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Abstract Land Surface Temperature (LST) assessment can explain temperature variation, which may be
influenced by factors such as elevation, land cover, and the normalized difference vegetation index (NDVI).
In this study, a multiple linear regression model of LST variation was constructed based on data from the
Moderate Resolution Imaging Spectroradiometer (MODIS) aboard NASA’s Terra satellite, relating to the
period, 2000-2018. The highest LST variation of nearly 1.3 °C/decade was found in savanna areas while the
lowest variation was in the evergreen broadleaf forest and woody savanna, which experienced a decrease of
2.1 °C/decade. The overall mean change of LST was -0.4 °C/decade and the regression model with LST as the
dependent variable and elevation, land cover type, and NVDI as independent variables produced an R square
of 0.376. The variation in LST was different depending upon the NDVI.

©2020 by the authors. Licensee Indonesian Journal of Geography, Indonesia.
This article is an open access article distributed under the terms and conditions of the Creative Commons
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1. Introduction

Climate change, particularly rising temperatures, is the
most significant environmental problem facing the world
today (Me-Ead & McNeil, 2016). Climate data based on
satellite imaging of land surface temperature (LST) are
essential in monitoring and assessing climate change impacts
at both the small-and large-area scales (Wongsai et al. , 2017).
Some critical factors in studying the temperature of the land
surface are land cover, and whether the land is covered by
green vegetation, as measured by the normalized difference
vegetation index (NDVI), as well as elevation (Alavipanah et
al., 2015; Guan et al,, 2014; Q. Sun et al,, 2012). Moreover,
elevation has been a factor considered in previous studies that
have modeled land cover (Palit & Popovic, 2005) since the
change in elevation can contribute to differences in LST (Gao
et al., 2008).

Deforestation has been estimated to have caused a 17 %
increase in greenhouse gas emissions worldwide and is
believed to be a factor in the increase in the earth's
temperature (Gullison et al., 2007). A previous study of land-
cover change on Sumatra showed that this island has the
highest deforestation rate in Indonesia (Rijal et al., 2016).
Between 1990 and 2010, 70 % of the forests on Sumatra were
destroyed, with the highest rate of deforestation occurring in
central Sumatra, including Riau Province, which suffered
approximately 42 % deforestation (Goetz et al., 2012).
Nevertheless, based on a previous study, the LST change in
central Sumatra has been lower than in other regions of
Sumatra (Prasetya et al., 2020). Previous studies have assessed
the relationship between land cover and LST (Sobrino et al.,
2013; Voogt & Oke, 2003; Zhou et al, 2011; Zhou et al,

2014), the impact of different kinds of land cover on LST and
how that relationship is affected by extreme land surface
temperatures (Alavipanah et al., 2015; Vasishth, 2015; Zhou
et al, 2014; Zhou et al, 2011). In a further study which
explored the spatial variations in urban LST, the potential
factors were grouped into categories by land use-land cover
changes (LUCC) composition, biophysical conditions, the
intensity of human activities, and landscape pattern (Weng et
al., 2008). With the results showing that biophysical variables
were significant in explaining the spatial variations in LST.
Another variable that can affect the LST is green
vegetation cover, as measured by the NDVI. The NDVI is a
tool for analyzing the vegetation status in the present and
past and predicts its future condition (Onyia et al., 2018) and
NDVI can be studied based on Moderate Resolution Imaging
Spectro-radiometer (MODIS) observations which capture the
spectral behavior of vegetation (Sharma et al., 2018). This is
because plants react differently to different parts of the
electromagnetic spectrum including visible light, and
electromagnetic waves are typically absorbed in the red and
blue wavelengths, so that reflected light retains the green
wavelengths, with strong reflections also in the near-infrared
(NIR) wavelengths (Sharma et al., 2018). Areas that have a
high LST often have a low NDVI and vice versa (Chuai et al.,
2013), and areas with a lower temperature are usually those
with vegetation and bodies of water (Joshi & Bhatt, 2012).
Yuan and Bauer (2007) found a negative correlation between
NDVI and LST in a study of urban climate, and another
study found that LST was correlated with NDVI and land use
types, with a negative correlation between LST and certain
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types of vegetation (Weng et al., 2004).

However, elevation, 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 to investigate the effects of the combination of
elevation, land cover, and NDVI on changes in LST in central
Sumatra.

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 2000 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 data set
(MOD13Q1) at a spatial resolution of 0.05° were also
obtained from the MODIS MOD11A2 data set for the period
2000-2018.

The International Geosphere-Biosphere Program divides
land cover into seventeen types (Friedl et al., 2005; Li et al.,
2016). However, in this study, the land cover was simplified
into nine categories, namely, evergreen broadleaf (EB) forest,
woody (W) savanna, savanna, grassland, permanent (P)

mosaic (Crop mos.), and water, by aggregating small areas
that have similar characteristics. Elevation was categorized
into nine groups: 0-14 meters above sea level (MASL); 15-29
MASL; 30-69 MASL; 70-149 MASL; 155-349 MASL; 350-599
MASL; 600-899 MASL; 600-899 MASL; 900-1199 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 1 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 period and the fourth category was combining category
B and C to reduce error in certain elevation category due to
small size. The range of NDVT values is actually from -1 to 1,
but an index range of 0.1 to 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
vegetation (e.g., water or snow) or clouds (Adeyeri &
Okogbue, 2014). In this study, multiple linear 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 one of the biggest islands in Indonesia (see
Figure 1). The island was divided into 70 super regions with

wetland, cropland, urban, cropland/natural vegetation
Latitude 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 x 105 km, and each super-region was
divided into 25 regions with dimensions of 21 km x 21 km.
Those regions were further subdivided into nine sub-regions
with a dimension of 7 km x 7 km, each consisting of 1 km x
1 km squares represented by 49 pixels. In this study, six super
-regions in the central part of Sumatra located in the
equatorial area were chosen for analysis (super-regions 18,
19, 20, 24, 25, and 26). Other super regions in the area (super
regions 17, 21, 22, 23, 27, and 28) were excluded because they
consist largely of surface water (see Figure 1). In this study,
MODI11A2 data for LST from MODIS covering Sumatra’s
equatorial area for the period 2000-2018 were collected from
1,274 sub-regions representing 61,300 pixels (Wan et al.,
2015)

3. Result and Discussion

Table 1 shows the distribution by percentage of the land
area studied in central Sumatra based on elevation, land
cover, and NDVL The largest area (14.9 %) is at an elevation
of 30-69 MASL, with the area between 15-29 MASL having
the lowest area (5 %). For the land cover, the highest and
lowest areas are 48.3 % for EB Forest and 0.2 % for urban,
respectively, while for NDVI, the category B accounts for the
highest percentage (61.7 %), with the category C showing
the lowest percentage (13.9 %).

Table 2 shows the increase in daily mean LST based on
the four NDVT groups against elevation and land cover type,

and this is also illustrated in Figure 2. As can be seen, the
highest increase in daily mean LST was recorded in savanna
areas located above 600 MASL within the changing NDVI
classification. The most considerable decrease in mean LST
was recorded in the W. Savanna area located at 150-349
MASL within the NDVI < 0.75 classifications.

The data shown in Table 2, which were used to construct
the multiple linear regression model, show that in central
Sumatra, the mean land surface temperature had decreased
by 0.4 °C/decade (horizontal red line in Figure 2). The
highest increase in land surface temperature (1.29 °C/decade)
occurred in savanna at an elevation above 600 MASL.
Savanna, including woody-herbaceous systems and woody
savanna, is generally defined as a subset of more widely
distributed ‘tree-grass’ vegetation communities (Mildrexler et
al., 2011), which constitute around 30 % of terrestrial
vegetation (Grace et al, 2006). Trees contribute greater
structural complexity to the savanna environment and aid
the exchange of latent heat (Baldocchi et al., 2004). Baldocchi
and Ma (2013) found, in a study conducted in America, that
the air temperature potential in savanna areas is higher
compared to other types of land cover, particularly grassland.

Figure 2 illustrates the data recorded in Table 2.
According to Figure 2 ( in areas of EB forest, which account
for 48.3 % of the land-cover in central Sumatra), the NDVTI is

Table 1. Elevation, NDVTI and land cover in central Sumatra, 2000-2018

Variable Frequency (pixels) Percentage (%)
Elevation
(meters above sea level)
0-14 7,466 12.2
15-29 3,087 5.0
30-69 9,122 14.9
70-149 7,981 13.0
150-349 6,046 9.9
350-599 7,176 11.7
600-899 6,736 11.0
900-1199 6,847 11.2
1200+ 6,839 11.1
Land-Cover
EB Forest 29,581 48.3
W Savannas 21,992 35.9
Savannas 3,913 6.4
Grasslands 1,954 3.2
P Wetlands 291 0.5
Croplands 194 0.3
Urban 146 0.2
Crop.Mos 2,640 43
Water 589 0.9
NDVI pattern
A:<0.75 14,949 24.4
B: 0.75 - 0.8 constant 37,815 61.7
C: 0.8 - 1 changing 8,536 13.9
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Table 2. Change in mean LST by NDVT, elevation and land cover in central Sumatra, 2000-2018

Change in mean LST per decade (°C)

Variable NDVI NDVI0.75- 0.8 NDVIO0.8 -1 NDVI > 0.75
<0.75 constant changing combined

E.B. Forest
0-14 MASL -0.69 -0.52 -0.44 NA
15-29 MASL -0.40 -0.17 0.09 NA
30-69 MASL -0.83 -0.21 0.27 NA
70-149 MASL -1.61 -0.45 -0.00 NA
150-349 MASL -2.09 -0.65 -0.64 NA
350-599 MASL -1.23 -0.46 -0.39 NA
600-899 MASL -0.77 -0.42 -0.33 NA
900-1199 MASL -0.64 -0.33 -0.33 NA
1200+ MASL -0.35 -0.01 0.90 NA
W. Savannas
0-14 MASL -0.49 -0.29 -0.11 NA
15-29 MASL -0.15 0.04 0.20 NA
30-69 MASL -0.48 0.23 0.58 NA
70-149 MASL -1.19 -0.00 0.61 NA
150-349 MASL -2.11 -0.64 -0.54 NA
350-599 MASL -1.37 -0.59 -0.25 NA
600+ MASL -0.59 -0.25 0.81 NA
Savannas
0-599 MASL -0.99 0.12 0.50 NA
600+ MASL -0.60 0.47 1.29 NA
Grasslands -0.35 0.60 1.24 NA
P. Wetlands -0.95 -0.45 -0.09 NA
Croplands -0.75 NA NA -0.44
Urban -0.47 NA NA -0.45
Crop Mos.
0-599 MASL -1.56 NA NA -0.90
600+ MASL -0.93 NA NA -0.54
Water -1.25 NA NA -0.38

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 Increase (°C/Decade) 1274 Subregions in Sumatra (C)
2r NDVI pattern Meters above sea level rsd: 37.7% Land-cover
+ A <0.75 1: 0-14 6: 350-599 b: EB.Forest+ (48.3%
+B:0.75-0.8 2:15-29 7- 600-899 h: W.Savannas (35.9%)
+C: 081 3: 30-69 8- 900-1199 i: %?ggglrgsd(seg?
B&C combined: >0.75 g; 120%29 9: 1200+ | Grasslands ((0-'5%%
: + I: Croglands 0.3%)
1 m: Urban (0. %3
n: Crop.Mos ()AA %)
q: Water (1%
S
0
T HH =
A .I.
+4
-2
123456789 [1234¢86m9|nerof || | |, [r679]
b h i j k I m n q

NDVI pattern & Elevation & Land-cover

Figure 2. Change in daily LST (°C/decade) by NDVTI, elevation 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, India, showed that elevation
has a negative correlation with LST (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 linear 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 environmental
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 temperature of up to 0.28 (°C/decade
on average in tropical regions (Li et al., 2016) and converting
land use at high altitude from the forest or good quality
vegetation will increase LST (Tang et al.,, 2018). Moreover,
when the NDVI is low, the temperature is generally high

NDVI Initial Inc/dec

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

However, in this study, the R square in the multiple
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
NDVT is useful as a standard for estimating LST variation in
urban areas, it may be less useful for other land cover classes,
where there may be no 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 0.27 °C,
while for areas where the initial NDVI 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 finding 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 et al., 2010; Deng et al., 2018).

Vegetation mapping and monitoring by satellite or
remote sensing are essential to establish the vegetation
conditions in a particular area. Vegetation monitoring by
satellite imaging produces an inventory of green cover and
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Figure 3. A plot of daily LST Increase (°C/decade) by initial NDVI
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can be used for production forecasting, and vegetation
growth assessment (Ozyavuz et al., 2015). Vegetation is a
general term for plant life, which is the most abundant biotic
element on Earth and reflects the extent of ground cover. The
amount of vegetation is related to most of the factors which
cause climate change, including temperature change.

4. Conclusion

This study concludes that variation in the LST in central
Sumatra is related to change in land cover, NDVI, and
elevation 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 to
be further investigated to establish the contribution of all
variables to the LST. Even though the overall LST change in
central Sumatra in Indonesia is within an acceptable range,
with the average change in LST being only -0.4 °C/decade,
the highest increase is 1.29 °C/decade and the most
significant decrease is -2.11 °C/decade. Continuous
monitoring 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 LST change.
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