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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 NDVI 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 

et al., 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). 
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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. 
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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 
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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 
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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 

et al., 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 
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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; Näschen 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). 
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Biophysical and climatological parameters such as urban and street geometry (Eliasson, 

1996), built-up area and height (Bottyán & Unger, 2003), LULC (Dousset & 

Gourmelon, 2003), and vegetation (Bottyán & 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 
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(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. 
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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 NDVI 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, c, 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   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 is an area with a large 21 km  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 

area 1 km  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.  

 

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 

LST, LC 

• ID: MOD13Q1 

• Name: Vegetation 

Index (NDVI/EVI) 

(Terra) 

• Frequency: 16 day 

• Resolution: 250 meter 

• source : MODIS 

• ID: MOD11A2 

• Name: Land Surface 

Temperature and 

Emissivity (Terra) 

• Frequency: 8 day 

• Resolution: 1000 m 

• Source :  

Decided on a start and finish date 

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.  

Selected the center of area by determining the longitude and latitude   

NDVI 

Determined the encompassing area by confirming the kilometers 

• ID: GMTED2010 

• Name: USGS 

EarchExplorer 

• Frequency: 16 day 

• Resolution: 30 ARC 

SEC (25-42 m) 

• source : MODIS 

ELEVATION 
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data only. Elevation data were extracted from LST data. Figure 2.2 showed the way to 

manage data for analysis. 

 

Figure 2.2 Flow chart of data management  

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

 

LST raw data 
MOD11A2 

Cubic Spline for 
analysis seasonal 

trend 

LST change 
categories 

Compile with the 
predictor 

Raw data in total 59469 
records 

Adjusted each observation 
with Pixels, determined 

suitable knots, and adjusted 
LST change 

Classify into three group, 
increase, stable and decrease 

to identify seasonal trend 

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

and NDVI 

Modelling 
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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 

LC raw data 
MOD11A2 

Rustering 

Merging categories 

Raw data in tiff format 

Conversion gradient to 17 
International Geosphere-

Biosphere Program 
classification 

Merging categories with 
small size and identics 

property, remain 9 categories 

Modelling 
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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. 

 

 

Figure 2.5 Process of managing elevation data and analysis  

Elevation raw data 
GMTED2010 

Rastering  

Value of Meter Above 
Sea Level 

Group classifications 
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a certain range, small 

number of observations are 
merged 

Modelling 
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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.  

 

Figure 2.6 Process of managing NDVI data and analysis 

  

NDVI raw data 
MOD13Q1 

Add the coordinate 
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Compile each super 
regions 

Decision tree 
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<0.75, 0.75 ≤ x ≤ 0.80, >0.80 

Modelling 
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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. 

 

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. 

 

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

NDVI 

 LST Change 

 

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 

𝑡 and 𝑡 − 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 𝛽. 

According to (Kalpakis et al., 2001), ARIMA (𝑝, 𝑑, 𝑞) is the Box-Jenkins seasonal 

model, where 𝑝 and 𝑞 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 (Wongsai 

et al., 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.    
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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. 

 

Figure 3.1 Land cover in Sumatra Island 



24 

 

 

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. 

Area 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 

Forest 
243.339 47.06 

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 

(Crop.Mos) 

27.590 5.34 

Water 3.521 0.68 

NDVI pattern   

A: < 0.75 184.968 35.77 

B: 0.75 - 0.8  284.313 54.99 

C: 0.8 – 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 R2 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 R2 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 R2 (0,71%) are 

shown in the Figure 3.5. LST-day increase/decade by spline model was -0.321 °C.  

  

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

The cubic spline with 8 knots gives the highest average R2 as shown in Figure 3.3. The 

highest R2 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 NDVI 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. 
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Table 3. 2 Change in mean LST by NDVI, elevation, and LC in Sumatra 

Categories 
NDVI 

< 0.75 

NDVI  

0.75- 0.8 

NDVI  

0.8 - 1 

Evergreen Broadleaf Forest 

0-14 MASL 

15-19 MASL 

20-34 MASL 

35-59 MASL 

60-109 MASL 

110-319 MASL 

320-739 MASL 

740-1119 MASL 

1120+ MASL 

 

 

-0.31 

-0.30 

-0.20 

-0.54 

-0.96 

-0.39 

-0.15 

-0.01 

0.41 

 

 

-0.10 

-0.09 

0.06 

-0.16 

-0.16 

-0.18 

-0.14 

0.00 

0.33 

 

 

0.05 

0.11 

0.40 

0.19 

0.02 

-0.03 

-0.04 

0.11 

0.45 

Woody Savannas 

0-14 MASL 

15-19 MASL 

20-34 MASL 

35-59 MASL 

60-109 MASL 

110-319 MASL 

320+ MASL 

 

-0.16 

-0.21 

-0.23 

-0.40 

-0.54 

-0.47 

-0.26 

 

-0.09 

0.00 

0.07 

-0.02 

-0.01 

-0.14 

-0.18 

 

0.03 

0.22 

0.40 

0.26 

0.18 

0.17 

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 
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3.3  Result of simple linear regression 

 

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 R2 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 (Antão 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 Pokorný, 

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 (NDVI) 

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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