by biophysical

characteristics or other factors in that particular area.

The biophysical and demographic characteristics can determine the seasonal trends in
the LST of an area. Referring to a study on the seasonal and interannual variations in
the LST, it was stated that forest, agriculture, and water were found as the most
significant factors contributing to the LST variations (Gao et al., 2016; Xiao et al.,
2008). The other significant factor is the presence of solar radiation. The presence of
solar radiation was believed to be the most important factor influencing the LST
variations. The more solar radiation absorbed or radiated on the earth's surface, the
higher the LST detected (Lindsey, 2009). Since the study's findings indicated that not
all areas in Sumatra had increased, there might be other factors considered as
contributing factors to the LST variations. The results of this study are also supported
by other research which stated that climate change could occur in a regional scale
(Bradley and Diaz, 2010). Other studies have also shown that LST variations could also
be influenced by other factors such as NDVI, elevation, and land cover (Aik et al., 2020;
Gao et al., 2008; Guha et al., 2018)

Various reports indicated that the earth has experienced an increase in temperature
globally (Hansen et al., 2010; NASA Earth Observatory, 2016; NOAA NCEI, 2020).
This study showed differently by stating that the average LST on the island of Sumatra
decreased by -0.122 degrees Celsius per decade. Another study on the island of New
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Guinea also showed different results, but it was clear that certain regions had decreased
the LST (Munawar et al., 2020). The decrease of the LST is a common phenomenon in
the forest land area due to its function as canopies for the land (Bakar et al., 2016; Hua
and Ping, 2018). The increase in the LST was also observed in arctic regions,
specifically on the island of Spitsbergen (Fitrahanjani et al., 2020). The Sumatra and
New Guinea islands are tropical regions that are warm all year and have a rich

biodiversity, which can affect changes in the LST (Antéo et al., 2019).

While the average LST in Sumatra decreased as compared to New Guinea and
Spitsbergen, this study also indicated that the LST rose in some areas. The decrease in
the LST could be due to contributing factors such as healthy vegetation and water body.
This study found a decline in the LST in the E.B. Forest. The same trend was observed
in a study in China, Bangladesh, and Europe in which the lowest LST reduction was
observed in areas with body water and E.B. Forest, despite the fact that the LST
increased as elevation increased (Schwaab et al., 2020; Tan et al., 2020; Uddin and
Mondal, 2020). Land cover in the form of the forest has the property of absorbing solar
radiation and tends to provide a cooling effect above the ground (Huryna and Pokorny,
2016) since tall trees provide shade for the soil surface (Lin and Lin, 2010). On the
other hand, the warming effect will occur in land cover types other than forest, for

example, residential areas or areas with little vegetation (Duveiller et al., 2020).

This study revealed that the highest increase in the LST occurred in savanna areas. The
characteristics of savanna are grasslands that have less plant diversity compared to
green forests. This type of plant in such areas is low grass in which leaves are small and
absorb little solar radiation (Armson, 2012). Too much solar radiation is one
contributing reason to the rising temperature of the soil's surface (Wild, 2012). Another
study in Australia also showed a similar case that the savanna was projected to
experience an increase in temperature (Reside et al., 2012). Savannas, including woody-
herbaceous systems, are usually described as a part of more widely distributed 'tree-
grass' vegetation communities, and the whole world is covered by savannas and woody
savannas by 13.7% (Mildrexler et al., 2011). Trees make greater structural complexity,
including the exchange of latent heat, into the savanna environment ( Baldocchi et al.,

2004). According to a study in the United States, the air temperature potential in
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savanna areas was warmer than that of other land types, such as grassland (Baldocchi
and Ma, 2013).

When discussing LULC, it should also consider the degree of plant greenness (NDV1)
in a region. A previous study in Mexico and Brazil found that increasing land cover
areas such as forests or healthy vegetation were more likely to reduce LST (Gomez-
Martinez et al., 2021; Wanderley et al., 2019). Many studies have reported that LULC
affected LST (Odindi et al., 2015; Rasul et al., 2017). The world will encounter an
increase in temperatures if land cover is drastically diminished (Parmesan and Hanley,
2015). The evaporation process allows green trees or other plants that cover the earth
surface to absorb heat as a result of solar radiation reflection. The heat on the ground
will be metabolized by trees and converted into different types of energy, lowering the
temperature on the land surface. This suggests that LULC, like healthy vegetation,
doesn't tend to raise LST (Babalola and Akinsanola, 2016).

The decrease in the LST in Sumatra also indicated that the island's vegetation was in a
relatively good condition. Although other studies showed high deforestation and land-
use change in Sumatra (Austin et al., 2019). The Indonesian government is currently
aggressively regulating and protecting forests on the island of Sumatra and other large
islands (New York Declaration on Forest, 2019). Deforestation prevention programs
and land management can be factors to reduce an increase in the LST in a regional scale
(Jaafar et al., 2020; Tacconi et al., 2019).

The elevation is one of the factors that can contribute to the LST. Previous studies in
the Horn of Africa and China showed different findings that the LST in high-altitude
areas with short vegetation types would decrease (Abera et al., 2019; Peng et al., 2020).
Other findings in China showed that higher altitude in areas would decrease the LST
steadily (Deng et al., 2018). Different topography is spread across the island of Sumatra
and has different types of vegetation. This shows that the elevation and vegetation are
very likely related to the LST. A study in Jaipur, India indicates that elevation had a
strong relationship with the LST (Khandelwal et al., 2018).
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Due to the Sumatra Islands are located between the western Pacific Ocean and the
eastern Indian Ocean, the regional climate characteristics over Sumatra Islands are
known to have seasonal and inter-annual variability predominantly related to the
monsoon, maritime climate, or rainfall pattern, etc. Those factors may affect the LST

change.

The current findings provide insights for better understanding of environmental
changes, particularly the state of regional climate change related to natural phenomena
and anthropogenic activities. Research and development organizations can promote
these findings in policymaking and strategic planning processes, for example, planting
crops, agricultural expansion, deforestation, and urban heat measures. To enhance the

cloud detection algorithm, more future studies should be conducted.

4.2 Conclusions
Little variations were exhibited by daily seasonal trend for LST-day (°C). LST-day was
increased at the beginning of the year and decreased at the end of the year. This study
finding also mentioned that not all LST in the area of Sumatra Island increased. This
study showed that LST variation differs by area, and so additional variables must be
explored more to determine the impact of all variables on the LST. Despite the fact that
the total LST change in Sumatra, Indonesia, is within a tolerable range (-0.122
°C/decade), the largest increase is 1.07 °C/decade and the greatest decrease is -0.84
°C/decade. Deforestation, which is widespread across Indonesia's big island, may be a
significant contributory factor in LST change, necessitating continuous monitoring of

LST change across the country.
4.3 Limitation and recommendation

This study demonstrated that LST change was varied in different local scale areas and
based on that circumstance. Individual correlation needs to be investigated to look at
the relationship of each dependent variable to LST. Global scale of assessment was
needed to counter the climate change due to the unwanted effect of it. Further
investigation of other predictors is needed to gain information about the increasing LST

on a global scale.
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Systematic Measurement of Temperature Change in
Sumatra Island: 2000-2019 MODIS Data Study
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Abstraet: Land surface semperatune (LST) is one of the important fsetors in the physics of land surface processes
10 ensure the wemperature change m the envinonment. Sumatra s one of the biggest islands m Indonesia thal is
suffering from deforestation. The objective of this shady was to determine LST changes in Sumatra Iskand from
2000-2019. LST-day data for each region of Summatra isknd were analveed with cubde spline o see the seasonal
patiern and get the LST changing value, The highest LST-day change was in the central region of Sumatra 1sland
which was 03842 “Cidecade (£ B.51, 95% C1: 0.296, 0.473), The lowest LST-day change was in the central
north region of Sumatra Island which was —0,1574 *Cldecade (£: -3.022, 5% C1: 02596, -0,055), The overall
L5T-day change was 01621 *C/decade (F5%C1: 01004 - 0.2338),

Keywords: Land surface temperature; Sumatra; Climate change.

Introduction

Cikohal warrning is one issue that everyone is talking
about recently. As a global issue, the evidence of
global warming also needs to be proven by measuring
the temperature change in the local and global scales
area (Masson=Delmotie et al., 2009}, The economy and
social life are affected by climate change (Mishra et al,
2010). Further more, climate change has an impact on
the environmental and health system (Marjuki et al.,
2016; Mboera ef al, 2001).

There was evidence that climate change gives an
impact or relation w human vulnerability on diseases
(W et al., 2006). Land Surface Temperature (LST)

*Carresponding Authar

plays an important part in monitoring climatological
processes at regional to global seales (Li et al., 2003;
Wongsm et al, 2017} The measurement of climatic
change by LST on a local scale was so cribical and
commonly uwsed {Luointel et al., 2009), LST is the
temperature at the surface layer of land that measures
between the atmosphere and material at the soil surface
(Stroppiona et al., 2014} The most widely used LST
data were the product of a modere resolution imaging
spectroradiometer (MODIS) where the source of the
data was from NASA Eanth Observation System (EOS)
satellites Terra and Aqua, launched in 1999 and 2002
(Wongsai et al., 2007} The satellite sensors will assess
LET four times o day. For Terra satellite, the first
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asscaement was ab 10:30 and the second was ai 2230,
Then, for Agqua sabellite, the third was an 13:30, and thse
timarth was at 1:30. The datn were in daily, eight-day and
mienthly LST data time series af two spatial resolutions
{1 ko and 003 deg. Climate model grida, CMG) {Wan
et al., 2005

The scientists stoied that the world is warming
{Amedh et al., 200191, On the other hand, a study was
mitigated about the climate change in Southeast Asia,
anil it was predicted that the temperaturess will fall .79
to ILTI°C in 20600 (Rasinh et al., 2018), A siotement
about warming or cooling in the large area was still
arguable. Several factors were also thought to b e
cawse of the wanming in a particular area such as the
change in land cover, the alterntions in forest function,
and the increase in human and industrial pogulations
{Longobardi et al., 2016).

Forest existences were the influence of the islund
temperniure on a regional or global scale (Vadrevn
et al., 2019). Sumaira Island was the largest of three
islands that fased deforesiation in Indosesia (Rijal e
al., 2016} Forest conversion and climate change 1ssues
hove fascinnbed the researchers all around the world
{Brack, 2019). Thus, this sdy chooses Sumaira as
an anea of the stedy w0 messore the LST change i the
regional nrea,

Materials and Methods

Stmdy Area

This study was condwcted in Sumatra Island. Sumatra
[sland is located from east longinede 9% io 10630 east
longrude and porth latitude 600 10 6.20 south latsode
{Figure 1), Forty-five subregions as a sample set were
chosen to messure the LST change for Sumatra and
wede grouped ino fve reglons.

As the pixel was the smallest information from an
image, Terrn Satellites used an area of | km = 1 km
&5 the centre poind to build a 3 km (above and below)
w3 ke (left and eight) and 7 km = 7 ke dimensions
s the result, This was also o considerntion due to the
sub-set order recommendation provided by MODIS, and
it might hinder the spatial autocormelation.

The sample podals are located arowndd parallels of
Tntitude 105 pixels widths (95 km} apan, We sssumed
that the nine subregions in one region have the same
parameter as in the nine subregions of the other regiong,
each comprisimg 49 pixels in a 7 = 7 array, eovering the
Sumatra islond, We specify the latitude and longrinde
of its central pixel o download data for 8 subregion.

i} b} 103 102 104 108
Longiude East ol Geeomwach

Figmre 13 Sumatra area of study,

Dutn Source nnd Analysis

Diata on daily LST on Sumaim island from March 2000
b Movember 2019 were used to investigate the changs
of daily L5T. The L5T data were frezly dowmloadable
from the MODIS database that contains average
temperatures every eight davs of clear sky for pixels
cach of arca 08530 km'. The time-series trends and
patterris of LST were analyzed using a cabic spline. The
ARIMA models were used o analyze the time-senes
data amd forecast the LET daia, and the muliivaraie
regression madels were ubilized o minmize the spatal
and sutocormelsison that was discoversd in the ARIMA
macels.

LST datn were the data from freely data sets of
BACDS (hitps=‘modis.oml.gov) (ORNL DAAC, 2018;
Phan et al, 20018; Wan, 2008), The calculation of the
exact location on Latitude and Longitude which is
determined o converied by the Modland tile caleulator
ol i vertical tile, horizontal tile, line. and the sample
must be completed 1o get the LST data. Withowt the
carrect amd exact bocation in Latide and Longitude,
the page will not continue or will serve unneeded data.
The range between the sample shoold be ot the same
mnge o decresse the spatial comelation,

MODTAZ Terra LST data were the code for LST
dofa on the next page of the website. Due to Land
climate components influenced by stmospheric and land
processes, these data were only for land, and the area
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with water body (ocean) was not available {Luinte] oo
al, 2009 Wan et al_, 2013). The analysis of this study
wiad comducted with the R program (Team, 20018). The
wehsile give the resume of da that we downloaded,
and choose the onder, 5o the data set link 1% sent 1o our
regrstered emul. LET dats must be ordered a2 o diffenent
time becmese the websibe only gave one opdion nume
of data in each order.

The dadn sccess order were sent inbe an email, and
the daia were provided in C5V format, The last step is
processing amd analyzing the data with the B program
(Phan ef al., 2018; Wan, 2008). LST data were from
MODIS B days Tera LST (MODLAZ) at 0,057 spatial
resolwibon. The original LST degree measurement was
Kelvin which was then converted imo Celsius.,

Adber converting the daa and managing the year
form, we ploted the day temperatures in swhregions
with fitted cubic splines to see the trends of LST
daily for a year from 2000-2019. We assumed that
each subregion has constant seasonal variations and
seasonal patterns for each day of the year within a
year presented in a plot. Running a plot with a nataral
cubic spline is considered the most appropriate model
that ensures the smooth periodicity. With natural cubic
aplines, one constructs a spline basis with knots an a
fixed location throughow the data points (Yang et al |
2012 Choesdng the location and number of parameter
knots for smoothing the spline curve is o crtical issue.
Here, we used three models: linear, 4-knots spline, and
T-kmets spling. Spline-smoothed seasonal pattems were
subimcted to create o season-adjusied time series while
using the autorepression model 1o estimate model curves
adjusted for fime series comelation.

Linear models were used o show variations and
nafural cubic splines to identify the seasonal paticrns
i LET during 2000-2019, The other way, multivariabe
regression models sccommodale emporal and spatial
variations m the effects of the covanates, including the
intercept {Ciamernan and Moreira, 2004 ), The variano:-
covariance mairis in multivariate regression is used
o create confidence intervals of response variohles in
lingar combinations. The increase in “C per decode will
be estimated using the multivariaie regression model.

We did nod only cabeulate the L8 T-day increase in ithe
region but also the £ score w see the LST-day change
in sub-region. The increased category of sub-region was
divided imto five: ncrease with 2 > 1.96 (red), likely
increase with = > | {orange), stablewith | z| = 1 {green),
likely decrease with z = 1 {ocean boat blse) and decrease
with z < 196 (wivid blwe), The regions were grouped in
five which ks increase {deep pink), likely imcrease (pink),

gtable (vivid green), likely decresse (vivid cyan) and
decrease (dark cyan). This shaded group was made to
differentiate when depicting the plotting resalt

Results and Discussion

Figure 2 depicts fhe LST change for 43 sub-regions
(circle) and five regions (five shaded areas) in Surmaira
Island. The day of LT i3 changed differemly in the five
regions: decreasimg in the central norh, mereasing in
the morth, central, central south, and likely mereasing
m the south. This result was based on Table 1. Table
I depicts 45 subregions LT day incrense from 2004
2019, The plot of LST change for each sub-region was
hnsed on this result, The plot of LST change for each
region was based on Tablz 2.

Table | depicts that the highest LST day change
occurmed in sub-region 22 (1114 “C/decade). The lowest
LST day change occurred in sub-region 14 (—1.561 C/
decade). The highest LST day change was in reglon 3
{entral) and the lowest was in region 2 {central)

Table 2 depicts that the highest L5T change was in
the central region of Sumatm island with a valee of
0, 3842 “Cldecade and £ valoe of B3 100(%5% C1 0,2957-
04727y The lowest L5T change was in the central north
of Sumaira island with a value of L1574 “Cidecade
and Z value of —3.022 (95% C] -0.2596 - L.0553).
The: overall average was shown that the LST in Sumesira
island was increasing 01621 “Cldecade and, by using
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Figure X: LST doy imcrease (“C/'decsde) 2000-2019
of Sumaitra.
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Tuble 1: The mean of LST doy increase’decade and p=value for 45 sub-regions Sumatra island 206800-2009

Swh-reg fHcrpasy J-vatug Sewh-reg Twcrease vl Seh-rep Increase pownlue
| 0162 0242 3 0,334 0.025 1 Ui 0ATT
2 342 D2 17 570 o iz DLERG i
3 (i L] (] 0314 0075 i 354 004
4 0334 (L4 19 L 0,334 34 [LEIER LR
5 ®I77? [EREL m 0,154 0.1T8 s xa7 .11
1] 0297 1] i | 1.034 o il 04l 0L
T 0,314 Q3 2 1114 [ a7 K113 0388
i 0,363 (EEL e a2 0 iz (R LIRS
] 221 0143 24 0.134 L i9 <1711 L]
10 -0n23w gl 25 0371 .05 40 0517 L1
1l 0,307 R EIES 26 0543 0 41 (iR Rl
12 176 483 27 0.6TS 1] 42 1,575 MR
13 INIE] 0495 18 L83 0449 43 0213 0254
14 -1.561 L] 19 0181 LT 44 [LEC1 oz
13 031 LR il 0,45 11,101 43 (U345 ik
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Tabde 2: LST day Increass “Cliecade and p-valee for 45 sab-reghons Sumaira island 2H8-301%

Herian focrease PEES OT fComfinemt Tmeerval) F
Morth i, 204 0, 1093 - 03075 4,123
Ceptral north 01574 1. 2596 - -0U0553 =3.022
Central 03842 0.2957 - L4727 510
Cewiral souh (. 286k (L1971 - D376 6267
Samith (kRS -IUE2AG - 0,2053 1.1%0
All regian average 01621 01004 - 02238

multivarate analysis, the e-value was 34136 (95% CI
(11 (=), 22 38 )

Figure } is a description of Tahle 2, This figure
depicis that the LST day in four regions {Morth,
ceniral, ceniral south and sowih) wes increasing: only

Sumalra Maech 2000 Noverniber 2010

Rugion
Morth =
Cenirad noithy  ——+——
Leniral e
Canral soath E—
Sonth
fomiap ——
02 00 02 04

Incieass in Ddy LST (*C pei Dacade)

Figure 3: The Sumatra Island Increase in Day LST
confidence inberval,

ame region (central north) was decreasing and the
overall Sumatra islond was increasing. A study shows
that the deforesiation in Sumatra was statistically
imcrensing (Basyuni et al, 2018} The area of central
Sumaira island was the most deforesied aren (Poor et
al., 2019} This can be evidencs that the occurrence of
deforestation was considered affecting the increase of
temperature ambient.

Cooling and increasing temperafures in an area
and the factors that cause it s sill a matter of debate
(Easterling and Wehner, 2009; Neukom eval., 2009) A
sludy siates that the canse of a emperiure increase
an ares was due o changes i land cover, gas emissions,
and an incresse i buman and mdustral populations
(Dwntta et al., 2007h

The previows study shows that the Sumaira area’s
surface temperatares have increased and this confirms
the findings of this stady {Musyayyadah and Vennisa,
2019y This warming condition can be iriggered by
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several causes such as land cover changes (Mifraka and
Chrysoulakis, 2016; Sapuira and Lee, 2019). Land cower
im Surmira 15 a largely cropacal rainforest amd currently
1% experiencing madsive deforestation (Goetz et al.,
2012; Rigal et al., J16; Sapuotra and Lee, 2009), Forest
CONVErSION CAN cause an increase in the lemperature in
the local region (Prevedelle et al,, 2019),

A femperature increase also oceurmed in arens with
a small vegetation index (Sum et al., 2012). Aren with
small vegetation index (unhealthy wegetation area) or
converted land cover area also affects LST chanpe
{Dheng et al., 20018). A study illustrates that a low MDY
{Morrmalized different vegetation index) will resalt in a
high LET (Ralmad et al,, 20019} Contrarywise, if the
NDVI was high, the LST ends 1o be low {Parveen and
Cihalfar, 2019), These findings occur in the central part
of the Morth Sumatra region,

Tempermture chamges that oceur in Sumatm are still
relatively small. A siudy shows that the increase in
temperature of an area can be reduced if the converied-
LULC (Land Use-Land Cover) area can be recuperated
a5 fiormerly (forest) (Gogod e al., 2009). [t was expecied
that am LST inerease can be affecied or reduced by
increasing MOV (Cooper et al., 20017

Conclusions

The increase i LST in Sumatra confirms that global
warming is occurring in ihe local area (an iskand} of
Swmsira. LST on Sumatrs sland was increasing 0.1621
“decade In the whole sland (45 sub-regions and five
regions). Further studies on a beoader scale ane wrgently
nesded smee this study only discovered the cooling
phensmenon, Other factors such 2= land use-land cover
(LULC) and MDYV can be taken into consideration for
further stucies. It will be o good issue o investignte the
factor that affects the LST chamge,

Acknowledgements

The authors appreciations for The Thailond's Education
Huhb for the Southemn Region of ASEAN Countries
(TEH-AC), Universitas Airlangga and Princs of Songkla
University Graduate School Ressarch Grand,

References

Ameth, A, Barhosa, H., Benton, T., Calvin, E_, Calvo, E.,
Connoas, 5, and Cowie, A, 2009, Climate Change and
Land. fn: Imergovernmental Panel on Climane Change,

Beegyumi, b, Sulistivora, M., Wati, B and Haysti, B, 2018
Deforestmion wend in Morh Samatra over 199020135,
TP Comference Serve: Earth and Ervirenmentol Scivnce,
122(1). hitps:idoiorg/10. | DRE/1 755=1315'1 2271401 2058

Brack, [v., 2019, Forests ond Climate Change Duncan Brack
fr: The fourteenth sesgion of the United Mations Faram
ot Fangats, Btrieved froi Dt s, i o foness
wp-conbentuploads 201 203 UNFF 14-BhgdStady-S00G 13-
March2019.pdf

Cooper, LA, Ballantyne, &.F, Hodden, &4, amd Landguih,
EL. 3007, Disnirbance irgacts on land surface eimperatune
amdl pross primary productivity in the western Undted
States. Sourmal of Geeplysion! Research: Slogeorclemoe,
12204)z 930-5946, hitps:doiang/ 10, | DO | GRGNG22

Dranta, [, Prasad, M. and Mandis, VR, 2007, Smdy of
varsous [actars infloence an band sorfice emperstuce in
wrham environment. faureal af Lines aed Exvironmenial
Englngerimg, 11{1)z 38-62, hetpsoidoiong 10,4000/
Juee 200751 ol (SR0GT

Deng. Y. Wang. 5. Bai, X., Tan, Y., Wo, L., Xiaa, 1.

.. [han, )., X8, Relstionship among land sarface
tempernture and LUOC, MDWT im typical karst area.
Sciemiific Repors, B0 1-12, hatpeidod arg/ 10,1028/
41 9B T- 190885

Easterling, DUR. and YWehner, BMLF., 2009, Is the climate
warming or cooling Creoplisical Revemreh Letters, 36(H)c
-4, Ihtepes: ko, oy 100022 ONRGLAOZTE)

Ciamserman, D and Maoneir, AR B, 2004, Mulirvarate spatkl
regression models. Ao’ aof Mrliiariaie Analre, 9102)
362381, hitps=doicrg 1O & s 200402016

Gioetz, 5., Hansen, M.C., Baceini, A, Tyukavina, A, Potapov,
B, Mangone, B.A . Turubanova, 5. 2002 Mapging and
misstoring deforestalion sl forest degradation in Sumatra
{Indanessa) wsing Landsat time series data seis from 1990
i 2010 Envievamennsl Seserrck Leters, T3 034010
batips: o g 10U 1OBE T T4E-03 20T AM54010

Ciogoi, BT, Vimaj. ¥, Swain, D, Robens, G., Dash, 1. and
Tripathy, 5., 201%. Land use and land caver change effect
on surfoce temperature awer Eastern India, Sctend(fe
Repars, B 1-10 hoips:doborg 10, 1038541 $98-019-
45213-2

Li. £.L., Tamg, B.H., Wu, H., Ren, H, Yan, G., Wan,
Z.. oo Sobrime, LA, 2013, Satellite-derived lond
surface temperaiere; Cumend siatue and perspectives,
Remare Seving of Emvirommend, 1303 14-37. hitpszfidal.
ang/| 0.1 &prse 200 2.1 2008

Lomgohardi, P, Maontemegra, A., Beliramd, H. and Ehy, M.,
Hilé, Deforestation nduced climaie change; Effects of
apatial seale, PLod ONE, 10040 npaydodarg/ 10,1371
Jourmal pose 0153357

Luintel, M., Ma, W., Ma, V.. Wang, B. and Subba, 5.,
2009, Spadial and temporal variotion of deytime and
alphiime MODMS [and surfbos lemperabane across Mepal.
Admospheric and Ooemmic Science Letters, 12(5): 305-311
Erttpes: Vebevi. gy | DL TOB OV 6TA2 824 2019, 1625701

51



52

[ Tidan Agung Eka Prasetya of al.

Muorjuki, van der Schrier, (., Tonk, AM.GK., van den
Besselnar, EJLM., Marhaysti and Swarinodo, ¥.5.. 2006,
Obseryved nends and varabalily i climate indices
relevant for crop yields in Somtheast Asia. Sowrmal of
Chimage, 20{7Tj: 2651-2660, hitps:/deiorg/ 10,1175/
JCLI-D-14-00574.10

Masaon-Delmotte, V.. Poriser, H.-00 Skea, 1., Zhal, B
Roberts, 0. and Shakla, PR, 3019, Global Warming of
1.5°%C. Infergovernmemial Pamel on Climate Change.

Mboera, LEG.. Muayala, BE., Kwecka, EJ. and Mazigo,
HLL, 2000, linpedd of ¢livane cliange of bums bealth ad
hialth systemes im Taneania- A review. Tivecowio Sosrmm!
af Hexlth Rexearch, 1M SUPPLISS): 1-23. hetps:iidod.
arg! 10,43 140hrk, w1 30, 10

Mishra, AK., Sisgh, VP, and Jain, S.K., 2000, Impact of
plobal warming and climets change on social devilopimei.
Jourral o € Social Welfare, D6{2-3): 230.260,
hipssicoi.omg’ 10, RS0 TARGRS | DO3RETHIG

Minraks, £, and Chrysoubakis, M., 2006, Earth observstion
faor urban climabe monitormg: surface cover and land
surface temperature. Jricch, i, 125:144. hitps:idoi.omg/
higpe Ve dod.org WL3TT257353

Musynyyadah, H.A, and Yoeniza, M., 2019 Analisa Pala
Temperatur Udsra Fermukosan & Sumalera Basal Tahun
1980-201 7. Jewnad Fivika Linamd, S{1): 91-97.

Memkom, R., Steiger, M., Gimez-Mavarmo, 1), Wang, 1. and
Wemer, LB, 319, MNe evidence for globally coherend
warm fnil cold perlods aver the presndusirial Commen
Era. MNamre, STITTé6): 530-554. https:doi.ong' 10,1038/
sd I5RGO19- 14012

ORNL DAAC, 2018 MODIS and YIRS Lond Produces
Gilobal Subsening and Visualizstion Tool. Enps:Vidol.
arg/ 10,333 famldaac | 379

Parveen, M. and Ghaffar, A., 2015 Spatial and Temparal
Relntiorship berween NOWYT and Land Surface Tempemiure
of Falgalabad city from 2000-2013, Swropean Oaline
domrmal of Motarm! and Seciall Soremcer, Bk 55-64.

Phan, T.N_, Kappas, M. and Tran, TP, 2018, Land surface
temperature varintion due to chonges in elevation in
Monhwest Vietnam, Climere, S(28) 1-1% hips:Vidoi.,
argy 10 33N HEINNTE

Poar, EE., Iati, ¥1.M., Imron, M.A- and Kelly, M1, 20019,
The rand 1o deforesiniion: Edge effects in an endemic
cenaysbem in Sumars, Indonesia. MLa¥ ONE, 14T 1-13,
ikl ong 1001 3T 1Ljoumal pone. 021 T340

Privedelba, A Winck, G.E, Weber, MM, Michols, E. and
Sinerva, B., 2009, Impacts of forestation and deforestoticn
an loeal temperature geross the glebe. PLaS OVE, 14(3):
1-18. boipssidod org' 10,1371 joureal, pose 02 1 1368

Rahmad, K., Murman, A. and Pimem, K., 2009, Impact of
MWD¥1 Change to Spatinl Distrbution of Land Sarface
Tempernture (A Study in Medan City, Indonesia).
far Fmpernmtionel Conference on Secinl Sciences and
farerdisciplinary Studfer (IOSSIE 2008, 08 167-17L.
hitpsidoi.ong’10.299 ] iossis=1 8. 2019.23

Resinh, B, Al-Amin, A )., Chowdharry, A H., Ahmed, F. and
Fhang, T, 2008, Climsate change mitgation poojectsons
for ASEAN, feamnal of the Ao Pocife Scomomy, 2R
195-21 2. hitpsetidoiong' | 0CIORN ] 354 TRE0 20 E. 1442145

Rijal, 5., Saleh, M.B., Surmi, LN, ard Tiryana, T., 2016
Dilforeatation Profile of Repeacy Level m Sumalra.
Tmrernmtional Jowmal of Sclences: Sasle and Applied
Reeearch (LISRAR), T5(2): 3R5-402,

Saputra, M.H. and Lee, H.5, 219, Prediction of Land Use
amd Land Cover Changes for Morth Sumatra, lndoness,
Using an Artificinl-Meural-Metwork-Based Cellular
Autonated, 1-16, hitpa:didol ooz 13300 1113024

Strappiana, [k, Antomineiti, M. and Bovee, PA., 2004,
Seasomaliny of MODMS LST over Southerm Iualy and
cowrelation with land cover, topography and sclar radistion.
Enropean dowrsml of Remote Sensing, 47(1): 133-152
Eritpes: Vi gy 1 0U572 1 Euf RS 201 44709

Sum, 03, W, £, and Tan, 1. 3012 The relavonship berasen
land surface temperature and land usedand cover inm
Crangzhon, Chiss Enviresseaiel Eark Sciences, 6500
168 T= 1609 httpes:idod ocg! 10, 10075 1 066500 11 145-2

Team, RO, 2008, B: A Language and Environment for
Statistical Computing. Retrieved February 2, 2009, from
Wienna, Austria wehshie: hipsaiawowr-progest. o

Yadrevu, K., Heimdmamn, A, Guiman, . and Justice, T,
201%. Remote sensing of land wse'cover changes in Soub
and Southeast Asian Countries. fmisrnmtiomal Jowene! of
s Erver, 12010 1095-1102. himpeztdolong/ 10,10
QI TRARSET. 00 B 1654270

Wam, £, Hook, 5, and Halley, G, 3015, MODLAZ MODIS!
Terra Land Surface Tempersture and Emisivity E-Day
L3 Gilobal 1kem SIM Grid Vi, NAS4 SOS00E Land
Processey DAAC. Retrieved from higpimodisoml.gow'
subsetdutaT 009115725 T4 108552130 6385551
TLII2ISEILE] MO LAY citation. bib

Wam, Zhengming, 2008, Mew Refinemenis and “alidation
of the MOMNS Land-Sarface Temperature Emissivity
Producis. Bemiose Sewsimg of Enviroumenr, 140, hpei
dai.ong' L 0.1 1G L rse 2006, 06,026

Wongsai, M, Wongeai, 5, and Hoste, AR, 2007, Annusl
seasanality exiraction uxing the oubic spline fimction and
decadal rend in rempornl daytime MOMS LST data
Rewwote Sevesing, 9(12). bttps: iddoi.oeg! 10, 339Nrs0 1 21254

Wu, XK., Lu, ¥, Zhou, 5., Chen, L. and Xu, B, 2006
Impact of climate chamge on buman infections diseases:
Empirical evidence smd Fuman adapiation. Envimuameny
Intermationed, B6: 14-23. hetpsodoiorg/ V010D &5
enving, 200 5,069,007

Yang, L., (hn, ., Zhaa, N., Wang, C. and Song, ., 2012
Using n genemlized ndditive model with ausoregressive
termms o study the effects of daily temperaban: on modality.
BME Medical Resewrclh Mecthodology, 12, kitpe:/dioi.
org 1L 186 14T 1-2288-12-165



Publication 2

IS5 2354 %114 donlinel, IS5M 0024 9521 (print)

Indamnsian fournal af I:;usuran Vol 53, B, 2, 200 [ 235 -245)

DOE: hatpyidscdolorg/ L0221 164851327 webstze: hotpe:ffjarnalegm.ac idilg
bR Facul iy of Goography UG and The Indonesian Geographors Association

s

EOGRAP
]

Land Surface Temperature Assessment in Central Sumatra, Indonesia

Tofan Agung Eka Praseiya ', Munawar ', Muhamad Rilki Tauhk %, Sarawuih Chesoh ', Apiradee Lim ', and

Dron McNeil

' Research Methodology, Department of Mathematics and Computer Science, Faculty of Science and Technology,
Prince of Songkla University, Fattani Campus, Thailand.

“Health Department. Faculty of Vocational Studies, Universitas Airlangpga, Indonesia.
*Statistic Department, Faculty of Mathematics and Science, Syah Kuala University, Indonesia.
* Faculty of Health Science, University of Darussalam Gontor, Tndonesia

Reoetved: 2019 11 23
Accepbed: 20300503

Abstract Land Surface Temperature (LST) assesiment can explain temperature variation, which may be

influcticed by Bsctors such as elevation, land cover, and the normalized difference vegetation index (NDWI)
In this study, a multiple linear regression maodel of LST vamation was constructed hased on data from the
Moderate Resalation ]rnn.glng qu:rmrallinmdﬂ IMODE) aboard MASA"s Terra satedlife, uhhng e the
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laed cover;
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perind, 2H0-2018. The highest LST variation of neardy 1.3 *Cidecade was found in savanna arcas while the
lovwrest variation was in the evergreen broadbeaf forest and woody savanna, which experienced a decresse of
20 "Cldecade, The overall mean change of LST was 004 *Chdecade and the regressaon model with LST as the

s dependent variable and elevation, land cover type, and NVIH a5 independent variables prodisced on B square
ot 0L376, The variation in LET was differemt depending upon the MDDV
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1. Intreaduction

Climate change, particularly rising temperatures, is Uhe
most significant environmental problem facing the world
today (Me-Ead & McMel, 2006), Climate data based on
satellite imaging of land surface temperature (L5T) are
essenlial in monitoring and assessing climate change impacts
at both the small-and large-area scales {Wongsai et al. . 2017).
Some critical [aclors in studying the lemperature of the land
surlace are land cover, and whether the land is covered by
green vegetation, as measured by the normalized difference
vepelation index (WDW1), as well as elevalion (Alavipanah et
al., 20015 Guan et al, X014; 3 Sun et al,, 2012) Moreover,
elevation has been a faclor considered in previous studics Lhat
have modeled land cover (Palit & Popovic, 2005) since the
change in elevalion can contribute to differences in LST (Gao
elal., 2008},

Deforestation has been edtimated 1o have caused a 17 %
increase in greenhouse gas emissions worldwide and s
believed w be a factor in the increase in the earth's
temperature (Gullison el al., 2007], A previous study of land-
cover change on Sumatra showed that this island has the
highest deforestation rate in Indonesia (Rijal e al., 2016).
Begween 1990 and 2000, 70 % of the foresis on Sumatra were
destroyed, with the highest rate of deforestation occurring in
central Sumatra, including Riaon Province, which soilered
approximately 42 % deforestation (Goetz el al, 2012).
Meveriheless, based on a previous stedy, the LST change in
central Sumatra has been lower than in other regions of
Surmtra {Prasetya ¢ al.. 2000}, Previous studies have assewsed
the relationship between land cover and LST (Sobrino e al.,
2003 Voogl & Oke, 2003; Zhou e al, 2000 Zhou e al,

CFRER e e Ein i el o o 1] g 4 bl
Thes. swfa ) mm.om arvem. avcvms i br diird v o oy 0 vvete el soma devws sl e Tenpeder e
bl T B2 ] armarki vl s w o v, g A 6

20004), the impact of different kinds of land cover on L5T and
how that relationship is affected by cxtreme land surface
temperatures [Alavipanah et al., 2015; Vasishth, 2015 Zhou
et al, 2014; Ehou et al, 20010 In a further study which
caplored the spatial variations in wrban L5T, the polential
factors were grouped inte categories by land wse-land cover
changes (LUCC) composition, biophysical conditions, the
intensity of human activities, and landscape pattern {Weng et
al, 2008). With the resulis showing that biophysical variables
were significant in explaining the spatial variations in L5T.
Another wariable that can affect the LST is pgreen
vegetation cover, as measured by the NDWL The NDVI is a
te] for analyzing the vegelation stalus in the present and
past and predicts its [uture condition {Caoyia et al., 2018} and
NIV can be studied based on Moderale Besolution Imaging
Spectro-radicmeter (MODLS) observations which capture the
spectral behavier of vegelation (Sharma et al, 2008). This is
because plants react differently 1o different parts of Lhe
clectromagnetic  spectrum including  visible  light, and
electromagnelic waves are Lypically absorbed in the red and
blue wavelengths, so that reflected light retains the preen
wavelenglhs, with strong reflections also in the near-infrared
(NI} wavelengths (Sharma et al.. 20018). Areas Lthat have a
high L5T oilen have a low NDV] and vice versa (Chuai et al.,
2012). and arcas with a lower lemperature are usually those
with vegetation and bodies of waler {Joshi & Bhaw, 2012},
Yuan and Baver (2007} found a negative correlation between
WNOV] and LST in & study of wban climate, and another
study found that LT was correlated with NIDW1 and land use
lypes, wilth a negative correlation between LS and cerlain
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types of vegetation (Weng et al., 2004),

However, devation, land cover, and NDVI might interact
with each other. Although most previous studies have
examined the effect of these factors separately. Thus, this
study aimed 1o investigate the effects of the combination of
elevation, land cover, and NDVI on changes in LST in central
Sumalra,

2. The Methods

The study used data freely available from the MODIS
aboard NASA's Terra satellite relating to LST, elevation, land
cover, and NDVI (Kamel, 2015; Wan et al, 2015). The LST
data were downloaded from the MODIS 8-day Terra LST
(MOD11A2) from 2(66) to 2018 at 0.05% spatial resolution.
MODIS 8-day LST data are the mean of the data collected
under clear-sky conditions only, and the elevation data were
extracted from the LST data (ORNL DAAC, 2018; Phan et al ,
2018; Wan, 2008). The land cover data and the NDVI dara set
(MOD13Q1) at a spatial resolution of 0.05° were also
abtained from the MODIS MODI1A2 data set for the period
2000-2018.

The International Geosphere-Blosphere Program divides
land cover into seventeen types (Fried] et al,, 2005; Li et al.,
2016). However, in this study, the land cover was simplified
into nine categories, namely, evergreen broadlcaf (EB) forest,
woody (W) savanna, savanna, grassland, permancnt (P)
wetland, cropland, urban, cropland/natural vegetation

Latitude

mosaic (Crop mos.), and water, by aggregating small areas
that have similar characteristics. Elevation was categorized
into nine groups: 0-14 meters above sez level (MASL); 15-29
MASL; 30-69 MASL: 70-149 MASL; 155-349 MASI; 350-599
MASL; 600-899 MASL; 600-899 MASL; %0-1199 MASL, and
1200+ MASL. For analysis, the NDVI was categorized into
four categories that are A: below 0.75, B: 0.75 to 0.8 called
constant, C: above 0.8 to I called changing, and above 0.75
combination between category B and C. Constant indicates
that the trend in the NDVI was generally constant, changing
indicates that the trend in NDVI was increasing during the
study peried and the fourth category was combining category
B and C to reduce error in certain elevation category due 1o
small size. The range of NDVI values is actually frem -1to 1,
but an index range of 0.1 10 0.7 is typically indicative of
vegetation. Thus healthy vegetation cover shows high index
values while values near zero indicate bare soil and rock,
where the near-infrared reflectance and the red levels are
similar. Negative values indicate land cover types other than
vegenation (e.g., water or snow) or clounds {Adeyert &
Okogbue, 2014). In this study, multiple lincar regression was
used to create a statistical model to investigate the effect of
elevation, land cover, and NDVI with all analyses conducted
using the R program (R Core Team, 2018).

Sumatra is onc of the biggest islands in Indonesia (sce
Figure 1). The island was divided into 70 super regions with

Sumatra super-regions

6

96 98 100

102

Longitude
Figure 1. Sumatra Super regions and study area (bold box) in Central Sumatra
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dimensions of 105 km = 103 km, and each super-region was
divided inwe 25 regions with dimensions of 21 km = 21 km.
Thiose regions were further subsdivided inw nine sub-regions
with a dimension of 7 km = 7 km, esch consisting of 1 km =
1 km squares represented by 49 pisels Dn this study, six super
-repioms in the central part of Sumatra located in O
equilerial ared werg chosen [or analysis (super-regions 18,
19, 20, 24, 25, and 26), Oiber super regions in the area {super
regions 17, 21, 22, 23, 27, and 28} were excluded becanse they
consisl largely of surface water (se¢ Figure 1). In this stady,
MODTTAZ data for LST from MODS covering Sumatra's
ﬂ]l:lil.'lﬂl'ii'lj area for the p:‘-rind 2000201 8 were collected (rom
1,274 sub-regions representing 61300 pixels (Wan et al.,
2015)

3. Result and Discussion

Table 1 shows the distribulion by percentage of the land
arca studied in central Sumalra based on elevation, land
cover, and MDVL The largest area (149 %) is at an clevation
of M6% MASL, with the area between 15-2% MASL having
the lewest area (5 %) For the land cover, the highest and
Jowest arcas are 48,3 % for EB Forest and 0.2 % for wrban,
respectively, while lor NIW I, the calegory B accounts for the
highest percentage (61.7 %), with the category ©  showing
the lowes) percentage (13,9 %),

Table 2 shows the increase in daily mean L5T based on
the lour NIW] groups against elevation and land cover type,

and this is also illusirated in Figure 2. As can be seen, the
highest increase in daily mean LST was recorded in cvanma
areas bocated abaove 600 MASL within the changing NDV]
classification. The most considerable decrease in mean LST
was recorded in the W, Savanma area located at 150-349
MASL within the NDVI « 0.75 classifications.

The data shown in Table 2, which wese used to constenet
the multiple linear regression model, show that in cenatral
Surmatra, the mean land sorface wemperatire had decreased
by 04 *Cldecade (horieomial fed line in Figure 2). The
highest increase in land surface temperature {1.2% *Cldecade)
occurred in savanna at an elevation above &00 MASL
Savanna, including woody-herbaceons sysiems and woody
savanna, is gencrally defined as a subset of more widely
distributed ‘tree-grass” vegetation communities (Mildrexler et
al, 2011), which constitute around 30 % of werrestrial
vegelation (Grace et al, Z0D&). Trees contribute greater
structural complexity to the savanna environment and aid
the exchange of latent heat (Baldocchi et al., 2004). Baldocchi
and Ma (Z013) found, in a study conducted in America, that
the air temperaiure potential in savanpa areas is higher
compared to other types of land cover, particularhy grassland.

Figure 2 illustrates the data recorded in Table 2
According to Figuee 2 [ in arcas of EB forest, which account
for 44.3 % of the land-cover in central Suematral, the NDV] is

Table 1, Elevation, MDDV and land cover in central Samatra, 20002018

Variable Frequency (pixels) Percentage (%)
Elewalion
(meters above sea level)
0-14 7 A 12.2
1514 3087 5.0
60 Q.122 149
Ti-149 7981 13.0
150349 6,06 9.8
A50-599 7176 1.7
Gl-899 6,756 1.0
-1 & H4T 1.2
1200 6 K39 11.1
Land «Cower
EB Poresl 29,581 483
W Savannas 21,992 ELL
Savannas 3913 6.4
Grasslamds 1,954 32
P Wellands 2491 4.5
Croplands 194 0.3
Urlsan 146 4.2
CropMos 2640 4.3
Water 589 LR
NI patiern
A< 075 14,94% 4.4
B: 0,75 - 0.8 constant 37415 61.7
C: 0.8 - | changing H.536 134
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Table 2. Change in mean LST by NDVI, elevation and land cover in central Sumatra, 2000-2018

Change in mean LST per decade (°C)

Variable NDV] NDVI(.75-0.8 NDVIOS-1 NDV1>075
<0.75 constant changing combined

E.B. Forest
(-14 MASL -0.69 .52 -0.44 NA
15-29 MASL -0.40 .17 0.09 NA
30-69 MASL -(.83 .21 0.27 NA
70-149 MASL -1.61 .45 -0.00 NA
150-349 MASL -2.09 £.65 -0.64 NA
350-599 MASL <123 .46 -0.39 NA
600-899 MASL 077 «1.42 -0.33 NA
900-1199 MASL -0.64 .33 -0.33 NA
1200+ MASL -0.35 «1.01 .90 NA
W. Savannas
0-14 MASL 049 «£1.29 .11 NA
15-29 MASL -0.15 0.4 0.20 NA
30-69 MASL 048 .23 0.58 NA
70-149 MASL -1.19 A.00 0.61 NA
150-349 MASL 21 «£1.64 0.54 NA
350-599 MASL -1.37 .59 .25 NA
600+ MASL .59 4125 0.81 NA
Savannas
0-599 MASL -0.99 a4.12 0.50 NA
600+ MASL -0.60 047 1.29 NA
Grasslands -0.35 .60 1.24 NA
P. Wetlands 0.95 A .45 0.09 NA
Croplands .75 NA NA 044
Urban 047 NA NA 0A5
Crop Mos,
1599 MASL -1.56 NA NA .90
600+ MASL .93 NA NA A.54
Water -1.25 NA NA .38

Note: NA indicates the absence of that land-cover type within a particular NDVI category, and NDVI > 0.75 combined category
was combined between constant and changing due to small size.

LST Day ncrease (*C/Decade) 1274 Subregions in Sumatra (C)
2 i Lend-cover
. M&':? e SEases | 5§ T A% b EBFarest (48 3%)
: % l%’a‘;ﬂna!(ﬂ
¥ wm":’f’ i
' +
ns
*
: L
Jjleiil! ’
TTHTTA
4
-2
123456789 | 1234546791673 | | 1679 | |
b h i 3 I m n q
NDVI pattern & Elevation & Land-cover

Figure 2, Change in daily LST (*C/decade) by NDVI, eevation and land cover of central Sumatra in 2000-2018
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less than 0.75 and the elevation is lower than 600 MASL, and
the LST has decreased by between 0.49 and over 2.1 °C/
decade.

A previous study in Jaipur, Indis, showed that elevation
has a negative correlation with 1LST (Baldocchi & Ma, 2013;
Khandelwal et al, 2018) and research in China showed that
in some areas the LST steadily decreases with increases in
altitude, (Deng et al., 2018). Variation in temperature is thus
often related to elevation, land cover and NDVI {Guha et al,
2018; Malbéteau et al, 2017)

Research on LUCC using remote sensing technology has
a long history and has made considerable progress (Sun et
al, 2012). LUCC is an essential indicator in understanding
the interactions between human  activities and  the
environment (Dewan et al, 2012). The lincar change of
temperature and its association with land cover depends on
many environmental factors. For instance, urban land use is
generally associated with high pollution, and temperature
change (Sun et al, 2016) and urban enviroamental
conditions often have a substantial impact on biodiversity,
climate change, and atmospheric particulate pollution at
local and global scales {Nagendra et al, 2004; Uy &
Nakagoshi, 2007),

Forest cutting and deforestation have been found to cause
significant increases in temperatore of up to 0.28 (°C/decade
on average in tropical regions {Li et al, 2016) and converting
land use at high aititude from the forest or good quality
vegetation will inceease LST (Tang et al, 2018). Moreover,
when the NDVI is low, the temperature ks gencrally high

NDVI Initial Inc/dec

04

since the NDVI is negatively correlated with temperature
(Dong et al., 2018),

However, in this study, the R square in the muliiple
regression constructed using the data shown in Table 2 was
0,376, which means that the elevation, land cover, and NDVI
accounted for only 37.6 % of the change in the LST,
indicating that 62,4 % of the variation was attributable to
other factors, A previous study has suggested that while the
NDV1 is useful as a standard for estimating LS1 variation in
urban areas, it may be less useful for other land cover classes,
where there may be ne correlation between LST and NDVI
(Bakar et al,, 2016),

As can be seen from Figure 3, where the initial NDVI was
between 0 and around 0,75 (area A, accounting for 24.4 % of
the land area), the mean decrease in LST per decade was
1,038 “C. On the other hand, where the initial NDVI was
above 0,75 - 0.8 (area B, accounting for 61.7 % of the land
area), the mean decrease in LST per decade was 027 °C,
while for areas where the initial NDV1 was above 0.8 (area C,
accounting for 13.9 % of the land area), the mean increase in
LST per decade was 0,268 “C. This linding shows that not all
areas in central Sumatra experienced an increase in daily LST
over the period studied, This study also confirms that in areas
with healthy vegetation, the temperature did not significantly
increase (Alipour e al,, 2010; Deng et al., 2018),

Vegetation mapping and monitoring by satellite or
remole sensing are essential 10 establish the vegeration
conditions in a particular area. Vegetation monitoring by
satellite imaging produces an inventory of green cover and

Mean LST Inc/dec
A-1.038 24 4%
B.-0.27 61.7%
C- 0268 139%

0.6 08

Initial NDVI
Figure 3. A plot of daily LST Increase (*C/decade) by initial NDV1
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can be wsed for production ferecosting, and vegetation
growlh assessment (Oppavae et al., 2005) Vepelation is a
general term [or plant life, which is the most abundan biotic
lement on Farth and refllects the extent of ground cover, The
amount of segetation is related o most of the Gelers which
cause climate change. including temperature change.

4. Comclusion

This study concludes that variation in the LST in central
Sumatra is related to change in land cover, NDVL, and
levation but that other factors are also implicated in the
variation noted, This study demonstrates that LST change
varies across different regions and that other factors need o
be further investigated to establish the contribution of all
variables to the L5T. Even though the everall LST change in
central Sumatra in Indonesia is within an acceplable range,
with the average change in L5T being only -04 “Cldecade,
the highest increase is 1.2% "Cldecade and the most
significant  decrease  is -211  Chdecade.  Continuoeus
menitoring of LST change is necessary for the broader area
of Sumatra since deforestation. which is  widespread
throughout the island of Sumatra. maybe a significant
contributory factor in L5T change,
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Abstract. Land Surface Temperature (LST) can be used as an indicator of measuring
temperature change in the regions. The changing variation can be produced or affected by some
factors such as elevation, land cover products. and Normalized Difference Vegetation Index
(NDVI). This study aimed to investigate LST variation based on elevation, land cover products.
and NDVI in the North Sumatra area, Indonesia. Land products satellite data between 2000 and
2018 were downloaded from the moderate resolution imaging spectroradiometer (MODIS)
website. Multiple linear regression was used to find the patterns of LST variation. The highest
LST variation was found in Evergreen Broadleaf (EB) forest and urban area with the average
change 0.4 and 0.5 "C/decade and the lowest was found in water surface area with the average
change more than -1 ‘C/decade. The overall mean of LST changing was -0.1 ‘C/decade with r-
square 31.4%. There was a unique LST variation in EB forest land cover when the elevation
increased, the LST also increased from -0.4 to 0.5 "C/decade. The same condition also appears
in Savannas and cropland/natural vegetation mosaic (Crop. Mos.). In conclusion, the changing
of LST in North Sumatra was affected by elevation, land cover products, and NDVL

1. Introduction

In recent years, climate change. particularly rising temperatures, is one of the important environmental
problems facing the world today [1]. LST is the outer layer of temperature which is at the crossing point
among superficial materials and the atmosphere [2]. LST is a satellite-based climate-related data that
has an important part in controlling climatological processes, water stability at small to large-scale area
and land surface energy interactions [3], [4].

The climate negatively affects human daylilies and environments [3]. This was represented in the
long-term decreasing in the predominance of nutrition impairments, which slightly linked to extreme
necessary events [5]. This was predominantly related to Southeast Asia since food production and
security were at-risk sectors and Southeast Asia has a vital role as major exporter [6]. Since the 1950s,
the tropics had become a source of enhancing interest among meteorologists because convective storms
dominated the weather of the tropics. These develop mainly along the Intertropical Convergence Zone
[1]. North Sumatra was one of the areas in Sumatra Island and it has tropic climate.

A study in Sumatra Island about land cover change (deforestation rate) shows that this island has the
highest deforestation rate in Indonesia [7]. A study report that 70% of forests in Sumatra have been

Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
TEE of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOL
Published under licence by 10P Publishing Ltd 1
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destroyed since 1990 to 2010 [8]. Land degradation and deforestation in the North Sumatra area has
been achieved 2.4 million hectares of land at risk [9]. Deforestation caused greenhouse gas emissions
by 17% and believed as a factor of increasing the earth's temperature [10]. Thus, North Sumatra is
selected to be a study area of whether the Land Surface Temperature (LST) was influenced by other
factors namely land cover, NDVI, and elevation.

The elevation, land cover product, and normalized difference vegetation index (NDVI) were some
potential determinants to analyze land surface temperature [11]-[13]. The high difference in land
elevation has a significant effect on LST [14]. Remote sensing application in thermal detection has been
applied in urban regions to estimate urban heat island, to threat land cover groups and as input for
developing a model of urban surface-atmosphere exchange [15]. A study used correlation appraisals and
multiple linear regressions to investigate the impacts of the structure and shape of land cover types on
LST in Baltimore, Maryland, USA by considering Landsat Enhanced Thematic Mapper Plus (ETM+)
image data [16]. It has been proposed that the effect directions of land cover variables on assessing LST
were reliable throughout periods or seasons, although the significance of consequences, multifarious by
periods or seasons, during summer were providing the strongest predictive ability and the weakest
during winter [17].

Studies had been conducted to analyze the impact of the land cover on surface temperature and the
effect of the extreme temperature in the land surface [18)]. A study in the urban climate stated that NDVI
and LST have no parallel value [19]. It means that in the high-temperature area has low NDVI and
oppositely high NDVTI is in the low-temperature area. Areas with high vegetation and water body have
lower temperatures [20]. Some studies had been proposed to analyze the vegetation type and LST which
had a negative correlation and associated with different land-use types [21], [22]. Therefore, this study
considered elevation, land cover, and NDVI as an important factor to analyze LST in a tropical area,
which is in North Sumatra. Moreover, this finding will confirm the existing phenomena occurring in the
study region and favorable for the authonty to set the environmental rehabilitation plans. Policymakers
could use this study result to be focusing on a particular area of Sumatra that needs protection from
increasing temperature and what caused it.

2. Materials and Methods

2.1. Study area

North Sumatra was selected as a study area. North Sumatra area was the northern part of Sumatra island
and this land was between the Indian Ocean and the Strait Malacca. The border of on the northwest was
Aceh and in the southeast, there were Riau and West Sumatra. This area stretches for at least 66.150
km? (refer to data-pixel). This area consists of the wetlands along the Strait of Malacca and Medan (the
third-largest city in Indonesia) was located here. In the western and southern areas consisting of the
plateau which was a stretch across the island of Sumatra. There is also Lake Toba, which located in the
mountains, which was an ancient volcanic caldera. Most of the large islands around it on the west coast
of the North Sumatra area were part of the North Sumatra province. We divided this area into super
regions with a size of 11 regions in order to simplify the data obtained from the MODIS website. Only
6 super regions were selected for further analyses because from 10 super regions in the North Sumatra
area, 4 of it has most areas connected to the sea (see Figure 1.)

2.2, Data source
LST, elevation, land cover, and NDV1 data between 2000 and 2018 were downloaded from the moderate
resolution imaging spectroradiometer (MODIS) website. LST data were extracted from MODIS 8-day
Tera LST (MOD11A2) at 0.05° spatial resolution. These data are the average of the surface temperature
clear sky condition, and elevation data was extracted from the United States geological survey
(https://earthexplorer.usgs.gov/) data [23]-[25].

MODIS land cover dataset (MCD12C1) and MODIS NDVI dataset (MOD13Q1) provide land cover
data annually from 2000-2018 at a spatial resolution of 0.05°. Land cover dataset contains 17 land cover

[
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classes, namely evergreen needleleaf forest, evergreen broadleaf (EB) forest, deciduous needleleaf
forest, deciduous broadleaf forest, mixed forest, closed shrublands. open shrublands, woody (W)
savannas, savannas, grasslands, permanents wetlands, croplands, urban and built-up, cropland/natural
vegetation mosaic (CropMos), snow and ice, barren or sparsely vegetated and water bodies. These were
defined by the International Geosphere-Biosphere Programme classification [26], [27]. In this study,
MODIS data from 1,125 sub-regions covered the North Sumatra area for the years 2000-2018 were
collected. Land cover was simplified into 9 categories of land cover (evergreen broadleaf forest, woody
savannas, savannas, grassland, permanents wetlands. croplands, urban, cropland/natural vegetation
mosaic, and water) by aggregating the small percentage that has same characteristics.

Sumatra super regions contain 70 super regions. Each super-region consists of 25 regions with a size
of 105 km x 105 km. Each region consists of 9 sub-regions with a size of 21 km x 21 km. Each sub-
region has a size of 7 km x 7 km. Six super regions of the North Sumatra were chosen for statistical
analysis which was super regions 8. 9, 10, 13, 14 and 15. Super regions 11 and 12 were not included in
the analyses as most of the area is water (see Figure 1). 66.150-pixel data with 855 observations from
2000-2018 was used for this study for 6 super-region.

NDVI pattern grouped decide by using recursive partitioning decision tree and elevation also grouped
for made the graph result readable. Elevation was categorized into 9 meters above sea level (MASL): 1.
0-14 MASL: 2. 15-29 MASL: 3. 30-69 MASL: 4. 70-149 MASL: 5. 155-349 MASL: 6. 350-599 MASL.:
7.600-899 MASL: 7. 600-899 MASL.: 8. 900-1199 MASL: 9. 1200+ MASL. Land cover was simplified
into 9 categories of land cover by aggregating the small percentage that has the same characteristics.
The NDVI was categorized into 2 groups: 0.85 or more and less than 0.85. The range of Index values
was from -1.0 to 1.0, but vegetation index values typically range between 0.1 and 0.7. Healthy vegetation
cover has high index value and value near zero was an index for the area that reflects a similar level of
near-infrared and red such as bare soil and rock. A negative value was for cloud. water, and snow which
is the opposite of vegetation[28]. ARIMA coefficient was used in this study to take out the
autocorrelation of LST-day data. All of the analysis, graph, and map was created by using the R program
[29].
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3. Results and Discussion

This study consisted of 9 land cover products. The biggest area was the evergreen broadleaf forest (EB
forest) accounted for 59.5% of land covers. The smallest area was water accounted for 1.2% of land
covers (See figure 2). The other land cover areas with similar characteristics and small areas were
aggregated into the same land cover area. The overall r-square was 31.4%. This means that elevation.
land cover and NDVI influenced LST by 31.4%. and remained 68.6% affected by the other factors.
Based on the result of this study, NDVI indicated vegetation for estimating LST in urban heat islands.
But the results showed that land cover classes were not effective in some islands as we can see the
correlation with LST [30]. The other study revealed that in highland areas, spatial heterogeneity in LST
is also high due to surface landscape, land cover, superficial solar radiation, and more components [31].

LST.Day Increase (*C/Decade) 1125 Subregions in Sumatra (M)
Land-cover Meters above sea level NDWI pattern| | r-s5q. 31.4%
b EB Forest (59.5% 1- 0-14 4- 70-149 X + <0 85
1.0/l h WSavannas (21.2%) 21529 5 150-349 + 2085
I. Gavannas (3.9 3: 30-69 B: 350-5599 + Variable

(i 1
I: Craplands (2.4%)
mi; Urban (1, %g

n: Crop Mas %)
g Water (1.2%)
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Figure 2. The LST day increase per decade ("C/decade) by NDVI. elevation and land cover of North
Sumatra in 2000-2018

The highest increasing day LST was found in EB forest and in an urban area with 0.4 and 0.5
‘C/decade. Both areas covered 59.5% and 1.3% of the North Sumatra area. The elevation of more than
1200 MASL with NDVI1<0.85 happened in the EB forest. Changes in forest land cover conditions were
a major factor in climate change in recent times [32]. Another study reported that land cover
modification {deforestation) triggered major heating in the tropical area but forestation generated an
opposing effect on the temperature change [26]. A study mentioned that on the local scale of the tropical
area, deforestation and forestation obviously affected the changing of LST [33].

The water area covered 1.2% of land covers had the lowest LST day increase ( C/decade)
approximately — 1 "C/decade. The water surface region was cooler in comparison with the other surface
forms. A study in Turkey stated that the water area gives an effect on the land surface temperature
around the water region[34]. The temperature changing also give significant influence in the
environment (flora and fauna) and region topography related LST[35]. Due to water lets the light going
profound into the deep flouting heat transmission during the day resulting in LST was in low value [36].

The LST variation of NDVI less than 0.85 was lower than the LST variation of NDVI at more than
0.85. It's mean that less vegetation in that area, the LST was decreasing at some level of elevation. The
different condition was in urban and croplands, the LST change increased when NDVI less than 0.85.
It's mean that less vegetation in that area. it had a higher temperature. A study in the urban developed
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area in China had the highest LST [13]. The possible reason for decreased land surface temperature was
because of the body water [37]. As we know that in the north Sumatra area there are Toba Lake that has
a wide region water area.

Conclusions

Elevation, land cover changes and NDVT have related to LST Day Increase in the North Sumatra area
that indicated the highest LST day increased was found in EB forest and urban area. Changing of
elevation, land cover and NDVI contribute to the LST day increased. Although the overall characteristics
of air temperature variation in north Sumatra of Indonesia are in the tolerable range, persistent
monitoring is necessary.
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