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ABSTRACT

Land surface temperature (LST) is an important factor in surface energy
balance and global climatology studies. LST characteristics such as elevation, land cover
(LC) and vegetation can significantly affect LST. This study aimed to investigate the
annual seasonal patterns, decadal trends, their relationships, and dynamic acceleration
patterns in LST and NDV1 changes through diverse LC types and to examine the influence
of LC variation and elevation on LST in a decadal trend in Taiwan by using weighted sum
contrasts linear regression. LST, NDVI and LC data were retrieved from the MODIS Land
Product subset tool (ORNL DAAC, 2018) and elevation data were downloaded from the
USGS Earth Explorer website. The natural cubic spline method and multivariate linear
regression were used to model annual seasonal patterns, decadal trends, and acceleration
rates for each LU type. Acceleration patterns were analyzed using the correlations between
derived trends and acceleration rates. Finally, weighted sum contrasts linear regression was
applied to evaluate the influence of LC alteration and elevation on the decadal change of
LST. Results showed that BB land had a significant increase in LST (0.862°C per decade).
The average increase in daytime LST and NDVI were 0.141°C and 0.019 unit per decade,
respectively. Moreover, Taiwan had a significant mean increase in decadal trends of NDVI

but not LST. LST and NDVI had a negative relationship and were stronger in green



viii
coverage areas compared to built-up areas. At a sub-region level, a higher rise in LST and
tremendous vegetation loss were found at high altitudes in the Central Mountain Range,
which is located in the southern regions. At the pixel level, urbanization and agricultural
expansion had caused increasing LST, while afforestation had contributed to cooling. The
study also indicated that the diverse pattern of LC variation has a significant influence on
daytime LST, but not on nighttime LST trends. There was an affected of daytime and
nighttime LSTs at an altitude above 600 m. However, the growth rates of greenness have
not yet decreased, policymakers and practitioners have to consider and plan a balanced

view of green cities to retain pace with the accelerating surface temperature conditions.



Acknowledgments

I would like to acknowledge my advisor, Assoc. Prof. Dr. Apiradee Lim,
and co-advisors, Emeritus Prof. Dr. Don McNeil for their guidance, continuous
encouragement support and motivation throughout the completion of this thesis.
Moreover, | would like to thank Dr. Noppachi Wongsai and Assit. Prof. Dr. Sangdao
Wongsai from Thammasat University for their guidance and valuable knowledge. 1 am
also thankful to all the lecturers, Ph.D. and Master’s students for their direct and indirect

support during my study and the faculty staff helped me to move forward.

Furthermore, | am thankful to the Faculty of Science and Technology,
Department of Mathematics and Computer Science, for facilitating me with a valuable
platform in my academic career. Lastly, | am thankful to The Royal Golden Jubilee
Ph.D. Program Scholarship under Thailand Science Research and the Innovation
(TSRI) and National Research Council of Thailand (NRCT), (Grant No.

PHD/0205/2560) for giving me the opportunity to pursue my Ph.D. degree.

Sahidan Abdulmana



Table of Contents

ABSTRACT ettt ettt b et be e e be e nnne s Vil
ACKNOWIBAGMENTS. ... IX
Table OF CONTENES .....c..iiiiiiicee e X
TaDIE OF FIQUIES ... et e e are s Xii
LASE OF TADIE ... Xiv
List of the ADDIeVIALIONS ..o e XV
Chapter 1 INTrOQUCTION ...t 1
1.1 Background and Rational............cccceieiiiiiiiiiiiieece e 1
1.2 ReSEArCh ODJECLIVES........oivieiiciiecie et 4
1.3 EXpected adVantageS........c.covieeeiieeiieiie ittt ettt 4
1.4 LITErature FEVIBW ......ueeeuieiiiteeeieeie sttt et 5
1.5 Scope of the RESEAICH .........ooiiiiiiie e 11
1.6 Conceptual frameWOrK..........cooiriiiiiiii e 12
1.7 Organization of the theSIS ........ccoiiiii e 13
Chapter 2 MethodoIOgy ........c.cooiiiiiiiiece e 14
P ([0 VA 1 WSS 14
2.2 DALA USEA........ceiiiiiieiieieee e 16
2.3 Data MaANAGEIMENT. .......oivieiiiieriieee et 20

2.4 StatiStiCal METNOA . ... ..o 24



Xi

ChAPLEr 3 RESUILS ... 34

3.1 Daytime LST and NDVI Annual Seasonal Patterns and Trends Over

20 YAIS ..ttt 34
3.2 Decadal Change in Daytime LST and NDVI .......ccccccooiviivieiiciiecece, 37
3.3 Decadal change of cultivated lands and urban LST and NDVI................. 42
3.4 Dynamic Patterns of 20-year Daytime LST and NDVI..........c.cccceevvenenen. 45
3.5 LC Change and EIevation ............ccoceiiiiiiiiiiiiieee e 49
3.6 Decadal of daytime and nighttime LST Change..........cccccooevirvneniniennenn. 51

3.7 Linear Regression Analysis with Weight Sum Contrast of Decadal LST

THENA bbbt 53
3.8 The effect of elevation and LC change in the north and south region........ 55
Chapter 4 Discussion and CONCIUSION ..........cccceiiiiiiiiicc e 59
4.1 DISCUSSTON ...ttt bbbttt ettt bbbt 59
4.2 CONCIUSTON ...t 69
4.3 Limitation and recommendation for further study...........c.ccoovvvrvniiiennnn. 71
RETEIBNCES ... 73
F AN o] o 1= o [ USROS TPRUPSRN 89



Xii
Table of figures

Figure 1.1 Data analysis diagram................oooiiiiiiiiii e 12

Figure 2.1 The map of (a) Taiwan showing elevation and 21 sub-regions, and (b) IGBP

land cover type over Taiwan Island and five example sites. Note that land cover class

legends display only classes found inthe study area...................ocooiiiiiiiinnn, 16
Figure 2.2 Process of managing LST data.............ccooeiiiiiiiiiiiiiieeeee, 21
Figure 2.3 Process of managing NDVIdata..................cooiiiiiiiiiiiin, 22
Figure 2.4 Process of managing LC data................cooooiiiiiiiiii i, 23
Figure 2.5 Process of managing elevationdata....................coooiiiiiiiiiinne 24

Figure 3.1 Seasonal patterns of LST and NDVI for examples of five LC types

Figure 3.2 Forest plots of decadal LST and NDVI change in sub-region level: (a) the
Cl range of LST increases per decade of each sub-region and (b) the CI range of
NDVI increases per decade of each sub-region.................ccoiiiiiiiiiiiniii, 38
Figure 3.3 Decadal LST and NDVI change in pixel and sub-region level.............. 39
Figure 3.4 Pearson correlation of decadal LST and NDVI change in five major LC
ClaSSES. . .t 42
Figure 3.5 LST and NDVI change in built-up and barren (BB) and cultivated cropland

(CC) areas inside sub-regions on western plain of Taiwan............................... 44



xiii
Figure 3.6 Increasing LST in (a) southern region of CMR (LST trend > 0.60 °C/dec),
(b) Taichung Basin (LST trend > 0.00 °C/dec), and (c) southwestern plains (LST trend
> 0.00 CCIABC). ..t 45

Figure 3.7 (a) Five classifications of ALST and ANDVI patterns over 20-years period:

(1) Accinc denotes accelerating increase and (b) their distributions on Taiwan

Figure 3.8 (a) LC change of Taiwan (from 2001 to 2019) accosting to five re-classified
groups of 13 IGBP LC types, and (b) nine levels of elevation........................... 49
Figure 3.9 Distribution of decadal (a) daytime and (c) nighttime LST change in Taiwan,
and distribution of corresponding statistical significant value (p-value) of (b) daytime
and (d) nighttime LST change............coooiiiiiiii e 52
Figure 3.10 Mean and confidence intervals of daytime and nighttime LSTs based on a
linear regression model fitting using weighted sum contrasts with elevation and LC

change groups as determinantS............c.oiiieiriiii i 54

Figure 3.11 The map of Taiwan divided in the north (above) and south (bottom)

=10 [ [o]0 L T TSP 56

Figure 3.12 Mean and confidence intervals of daytime LSTs in the north (above) and
SOULh (DOLEOM) FEGIONS. ...\ttt e, 57
Figure 3.13 (a) enlarged area of interest where high daytime LST increased with
statistically significant and high resolution airborne imagery from Goggle Earth

platform in (b) 2001 and (€) 2019 ... 58



Xiv
List of table
Table 2.1 IGBP LC type, LC group and its coverage percentage in Taiwan, 2019...18
Table 2.2 Group of elevation and percentages of pixels for each group................ 19
Table 3.1 Daytime LST and NDVI increase with 95% CI (Confident Interval) and z-

values of each sub-region from 2000 —2020...........ccooiriiriiiiiiii e, 37

Table 3.2 Transition matrix of LC change between year 2001 and 2019.................. 50



List of the Abbreviations

MODIS Moderate Resolution Imaging Spectroradiometer

NASA  National Aeronautics and Space Administration

IGBP International Geosphere-Biosphere Programme

LST Land Surface Temperature

NDVI Normalized Difference Vegetation Index

LC Land Cover
LU Land Use
Cl Confident Interval

QC Quality Control

XV



Chapter 1

Introduction

1.1 Background and Rational

Land Surface Temperature (LST) is the ground temperature of the earth’s
surface resulting from land surface-atmosphere reflections and energy fluxes between
the surface and the atmosphere (Khandelwal et al., 2018). It is a tool for investigating
climate change in the heat of the ground surface. One of the significant benefits of LST
is that it can be used to monitor rural and global climate change in order to understand
environmental situations to sustain human life. However, the transformation of the land
surface depends on many aspects for instant vegetation (Kumar et al., 2012), land cover
(LC) (Guo et al., 2012), and elevation (Phan et al., 2018). Normalized Difference
Vegetation Index (NDVI) is one of the factors that has been influencing energy balances
of the earth surface and affect to LST change (Liu et al., 2015). The alterations of
vegetation on the ground from short to long term influence climate change at the local
to the universal (Bounoua et al., 2000). According to Feehan et al. (2009) reported that
the vegetation trends had reduced in different parts of the world and had a negative
association with temperature. In addition, the change in LST and atmosphere were
influenced by the vegetation index.

LC is another important factor affecting the changes in LST (Aboelnour and
Engel 2018). It is the physical material that makes up the earth's surface. It gives
information for the researchers to observe the difference in colors to identify LC in each

region. The change of LC is one of the obviously seen influences on the reformation of



natural ecosystems from human activities, and it affects the environment from regional
to global (Guo et al., 2012).

Elevation is the height above or below a fixed geographic reference point,
known as a geoid. It is one of the factors that affects climate change. Elevations of 150
meters or below are the places where most of the world’s people live (National
Geography, 2019). Some of the studies examined the direct influence of elevation on
LST from MODIS data and they found that elevation had been shown to have a
significant effect on LST, especially in large regions (Phan et al., 2018).

Several studies had applied different statistical modeling to find LST patterns.
Wanishsakpong and McNeil (2016) reduced spatial correlation by using factor analysis
and applied the polynomial regression model of 6™ order to predict the pattern of LST.
However, the polynomial regression order mainly depends on the use of data and the
period. The natural cubic spline model was applied to investigate LST seasonal patterns
in Phuket Island, Thailand by Wongsai et al. (2017). Nevertheless, global temperature
issues are dynamic and difficult to control its undesirable consequences. According to
Lean and Rind (2009), they had predicted that the surface temperature around the globe
from 2009 to 2019 has been influenced by human activities and that the global surface
temperature has been continuously increased.

The characteristics of the land surface have a durable heterogeneity, such as in
land cover (LC), land use (LU), vegetation, topography, and soil (Liu et al., 2006;
Neteler, 2010). In the matter of LU growth and LC transformation, were massive
alteration indicated considerable losses in vegetation diversity, ecosystem functions,
changes in microclimatic conditions and animals (Dislich et al., 2016). Furthermore,

natural disasters might transform the LST pattern, for instance, from forest fires,



rainfall, earthquakes, and landslides. Tan, (2007) demonstrated that the expansion of
cultivation land increases and the vegetation growth cycle affects the surface
temperature, which indicates rice paddies absorb heat from their adjacent areas and
influence the cooling. Therefore, the measurements require spatially detailed and
temporal sampling. Surface assessment cannot essentially provide values over large
regions due to the complexity of surface temperature over ground.

In those situations, the advanced technology of remote sensing from satellite
data provides the possibility of computing LST over the globe with an adequate and
high temporal resolution. To study those alterations, one of the accessible and more
reliable sources of LST is from satellite data. The moderate Resolution Imaging
Spectroradiometer (MODIS) is a key tool of the National Aeronautics and Space
Administration (NASA) that is aboard the Terra and Aqua satellites. In this study, we
used data from the MODIS website. There are two satellites installed on MODIS
sensors, which are the Terra and Aqua satellites. Those satellites record night-time and
day-time for a particular location within a 24-hour period. Daytime and nighttime data
from 2000-2020 were included in this study.

From the western Pacific, Taiwan is a mountainous island located in the tropic
of cancer and circles on the earth at which the sun can be directly overhead. In addition,
the heat in summer has affected on worker health in Taiwan. The highest peak in the
Backbone Mountains or the Central Ridge of this island is 3,952 meters. There are two
types of monsoon that influence the climate in Taiwan, the summer monsoon from the
south-western direction and the winter monsoon from the north-eastern direction
(Huang and Hsieh 1994-2003). In addition, the northern part has a heavy

manufacturing industries, such as the petrochemical industry. Conversely, the southern



region is where the agricultural area for instance, vegetables, fruit, and rice paddy. In
addition, there were construction projects ongoing, such as new high-rise apartments,
commercial centers and underground transportation systems and the largest population
growth at those areas (Ro-Ting and Chang-Chuan, 2009). However, those factors might
have an effect on LST in the future. The transformation of vegetation, LC, and elevation
might affect LST in Taiwan. As a result, the objectives of our study are to investigate
the variations of LST and NDV I across diverse LC types in Taiwan regarding to annual
seasonal patterns, decadal trends, their correlations, and dynamic acceleration patterns
and to examine the influence of LC variation and elevation on a decadal trend of LST

using weighted sum contrasts linear regression.

1.2 Research objectives

5.1 To investigate the changes in LST and NDVI across diverse LC types in
regarding to annual seasonal patterns, decadal trends, their correlations, and dynamic
acceleration patterns

5.2 To examine the influence of LC variation and elevation on a decadal trend
of LST using weighted sum contrasts linear regression that adjusting for each

determinate factor

1.3 Expected advantages
1.3.1 The results from this study are useful for Taiwan to understand the
temperature change patterns, trends, vegetation index, LC, and elevation which can be

useful for developing further plans and policies.



1.3.2 The method used in this analysis can be applied to other comparable time
series datasets and is useful for developing a climate change model for other variables

such as rainfall, snow, pollutants, air temperature and fire.

1.4 Literature review

1.4.1 Remote sensing

LST shows a significant role in demonstrating meteorological processes,
agricultural, ecological and hydrological on the ground’s surface. In order to retrieve
the spatial distribution of LST can be acquired from thermal remote sensing data by
assessing over the ground surface below clear-sky conditions on the upward long wave
radiation. Remote sensing uses sensor platforms to detect electromagnetic radiation
(EMR) with an essential condition. For measuring the wavelength of LST, thermal
infrared (TIR) is used in between 8 and 15 um. In addition, sensors of satellite TIR
obtain EMR that be able to quantify in measuring of Top of Atmosphere (TOA)
radiances. This comprises upwelling radiance from the atmosphere, upwelling radiance
released from the surface, and the downwelling radiance released by the atmosphere

and reflected from the surface.

Some studies used the MODIS satellite sensor to predict and forecast LST
change. The Aqua and Terra satellites of NASA support on MODIS which have near
polar orbits consequent per day in two images per satellite. Retrieving images on Terra
is ~1030 and 2230 h and Aqua is ~1330 and 0130 h, all in local time. Those images
had a spatial resolution of about 1 km and a high temporal resolution. The products

frequently used in LST contain MOD11A1 (Terra) and MYD11A1 (Aqua) which are



daily LST and emissivity every 1 km. The advatage of the MODIS sensor is to reconcile
among regular image acquisition and suitable spatial resolution compare to another
sensors that provide better and resonable spatial resolution. However, with minor
temporal resolution (Landsat), or higher temporal resolution but, lower spatial

resolution (SEVIRI) (Charlie et al., 2011).

The MODIS LST data were used in various studies within the rural climatology
fields. In Europe, Pongr“acz et al. (2010) explored the Urban Heat Island (UHI) of nine
central European cities and found the most intense UHI occurred during the daytime in
the summer. According to Hung et al. (2006) globally, the UHI quantified in eight
Asian mega-cities using MODIS data. Similarly, Jin et al. (2005) analysed numerous
cities including Beijing and New York, as well as Imhoff et al. (2010) used MODIS
data averaged over 3 years to calculate UHIs across the United States. In a local study
of the Carnarvon Basin in Western Australia, Beardsmore (2005) the estimated LST at
specific points across continent extrapolated from borehole thermal gradients
temperature was 6 °C warmer than the annual mean air temperature, which is twice the

average.

1.4.2 LST and NDVI

The Normalized Difference Vegetation Index (NDVI) is a greenness land of
plant health index which are able to investigate the density of flora and plant on the
land surface. Vegetation is one of the significant energy balances from the regional to
the universal. Furthermore, it takes in carbon-dioxide during the day and releases
oxygen to the ecosystem and human beings. In order to explore the alteration of

vegetation, scientists have to notice the different colors of wavelengths from visible and



near infrared that the floras reflect sunlight. In the area with more leaves, they are
reflected more wavelength of light (Przyborski, 2019).

Vegetation can efficiently affect LST by selecting, absorbing and reflecting
solar radiation energy for regulating latent and sensible heat exchange (Yuan, 2017).
Moreover, NDVI is a plant indicator that is commonly used to assess the association
between LST and vegetation (Smith and Choudhury, 1990; Julien et al., 2006). Since,
the association between NDVI and LST is influenced by various factors (Ghobadi et
al., 2014; Qu et al., 2014), it is essential to discover the relationship between them. The
meta analysis of vegetation was carried out using moderate resolution NDVI1 and high
resolution ground sensor data, as well as the data type (Chandola et al., 2010). In
Hungary, Multi-Channel Surface Temperature (MCST) was used to detect the
correlation between temperature and vegetation in Hungary (Vadaz, 1994). LST and
NDVI (Karnieli et al., 2010), advanced very high resolution radiometer (AVHRR)
(Vadasz, 1994), and surface air temperature (Johannessen et al., 2004) were among the

variables commonly used to find out the changes in respective trends.

143 LST and LC

LST is used to investigate land surface change, surface energy balance, and
surface physical and chemical processes. It is extensively applied in biology,
hydrology, geochemistry, and soil (Tomlinson et al., 2011; Hoa et al., 2016). LC
change is a significant factor that affects LST. The surface reflectance and roughness
in LU types are incompatible, which leads to dissimilarities in LST (Hou et al., 2010).
Furthermore, based on urbanization, human activities intend to enhance and the ground

cover is quickly transformed (Li et al., 2017). As a result, the association between LST



and LU should be examined to further analyse the ecological effects of LST in

addressing national environmental problems.

Currently, many researchers have applied remote sensing to analyse the
correlation between LST, LU, and NDVI (Stroppiana et al., 2014; Wen et al., 2017).
However, there is a problem and a limitation to be handled. There were different study
methods have been applied, for instance, directly using brightness temperature (Cai et
al., 2011), which have been used to investigate LST, resulting in decreasing data
accuracy. Furthermore, many studies focused on big cities, such as Tokyo (Shigeto,
1994), Shanghai (Yue et al., 2006), Bangkok (Estoque et al., 2017), and it might be the
effect of urbanization which related to land transforms and urban heat island influence
in these cities on LST (Pan, 2016). Yuanhong et al. (2018) showed that construction of
LST on the ground and the standard deviation were the highest. Generally, the
construction of land surface, cultivated land, and unused land, that had the highest
intensity of human activity. On the other hand, the surface temperature of grassland,
forest land, and water bodies, which had the lowest intensity of human activity.
However, LU types would be reasonably planned and a cooling influence would be

encouraged through water and green vegetation.

1.4.4 Elevation

The elevation term is generally used when referring to points on the ground
surface. It is the height above or below a fixed geographic reference point, known as
geoid and is one of the significant factors that influence ground surface temperature
change. Most of the world’s people live in areas at elevations of 150 meters or below

(National Geography, 2019). There were a few number of previous studies have



investigated the influence of elevation variation over LST. According to Khandelwal et
al. (2018), they reported that there was a high correlation between LST and elevation
in the surrounding Jaipur area of India in most seasons at nighttime MODIS Aqua LST.
Furthermore, the decreasing trend of surface temperature is found in high elevation
which is consistent with the study conducted by Pepin et al. (2019). They reported a
warming rate decline at very high elevations in the Himalaya across the Tibetan Plateau.
In addition, other previous studies have examined the direct influence of elevation on
LST from MODIS data at both daytime and nighttime and found that elevation
significantly affected LST across large areas in northwest Vietnam. Furthermore, the
association of both variables was stronger for the nighttime compared to the daytime.

(Phan et al., 2018).

1.4.5 Statistical methods

With the help of statistical methods and models applied, LST, vegetation
changes, LC, LU, and elevation can be measured. There is a difference between the
methods used in the previous studies depending on the data types and their
management. According to Johannessen et al. (2004), they used a computer simulation
of ECHAM4 and HadCM3 models to determine the alterations of arctic climate by
combining surface air temperature and sea ice. They applied these models in order to
analyse relevant multidecadal to century datasets. Moreover, it is a modern method to
investigate an intercomparison of climate change scenarios. From 1892 to 1999, at the
Northern Hemisphere altitudes, the empirical orthogonal functions were applied to

analyse the influence of climate change on surface air temperature (Semenov, 2007).
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In determining the intra-annual global vegetation change, a piecewise logistic
model was applied to the Northeastern side of the USA (Zhang et al., 2003). This model
allowed for the monitoring of vegetation dynamics at large scales and did not require
the use of user-defined criteria or pre-smoothing of data. Furthermore, there was
effectively assessed the reflectance of canopy biomass vegetation by using the least
square linear regression method in Denmark (Hansen and Schjoerring, 2003). This
model used data compression by decreasing a large number of measured collinear

spectral variables to a few non-correlated principal components.

Multiple linear regression model was applied in the meta-analysis to explore a
correlation between LST and NDVI. This method is used to classify which climatic
factors are most strongly correlated to the spatial distributions of the dependent
variables in different seasons. It shows that they were negatively associated between
LST and NDVI at the middle of the growing season (karnieli et al., 2010). Although,
in the North Atlantic Ocean, linear regression model was used to adjust the spacial
seasonality of sea surface temperature (SST). Factor analysis was applied for examining
patterns and trends of SST and a multivariate linear regression model was applied for
account the spatial correlations between adjacent grid boxes (McNeil and Chooprateep,

2014). They discovered that SST had risen at a rate of about 0.13 °C per decade.

In addition, the linear regression model was applied to illustrate the daily
maximum temperatures adjusted for seasonality. This method is applied to model the
trends but might not be the better model to estimate trends for shorter periods.
Furthermore, factor analysis was applied to categorize the temperatures into seven

factors from the 85 stations that correspond to seven geographical regions in Australia
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(McNeil and Wanishsakpong, 2012). They found that every region indicated different
periodic changes and these were examined using a 6™ order polynomial regression
model which showed geographic regions had similar temperature patterns. However,
they suggested this model is not appropriate for forecasting trends and there is no
definite proof that the trends can be forecasted. Furthermore, Wongsai et al. (2017)
used the cubic spline function and weighted least square (WLS) regression to model
the seasonal pattern of annual LST without evaluating missing values. The result
illustrated that the seasonal pattern was the same every year. They concluded that by
using the cubic spline function, they pleasingly modeled the seasonal pattern, although
when there were various missing values in the data sets. In addition, it efficiently
modeled the LST of MODIS data that was affected by spatial autocorrelation and can

be applied to other time series coverage areas.

1.5 Scope of the Research

This study focused on the modeling the annual seasonal patterns, decadal trends,
correlation, and dynamic acceleration patterns changes of LST and NDVI across
diverse LC types and to examine the influence of LC variation and elevation over the
last 20 years of LST by using linear regression to adjust for each determinate factor in
Taiwan from 2000 to 2020. The data were retrieved from the MODIS-Terra satellite.
The cubic spline function is a method for smoothing the spline curve and for illustrating
the seasonal patterns and decadal trends. Furthermore, to automatically adjust spatial
correlation, it used a multivariate regression model in order to estimate decadal trends
of LST increase or decrease in each sub-region and region. Lastly, the weighted sum

contrasts linear regression was applied to compare the mean of all the interested factors
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to assess their effect on the LST trends. All statistical analyses and appropriate plots

were implemented using the R program (R Core Team, 2020).

1.6 Conceptual framework

The figure 1.1 below is the conceptual framework of the study in order to

illustrate the methodological steps of the analysis.

LST, NDVI, LC and elevation data of Taiwan from 2000 - 2020

'

Natural cubic spline to model
seasonal patterns of daytime and
nighttime LST
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\ 4

ARIMA model to measure and
remove autocorrelation of time
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ARIMA model to measure and
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Seasonally adjusted of LST and
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Linear regression model to find
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Figure 1.1 Data analysis diagram

1.7 Organization of the thesis

This thesis comprises of four chapters and their details are described below:

Chapter 1 represents the background and rational, research objectives, expected
advantages, literature review, scope of the research, conceptual framework, and

organization of the thesis.

Chapter 2 represents the description of the method used includes area of study, data

use, and the methods use.

Chapter 3 describes the results that model the seasonal patterns and trends from cubic

spline, linear regression, and multivariate regression, and Pearson correlation.

Chapter 4 presents the discussion and conclusion of the research findings together with

limitations and recommendations for further study.



14

Chapter 2

Methodology

This chapter describes the methodology used to manage and analyze the data in
this analysis. It explains the area of the study, data used, data management, and

statistical methods to complete this study.

2.1 Study area

Taiwan was selected as the study area. Furthermore, Taiwan island is
distinguished by its distinct eastern two-thirds. It contains rugged mountains running in
five ranges from the southern to the northern tip of the island. The Taiwan island has
an area of 35,883 km? (Figure 2.1). Taiwan consists of 23 cities which are Yujing, Lugu,
Zhongxing New Village, Hengchun, Jincheng, Donggang, Magong, Puli Daxi, Yilan,
Douliu, Nantou, Yuanlin, Hualien City, Keelung, Taoyuan City, Hsinchu, Bangiao,
Kaohsiung, Taichung, Taitung City, Tainan and Taipei (World Population Review,

2018). The study area covered the whole Taiwan island.

The climate of Taiwan is similar to Hainan, Guangxi, and Guangdong provinces
in the south of China. Throughout the year, the average temperature in Taiwan is 22°C.
In winter, there is no extremely cold but in the summer weather is extremely hot and of
high humidity. In the northern part, the annual average temperature is approximately
21.7°C whereas in the southern part is approximately 24.1°C. The coolest months are
January to March, with low temperatures of around 10°C. In some unusual situations

on the high mountains, there will be snow or frost. From June to August are the hottest



15

months with the highest temperature up to around 38°C. From the rest months, the

average temperature is approximately 25°C.

In this study, 1x1 km? LST, 250x250 m? NDV| pixels, LC, and 250 m elevation
sited only on Taiwan Island were used. LST data were downloaded into eight super-
regions which cover the area of 50x50 km?. Then, Taiwan was separated into 21 sub-
regions for regional and overall trends analysis of LST and NDV I using QGIS software,
as demonstrated in Figure 2.1 (a). Figure 2.1 (b) presents the MODIS LC types of
Taiwan, categorized best on the International Geosphere-Biosphere Programme
(IGBP). There is subtropical climate of Taiwan island, excluding for the southern part
of the Taiwan, which is tropical. The Taiwan season consists of two different seasons
with mild winters, rainy summers and hot. From December to March are the shot
winters. In the north, at lower elevations, there was snowfall in the mountains and the
occasional ski resort. Summers on the east side of the island and in the mountains,
which are most affected by stronger typhoons and a lot of rain between April or May

to September or October.
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Figure 2.1 The map of (a) Taiwan representing elevation and 21 sub-regions, and (b)

IGBP LC types over Taiwan island with five example sites. Note that land cover class

legends display only classes found in the study area.

2.2 Data used

2.2.1 LST data

LST (MOD11A2) was ordered from the MODIS Land Product subset tool

(ORNL DAAC, 2018). LST data was obtained from February 18, 2000 to February 11,

2020, which is approximately 20 years of data observation. The MOD11A2 product is

a level 3 MODIS/Terra LST and Emissivity at 8-day temporal with 1 km spatial

resolution (Wan and Hulley, 2015). Therefore, there are 46 observations in each year,

and 920 observations for the total number over the last 20 years.
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The acquitted LST data cover daytime and nighttime LST data (around 10:00
and 22:00 at a local solar time). Moreover, it includes the quality control data (QC_day
and QC_night) layers for an extra data on the LST quality generation due to other data
conditions. Therefore, this study used both the daytime and nighttime LST datasets that
cover Taiwan island (41,784 pixels in total) meanwhile LST at the nighttime does not
adjust over LC types. This study omitted the quality control data because the results
were not a significant different. When conducting the method testing, the QC day layers
were initially used. We specified the weighed matrix according to the average LST error
provided in the layer of QC_day where the error of LST <= 1K is allocated as 10, then
for LST error <= 2K is assigned as 5, then for LST error <= 3 is assigned as 3, and for
LST error > 3 is assigned as 1 (Wongsai et al., 2020b). Then, a weighted sum contrast
linear regression method was fitted on each LST series from 5 example sites (with
diverse LCs). The finding have no significant difference compared to fitting a simple
linear regression model since there was a minor alteration of QC in the last two decades
of LST data in the area of study. Therefore, we considered not to apply QC data in this

analysis because of the simplicity of the data analysis and computation efficacy.

2.2.2 NDVI data

NDVI data (MOD13Q1) product was retrieved from the MODIS Land Product
subset tool (ORNL DAAC, 2018). NDVI data was obtained from February 18, 2000 to
February 11, 2020, which is approximately 20 years of data observation. In addition,
the spatial resolution of vegetation data from the MOD13Q1 product is 250 m at 16-

day temporal and level 3 MODIS/Terra Vegetation Indices (VI). Consequently, there
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are 23 observations per year, adding up to 460 observations of NDV|1 time series in the

20-year.

2.2.3LC data

MODIS Land Product subset tool (ORNL DAAC, 2018), it includes land cover
(LC) type of the year 2019 data (MQD12Q1) in comma-separated value (.CSV) file
format. IGPB Type 1 LC types were provided by the MQD12Q1 product with a spatial
resolution of an original 500 m. In order to match with the MOD11A2 LST product of
a 1 km spatial resolution, we downloaded the LC data from the MODIS Land Product
subset website. There were 13 LC types out of 17 types of LC as stated by the IGBP
classification were established in the area of study. To evaluate the last two decades
relationship among LST and NDVI trends in regions of different LCs, we rearranged
13 LC types into five main groups, as shown in Table 2.1. New groups of LC type
comprised 1.5% of Water and Wetland (WW), 9.4% of Built-up and Barren (BB), 16%
of Cultivated Cropland (CC), 14.2% of Sparsely Natural Vegetated Land (SV), and
58.9% of Dense Natural Vegetated Land (DV). For illustration in this study, one

example site was chosen from each of these five main LC groups (Figure 2.1b).

Table 2.1 IGBP LC type, LC group and its coverage percentage in Taiwan, 2019

IGBP Land Cover Type
No. Class Name

Group Name % coverage

1 | Evergreen Needleleaf Forest 3.7
Dense Natural Vegetated 2 | Evergreen Broadleaf Forest 54.3 58.9
Land (DV) 4 | Deciduous Broadleaf Forest 0.1 '

5 | Mixed Forest 0.8

8 | Woody Savanna 5.9
Sparsely Natural Vegetated 9 | Savanna 68 | 142

Land (SV)

10 | Grassland 15
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12 | Cropland 10.6
Cultivated Cropland (CC) 14 | Cropland/Natural Vegetation | ., | 16.0
Mosaics '
. 13 | Urban and Built-Up 9.0
Built-up and Barren (BB) 16 | Barren 04 94
11 | Permanent Wetland 0.9
Water and Wetland (WW) 17 | Water Bodies 06 1.5

2.2.4 Elevation data

The Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010) data

set was used in this study (Danielson and Gesch, 2011). Raster elevation data with 7.5-

arc-second spatial resolutions (250 m) were downloaded from the United States

Geological Survey (USGS) Earth Explorer website. The GMTED2010 product

comprises seven sets of elevation data for each of the 30-, 15-, and 7.5-arc-second

spatial resolutions. However, the 30-arc-second resolution (1 km) product was not

exactly matched with 1 x 1 km? pixels of the obtained MODIS LST and LC products.

Thus, we used 7.5-arc-second spatial resolution (250 m) median elevation dataset. We

grouped elevation into nine levels, as detailed in Table 2.2, to investigate the effect of

elevation on the change of LST in the 20-year period of study.

Table 2.2 Group of elevation and percentages of pixels for each group

Distance above %
Group
sea level (m) coverage
1 0-49 21.05
2 50 -99 7.03
3 100-179 7.54
4 180 — 349 10.41
5 350 - 599 10.07
6 600 — 999 11.60
7 1,000 - 1,499 11.01
8 1,500 — 1,999 9.24
9 2,000 and above 12.05
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2.3 Data management

The original LST data that given from MODIS was in kelvin then, we converted
from Kelvin into Celsius by subtract with 273.15 because Celsius is a regular and
ordinary scale and unit of assessment for surface temperature. The special resolution of
LST was 1 km with emissivity at 8-day temporal. Whereas, a special resolution of
NDVI was 250 m with 16-day temporal. Therefore, to match between LST and NDVI
values were executed by using QGIS program. Moreover, special resolution of LC
types was 500 m. Then, LC data was automatically resampled to match with 1 km
special resolution of the LST product by ordering data from the MODIS Land Product
subset website. For the special resolutions of elevation was 250 m. However, we used
7.5 arc-second spatial resolutions to aggregate with 1 km LST pixel with median value
by using the QGIS program. It used the Zonal statistics function to generate 1 km LST

polygons. The data management of each variable is shown in the following figures.
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Figure 2.2 Process of managing LST data

Daytime LST data were adjusted to the pixel coordinates latitude and longitude.
The eight knots from the cubic spline function were assigned to investigate seasonal
patterns. Then, seasonally adjusted time series were calculated by subtracting the
original values with fitted values from the natural cubic spline and adding the mean
values of each sub-region back to confirm that the average temperatures over the 20
years were not changed. LST changes per decade by pixel and sub-region were fitted
with linear regression to estimate the LST trends. Lastly, decadal LST data was used to

investigate the relationship between LST and NDVI decadal changes in five major LC

types.
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In managing NDVI data to match with LST pixel, we upscaled NDVI data to

math with the spatial resolution of LST by taking an average of 250 m at 16 original

values within a 1 km? of LST pixel. The performance of matching was done using QGIS

program. Initially, we used projection/grid conventional formulas to create LST pixels

shapefiles forming polygons and points at the middle of NDVI pixels. Then, these

shapefiles were connected to the original LST and NDVI pixel ID from the CSV file.

Finally, a mean value of 16 NDVI points located inside a LST polygon was evaluated

by using the QGIS Zonal Statistics function.
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Figure 2.4 Process of managing LC data

LC product of the year 2019 provided IGPB classification types with a spatial
resolution 500 m. Then, we resampled to match with 1 km LST spatial resolution by
ordering data from MODIS Land Product. LC data were obtained from the MODIS data
maps, which were then converted to vectors using QGIS software. To investigate the
seasonal patterns and trends of daytime LST and NDVI and their correlation on decadal
change we re-grouped from 13 types to five major groups. Furthermore, in order to
analyze LC change, we download another LC data set product from 2001 and converted
to vectors using QGIS software. Then, we used transition matrix between year 2001
and 2019 to investigate the distribution of LC change. To examine the influence of LC

variation on decadal LST trend, we classified into nine classes.
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Figure 2.5 Process of managing elevation data

Raster elevation data was provided by the USGE website contains seven sets
of elevation data. In this analysis, we used 250 m (7.5-arc-second special resolution)
with the median elevation dataset to aggregate with 1 km LST pixel by the median
value. QGIS software was used to downscale of elevation using the Zonal Statistics
function to generate 1 km LST polygons. There were nine levels as shown in Table

2.2 was grouped to examine the effect of elevation on the change of 20 years of LST.

2.4 Statistical method
A cubic spline is a spline function constructed from a piecewise third order
polynomial where the second derivatives of each polynomial are normally set to zero

at the endpoint. It provides the smoothest model between all the functions and is usually
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applied to smooth different types of data in study areas, for example, satellite-based
time series data (Mao et al., 2017), interactive computer graphics (Smith et al., 1994),
and real-time digital signal processing (Feng, 1998).

In this analysis, there were eight knots of the cubic spline function allocated at
Julian Days 10, 40, 80, 130, 240, 290, 330 and 360 were fit to the data to determine the
spline function coefficients. The placement number of the knots was identifid the
variation of the data and r-square. Then, a linear regression model was used to evaluate
the annual seasonal patterns of the time series by fitting the observation time and the
coefficients to the data of outlier-free (Wongsai et al., 2017). A linear regression model
formula used in this study is

Y=ot Byt ekt ek T € 1)
fori=1,2, ..., n. xis the observations day, ¢, is the cubic spline function coefficients
resulting from knot k =1, 2, ..., 5. Then, we allocated eight knots for the cubic spline
function with the annual periodic boundary condition, five coefficients were computed
and the assigned knots number were subtract with this specified cubic spline free
coefficients. The seasonal pattern was obtained from the fitted value of the above
regression model. Lastly, seasonally adjusted daytime LST were calculated by
subtracting the original values with fitted values from the natural cubic spline and
adding the mean values of each sub-region back to confirm that the average
temperatures over the last 20 years were not changed.

Even though the use of a linear regression model could depict an actual trend
from time series of seasonally adjusted (Ts.adj), the autocorrelations among errors at two
identified time points are supposed to be independent and uniformly disseminated or

fixed. The error term of this autocorrelation could influence the standard error of the
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assessed parameters and requires to be controlled properly when a regression-based
analysis model was applied. This is because the goodness of fit is frequently calculated
from the residues. In order to eliminate those autocorrelation from the time series, a
non-seasonal autoregressive integrated moving average (ARIMA) model was applied.
The ARIMA method is normally denoted as ARIMA(p,d,q), where the three non-
negative integer components (p,d,q) are the order of the moving-average process, the
degree of distinction and the number of time lags (the autoregressive order),
correspondingly. In this analysis, ARIMA(3,0,0) model was used to measure the
correlation of time series values at two diverse time lags, and their standard error (SE)
were explored and compared. Then, ARIMA(p,0,0) model of the fitted residuals
with p that accounts for the most autocorrelated errors in the time series were chosen
and applied to filter the time series. The filtered Ts.agj was computed from the following
formula:

Filtered T o = [(@) <e| + (Tyag) )

where € is the residual that fitted from the selected ARIMA(p,0,0) model, o is the
population standard deviation term, and u is the term of a population mean.

The step explained before was used for each time series of LST and NDVI in order to
produce filtered seasonally adjusted LST (LST..q) and NDVI (NDV|,.q) time series for

future analysis.

2.4.1 Seasonally adjusted and time-independent series
The time series of LST and NDVI normally involve seasonal patterns, trends,
and noise elements similar to other time series. Seasonality strongly affects an inter-

annual LST and NDVI time series data. However, before investigating alterations and
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correlations over 20 years, seasonal adjusted of LST and NDV |1 data were required. The
annual periodic boundary conditions of the cubic spline function was implemented to
model a yearly seasonal pattern that certifies continuity and smoothness of seasonality
for LST and NDVI pixels or time series. Wongsai et al. (2017) was applied this method
for modelling LST time series from MODIS data for long period on Phuket island of
Thailand and had been used in another areas involving Peninsular Malaysia (Ismail et
al., 2019), New Britain Island of Papua New Guinea (Devi et al., 2021), Kathmandu
Valley, Nepal (Sharma et al., 2018a; Sharma et al., 2018b), Central Sumatra, Indonesia
(Prasetya et al., 2020), Spitsbergen Island of Norway (Fitrahanjani et al., 2021), and
Mainland Southeast Asia (Wongsai et al., 2020b).

As a result, abnormally low NDVI values because of cloud contamination from
the seasonality extraction process were excluded. Furthermore, irregular temperatures
at a specific time of a year, denoted to as extreme LST values that influence by an
irregular situation of LC changes such as floods, bushfires, and other natural

disasters were also omitted.

2.4.2 Twenty-year LST and NDVI Dynamic analysis

Natural cubic spline function was used to investigate the dynamic of filtered
seasonally adjusted LST (LSTsag)) and NDVI (NDVlsagj) time series. The function
computes from the following formula

sW=a + bx + TR e[ = 1)1 —dlx — 1.3 Felx = 1,)}] 3)

where d = % ,e = % The time-point of observation within an interval
n — n—1 n~ =1

[a,b] < R s indicated as x, and the knots set given as {7}, if #;, < ;1 for every k =

I, ..., n— 1 and both #;, =a and 7, <b. The term (x —¢#,), is the derived spline
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coefficients where (x — ) for x>, and O otherwise. Once again, as denoted in
Equation 1, the regression model was used to fit derived coefficients of spline function
to the filtered LSTsagj and NDVlsagj. There are two sets of knots were assigned (zero
knots and four knots) to evaluate linear and actual forecasting trends. Remind that, in
the set of zero knots, the regression model is only the simple linear regression model
(shown in equation 1). The independent variable was only the day of observations.
Lastly, the regression model fit with zero knot spline coefficients was applied to
estimate LST and NDVI (ALST and ANDVI) changes. The regression fitting of p-value
was recorded and displayed as a thematic map. The curvature acceleration trend was
computed from the spline coefficients of four-knot by using the following formula,
which was applied by Wongsai et al. (2020a).
3xcts— 1) +3xe(ts— ) x (= 6)/ (G — 1) 4

The speedily or slowly increases/decreases in the decade were used as an
acceleration rate to describe the temperature variation. Reminder that the extreme LST
and NDV| values exceed three times the standard deviation from the means of filtered
LSTs.adj and NDVlsagj were excluded from this dynamic and trend analysis to ensure
normality of data. An association between the acceleration rates and the linear trends
were investigated to recognize the acceleration patterns of the 20-year dynamic of LST

and NDV/I.

2.4.3 Overall decadal change of LST and NDVI in Sub-region
A linear regression model was fitted to aggregate individual time series within
the sub-region. It could encounter significant associations among the residual terms

since an observed LST, or NDVI values at a certain pixel are normally associated with
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nearby or surrounding pixels. The strong spatial autocorrelation possibly influences the
assessed parameter and standard error (SE) of the model. To remove spatial correlation
and to evaluate the overall trends in the sub-region of LST and NDVI in the entire
Taiwan Island, we used multivariate regression model to solve those problems. The
formula for multivariate linear regression is shown in the following form:
fi= ot px e (%)

where fij is the filtered Ts.aqj matrix at observation i in time series j, X; is an observation
time-point with i =1, 2, ..., n (n = 920: observation number in 20-years period), and f
is the estimated variation per observed time series where the total of 20-year trends can
be calculated from it. Furthermore, the mean of the multivariate outcomes SE, as
denoted in formula 5, was calculated subsequently it can fit parameters for dissimilar

dependent variables to be compared in such spatial correlation case represented.

SE(mean) = (6)

where, Vi is the estimates variance-covariance matrix from the multivariate regression
model, p is the number of time series or pixel within the region and n is the observation
number. This variance-covariance matrix was delivered for the estimated variation of
data, providing confidence intervals (ClI) for linear combinations of variation in diverse
time series. Reminder that in a multivariate regression model, a missing value at any
row in the response matrix is omitted. Consequently, the missing values were filled by
using the fitted values from the regression of filtered Tsaqj. The total values of change
and z-score of the overall trends were illustrated as a thematic map. The z-score

presented the variation in how many standard deviations from the mean of observed
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values represent the normalized measurement of LST and NDVI change at 95% CI

without the actual unit.

2.4.4 The effect of LC change and elevation on LST

As we used a regression model to evaluate the influence of LC change and
elevation on long-term LST data, seasonally adjusted LST (LSTs.adj) time series needs
to account for autocorrelation. Time-dependent in time series data could influence the
standard error of the estimated parameter in the regression-based analysis model, which
could narrow its confidence intervals, and the statistical assumption of independent and
identically distributed error term at two specified time points is violent. To eliminate
autocorrelation in LSTsagj, @ non-seasonal autoregressive integrated moving average
(ARIMA) model with a maximum of three lags was used to measure the maximum
correlation of time series values between two different time lag (Wongsai et al., 2020a).
Then the LSTs.adj Series were filtered to reduce autocorrelation by using the following

formula;

Filtered LST, o = [(0(LSTqaq)/0(€)) % € | + (LS Tsaq;) )

where "€" is the fitted residual from the designated ARIMA(p,0,0) model, "c" is the
term of population standard deviation, and "n" is the term of population mean (Wongsai

et al., 2020a).

2.4.5 The Weighted Sum Contrasts Linear Regression
In this study, the outcome was the estimated increase/decrease LST in a decade

resulting from the linear regression fitting of filtered LSTs.aqj data series, categories of
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elevation, and groups of LC change pattern were the determinants of interest. When a
determinant in a regression model is a categorical variable, the formula model is
formulated as a set of k - 1 parameters, where k is the number of different categories.
x, 1s the identity of the elevation group, and x, is the identity of the LC change group.
Since factor(x;) only has k - 1 parameters, as well as factor(x,), the model was
formulated as

y=a+t Z?:z bixy; + Z{‘;z CiX2i (8)
where b; and c; were the coefficients of x; and x, at identity i, respectively, and b, and
¢, = 0 in the case that no contrast option was selected when specifying the model. In
general, if contrast option is not specified, the parameters are matched with each factor
level in alphabetical order, but with the first parameter set to 0. A contrast in linear
regression is a linear combination of determinants whose coefficients add up to zero,
allowing comparison of different treatments (Casella, 2008). The contrasts for this
method are known as “treatment” contrasts because they were originally used in
experiments designed to compare one or more treatment groups with a control group,
where it makes sense to set the parameter associated with the control group to 0, so that
the parameters associated with the treatments are the actual treatment effects. However,
we have no control group in our study, and consequently, two categories in our
determinants and covariates were omitted.

To achieve the objective of our study in comparing the mean of all interested
factors to assess their effect on the LST trend, we used weighted sum contrasts
developed by Tongkumchum and McNeil, 2009. This method suggests constructing
confidence intervals for comparing means that did not include choosing a reference

group and thus provides an informative confidence interval for comparing each means



32

with the overall mean. When there is no control group, different contrasts called “sum”
contrasts can be used. Sum contrasts constrain parameters associated with each factor
level so that each gives a measure of its difference from the overall mean of the
outcome. The formulation is similar to that for treatment contrasts, with additional
terms (b, and c¢,), that is,

Y =a+bixy; + X, bixy + cixg + X, cixy )
For equal sample sizes, the sums of the sets of coefficients are 0, so Y:¥_, b; = 0 and
Yk . c; = 0. But this is not the case in our study, where the sample sizes for the
elevation and LC change groups were unequal, as shown in Table 2.2. As a result, with
an unequal sample size, the weighted sum contrast method was used to calculate the
mean in each factor level.

During the process of fitting linear regression with weighted sum contrasts
method, overall mean (average of all LST trends), overall r-squared (adjusted r? from
regression model without contrast option), crude mean (mean of LST trends in each
category of factors), adjusted r? and p-value for each factor were calculated. All of the
computed statistical model’s parameters were investigated and compared. This method
of weighted sum contrasts collaborating with linear and logistic regression had been
used in many preceding studies. It used to compare blood lead levels among children
in Pattani river, Thailand (Tongkumchum and McNeil, 2009) and investigated HIV
mortality by age group and gender in Thailand between 2014 and 2015 (Tulu et al.,
2020).

Moreover, the “democratic” confidence intervals for each category of factor
were computed for assessing the variation in a mean. The confidence intervals from

two-sample t-test and analysis of variance (ANOVA) are valid for each sample
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individually (and use all the information in the data because they use pooled standard
deviations), but they are not appropriate for comparing means. For comparing means,
we use confidence intervals for the difference between the means, which is the same as
the difference between each mean and the overall mean. They are consistent with the
p-value and are “democratic” because they do not need to select a control group as a
basis for comparison. All applicable plots and statistical analyses were computed by

using the R program (R Core Team, 2020).
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Chapter 3

Results

3.1 Daytime LST and NDVI Annual Seasonal Patterns and Trends Over
20 Years

There were five example sites placed in different LC types, 20 years daytime
LST and NDVI annual seasonal patterns and trends are illustrated in Figure 3.1. The
red plus symbol (+) of the left column represents the position of the knots and cross
symbol (%) represents omitted observations. The seasonal patterns and trends of filtered
NDVls.agj at the right column and filtered LSTsaqj at the middle column applying the
natural cubic spline model with the zero knot as represent with red dash line and four
knots as illustrate with black thick line, separately. There was an increasing trend during
the summer of daytime LST and reached the highest point in the midyear before steadily
declining in September to March in the rainy season. Such seasonality was investigated
yearly across the distinct LC types, exclude for the WW land where the highest LST
was found in an alteration period in early April from winter to summer. The DV land
had a lower surface temperature than another categories. NDVI shows a roughly
unchanged pattern over the year, but its size order shows an increase from WW, CC,
SV, to DV. NDVI seasonal pattern was revealed for the BB types where two peaks were
noticeable in April when the summer season begins, and in October when a rainy season
starts. In addition, a strong annual dynamic of greenness revealed two green-up periods.

Over 20 years period of the study, BB land had an increased LST at a rate of
0.0862 °C per year or 0.862 °C per decade (°C/dec), denoted by a positive coefficient

which p-value < 0.001 whereas the CC land had reduced LST rate by 0.327 °C/dec with
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p-value < 0.05. Vegetation index on BB area shows — 0.024 unit/dec and p-value 0.001
and CC area represents 0.056 unit/dec and p-value 0.001 indicated an adverse LST
trend, as estimated. Even though the SV land of LST was not statistically changed over
the study period while NDV1 was noticed to rise by 0.024 unit/dec (p-value < 0.001).
In other LC types, LST and NDVI had no evidence of changes.

It should be underlined that fitting the data devoid of knots provides a normal
linear trend that shows an overall LST and NDVI change over 20 years but improperly
captured long-term dynamic LST and NDVI time-series. Then the trend was
straightforward to use a cubic spine model with four-knot. It demonstrates the
acceleration rate of LST (°C/dec?) and NDVI (unit/dec?). Furthermore, it shows the
variations in the increasing or decreasing rate in each decade.

The result shows that there was a rising LST trend on the BB land at the
acceleration of 0.337 °C/dec? (p-value < 0.001) over 20 years. It indicated that LST
rises within the first decade and continually increased in the latter decade. There was a
similar trend observed in other LC types. During the first decade, the LST trend was
declining and then gradually rising subsequently. Nevertheless, there were no
statistically significant acceleration rates. The result from the NDVI appears to be
constant up to the year 2010 and it persuades to rise toward the end of the period of
study. There was a significant increase in the acceleration rate for DV, SV, and CC
which were 0.047, 0.044, and 0.060 unit/dec? with p-value < 0.001, respectively. A
reverse trend appeared in the BB area with the declined acceleration rate of 0.002
unit/dec? (p-value < 0.001).

In subsequent sections, the cubic spline model was extended to fit with the 20-

years daytime LST and NDVI time series on the five example sites to cover the entire
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Taiwan area for investigating temporal and spatial variations in LST and NDV/| patterns

and trends.
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Figure 3.1 Seasonal patterns of daytime LST and NDVI for examples of five LC types
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3.2 Decadal Change in Daytime LST and NDVI
Table 3.1: Daytime LST and NDVI increase with 95% CI (Confident Interval) and z-

values of each sub-region from 2000 — 2020

Variables LST NDVI
Sub- z-

Region  Increase 95% ClI value  Increase 95% ClI z-value
1 0.143 -0.035-0.321 1.572 0.023 0.017-0.028 7.607
2 0.162 0.007-0.317 2.046 0.036 0.024-0.047 6.051
3 0.024 -0.149-0.198 0.275 0.025 0.02-0.031 9.184
4 0.085 -0.073-0.243 1.055 0.027 0.018-0.035 6.185
5 0.229 0.078-0.381 2.967 0.025 0.016-0.033 5.631
6 0.165 -0.007-0.338 1.875 0.016 0.012-0.021 7.237
7 0.038 -0.133-0.209 0.434 0.028 0.022-0.035 8.428
8 0.075 -0.084-0.234 0.924 0.023 0.014-0.032 4.93
9 0.265 0.084-0.447 2.867 0.013 0.009-0.016 6.282
10 -0.003 -0.154-0.148 -0.043 0.029 0.024-0.033 11.293
11 0.128 -0.021-0.278 1.685 0.022 0.015-0.029 6.112
12 0.142 -0.058-0.342 1.391 0.023 0.019-0.027 11.962
13 0.085 -0.065-0.236 1.11 0.028 0.024-0.033 12.509
14 0.268 0.099-0.436 3.117 0.015 0.009-0.021 4.969
15 -0.002 -0.143-0.141 -0.017 0.022 0.015-0.030 5.745

16 0.094 -0.073-0.261 1.108 0.026 0.023-0.029 15.474
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17 0.280 0.126-0.435 3.556 0.006 0.001-0.012 2.339
18 0.116 -0.032-0.265 1534 0.004 -0.003-0.011 1.138
19 0.213 0.060-0.366 2.735 0.009 0.006-0.012 5.729
20 0.358 0.222-0.494 5.157 -0.001 -0.007-0.005 -0.392
21 0.112 -0.029-0.253 1.555 0.007 0.001-0.014 2.344
0.141 -0.018 -0.302 0.019 0.013 - 0.025
Sub-region Taiwan. Feb 2000-Feb 2020 Sub-region Taiwan: Feb 2000-Feb 2020
1r — 1F —
(a) s . (b) .
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Figure 3.2 Forest plots of decadal LST and NDVI change in sub-region level: (a) the

95% ClI range of LST increases per decade of each sub-region and (b) the 95% ClI

range of NDVI increases per decade of each sub-region.
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Figure 3.2 presents forest plots to illustrate the 95% confidence interval range
of LST and NDVI increases in the last two decade of each sub-region. The Y axis shows
the sub-regions of Taiwan which consist of 21 sub-regions. The X axis shows the
increase in LST and NDVI increase per decade. The plot illustrates the average increase

of the LST was 0.141 per decade and NDVI was 0.019 per decade.
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Figure 3.3 Decadal LST and NDVI change in pixel and sub-region level

Figure 3.3a illustrates the decadal of LST and NDVI change map over Taiwan,
estimated coefficients, and their correlated p-value from a cubic spline model with the
zero-knot. The result indicates that a statistically significant increasing LST (> 1.2
°C/dec and p-value < 0.05) was shown at the high mountain ranges in the southern part
of Taiwan, and slightly increased in the western side of central Taiwan, which is in
Taichung city where the industrialized is located. The city center experienced a slight

rise in LST, but the neighboring area experienced a significant rise (> 0.3 °C/dec). The
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noticeable rising LST was also shown in most areas of Kaohsiung city, a big port city,
and lowland of Pingtung City in southern Taiwan, including in the flat area of Yilan

City which is located in the northeast part of Taiwan Island.

On the other hand, in the narrow Huadong Valley was found a statistically
significant decline in LST, similar to the earthen coast of the island. The Danongdafu
Flatland Forest Park and some abandoned agricultural areas in Guangfu Township of
Hualien City (northern part of Huadong Valley) indicated a considerable decline in

temperature (> — 1.2 °C/dec).

In the southern mountainous region and nearby Taichung City, increasing
surface temperatures were spatially associated with decreasing NDVI trends (> — 0.03
unit/dec and p-value 0.001). Despite the fact that the total pixels show a slight increase
in NDVI, 57.6% of them were statistically significant (0.06 unit/dec and p-value 0.001).
Moreover, there were regions where their LC significantly grew up vegetation index (>
0.06 unit/dec and p-value < 0.001) for example, the Danongdafu Flatland Forest Park
in Hualien City and the Jiujiufeng Nature Reserve in Nantou City, on the border of
Taichung City. The later landscapes are abnormally steep grassy mountains that are
simply eroded by rainfall to the jagged peaks form. During the major landslides, this
region greatly lost its original vegetation cover caused by the 7.3 magnitude Jiji
earthquake in 1999. In addition, its exclusive landscape has been prevented from

becoming a nature reserve by the Forestry Bureau since 2000.

Figure 3.3b illustrates 21 the sub-regions of LST and NDVI change map,
estimated coefficients, and their correlated p-value (in terms of a standardized normal

score, z-value) from the multivariate regression model. Daytime LST and NDVI
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increase per decade with 95% CI and z-values of each sub-region were summarized in
table 3.1 and Figure 3.2. The results from the increased surface temperature conditions
(0.1 — 0.4 °C/dec) on seven sub-regions which show in the pastel pink indicated
constant results for the pixel-based analysis. Further sub-regions depicting likely
increase (rose pink) or stability (white) showed no statistically significant change. On
the southern shore of the Taiwan island, increasing greenness trends were displayed

across the island, exclude for two regions (in light green and white).

For the whole Taiwan island, the ALST varied between — 0.003 and 0.358
°C/dec with the mean of 0.142 °C/dec. Furthermore, the ranged of 95% CI from —0.018
to 0.302 °C/dec. This statistical figure of the CI overlapping zero which indicates that
the LST of Taiwan island was not increase or decrease over time. The ANDVI varied
between —0.001 and 0.036 unit/dec and the mean of 0.019 unit/dec. The ranged of 95%
CI for the vegetation index increased from 0.013 to 0.025 unit/dec. The ClI is above
zero, indicating that there has been a significant increase in greenness cover over
Taiwan Island over the last 20 years. Our studies offer insight into what has occurred

over past 20 years on the Taiwan island at a pixel, sub-region, and region level.

Obviously, LST increased with the decrease of NDVI over Taiwan (Figure 3.4).
There was negatively moderate correlation at 0.59 (p-value < 0.001). The greener LC
clearly had a moderate correlation, whereas urban lands had a weak correlation (— 0.42

at p-value 0.001). Nevertheless, water bodies were not found to have a correlation.
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Figure 3.4 Pearson correlation of decadal LST and NDVI change in five major LC

classes

3.3 Decadal change of cultivated lands and urban LST and NDVI

Figure 3.5 illustrates the past two decades of cultivated lands and urban LST

and NDVI trends in the western plains of Taiwan. The ground surface temperature of

urban lands within sub-region 6 show significantly increased. Simultaneously,

vegetation index had reduced as expected with the same variation pattern of thermal

behavior and plant coverage in other metropolitan settings across the globe. A parallel

pattern was discovered in minor urban townships near agricultural areas in the sub-

region 9 and Kaohsiung megacity in the sub-region 19, but not in Tainan, the former

capital city. Moreover, there was a significant increase for both LST and NDVI in sub-

region 16. Several farming actions in the western plain cause an increase of the

greenness. Vegetation index in the cultivated areas in all sub-regions has grown up,
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while surface temperature was not statistically significant increased excluding sub-
region 9 and 19. In sub-region 16, the vegetation index coverage on cultivated areas
was significantly increased in the last two decades, as a result in stable LST, but not in
sub-region 9 and 19 while there was a statistically significant rise in ground surface
temperature.

The shape and size of the urban areas and their surrounding lands within the
sub-region could vary surface temperature and vegetation trends at the sub-region scale.
Furthermore, diverse LU and fertilization in agricultural management, including
irrigation in the area of the last two decades, could influence surface temperature and
vegetation index cover dynamics in diverse areas. However, it is critical to look into
the true drivers of long-term increases in surface temperature and vegetation,
specifically LU, local climate, landscape, and ecosystem. Assume the changeability of
the landscape and LULC is high. In that situation, investigating of an overall surface
temperature and vegetation index trends using a multivariate regression model in a
smaller sub-region could offer more reliable and accurate insights, but the costs of
computing may be high. Nevertheless, modeling data in bigger sub-regions with less

diverse LC and less heterogeneous landscapes may be desired.
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Figure 3.5 LST and NDVI change in built-up and barren (BB) and cultivated cropland

(CC) areas inside sub-regions on western plain of Taiwan.
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Figure 3.6 Increasing LST in (a) southern region of CMR (LST trend > 0.60 °C/dec),
(b) Taichung Basin (LST trend > 0.00 °C/dec), and (c) southwestern plains (LST
trend > 0.00 °C/dec).

Note: the Landsat images were retrieved from Google Earth Platform.

3.4 Dynamic Patterns of 20-year Daytime LST and NDVI

In the beginning sector, the natural cubic spline model with zero-knot was
applied to filtered NDVlsagj and LSTsadj time series for all pixel and described the
decadal of general trends over Taiwan LC. In this part, the natural cubic spline model
with four knots was applied to evaluate the rate of acceleration of these two indices for
all pixel. Next, we used a scatter plot to represent the association between these
estimated rates of acceleration and the estimated overall trends. Lastly, the equivalent

dynamic patterns all over the Taiwan island were demonstrated.

There are five classification patterns of long-term variations based on the scatter
plot area (Figure 3.7a). The scatter plot was classified into four quadrants at which a
trend and an acceleration rate are zero. First quadrant is the accelerating increase

(Acclnc) pattern shows both a long-term trends and its acceleration are increasing (both
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positive estimates), indicating a rapidly increasing dynamic. Second quadrant is the
decelerating decrease (DecDcr) pattern is indicated as deceleration decrease trends
(both negative estimates). Third quadrant is the accelerating decrease (AccDcr) pattern
is indicated in the second quadrant wherever the trend is decreasing (negative
estimates), but the acceleration is increasing (positive estimates). Fourth quadrant
indicates the decelerating increase (Declnc) pattern. It is showing a rising tendency with
deceleration rate. These four quadrants excluded an area of the Stable pattern, specified
as a variation rate of +0.3 °C/dec for LST and £0.03 unit/dec for NDVI and the
acceleration rate of +0.5 unit/dec? for both. The results show 41.1%, 39.8%, 17%, 1.6%
and 0.5% of Stable, Accinc, AccDec, Decinc and DecDec patterns of LST,
respectively. On the other hand, the majority of NDVI patterns indicated to be stable
(76.5%). The Acclinc and DeclInc patterns of NDVI represent about 9% and 9.4%,

respectively. The DecDcr pattern of NDVI was found only 1.1%.

When comparing the linear trend distribution of the LST and acceleration
pattern, most of the Acclnc pattern pixels (Figure 3.7b) corresponded with the rising
linear trend pixels (as illustrated in Figure 3.3a). The rapid increase of LST did not only
show in the urban lowland and nearby agricultural lands, but similarly display in the
forest that covers mountain ranges and dense vegetation. Correspondingly, many pixels
with the AccDcr pattern were also spatially matched with declining trend pixels. The
results from this study revealed that in some areas the conditions of surface temperature
in the first decade were rapidly declining, seemed to increase gradually in the last 10-
year period, and tended to be increased in the future. In addition, the DecDec of LST
pattern was indicated at Linhousilin Flatland Forest Park and nearby abandoned

agricultural plantations in Pingtung City which is located in the Southern Taiwan. There
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was another area that indicated the same pattern found at Aogu Wetlands Forest Park
which located at the mouth of the Beigang River, the border between Chiayi and Yunlin
City in the middle of western Taiwan. The wetlands were represented to be sugarcane
plantations and farmlands. Nevertheless, almost all of the land was not appropriate for
agriculture because of the seawater invading ground water and finally turning into a

wetland throughout high tide and open woodland.

Moreover, 76.5% of Taiwan land reveals a stable pattern of vegetation with no
rapid or slow variations over the past 20 years (Figure 3.7b). In some areas of the study,
there were other NDVI patterns found. Several clustered regions of rising vegetation
with a high acceleration rate, denoted as the Acclnc pattern, were over the mountainous
land in the eastern part of New Taipei City, during western flat plains with fertile
cultivate areas, and along various massive river floodplains, such as Dajia River, Dadu
River (also known as the Wu or Black River), Da'an River in Miaoli City, Houlong
River and Tougian River in Hsinchu City, flowing through Taichung City. Furthermore,
it would be pointed out that the Gaoping River, the biggest river in southern Taiwan by
drainage land with its tributary rivers; Laonong, Zhuokou, and Qishan Rivers, indicates
two different acceleration patterns; Acclnc and AccDcr. The southern mountain ranges
encountered a dramatic decrease of vegetation cover in the first decade and a gradual

gain up in the latter decade.
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Figure 3.7 (a) Five classifications of ALST and ANDVI patterns over 20-years period

and (b) their distributions on Taiwan Island.



3.5 LC Change and Elevation

Land Cover Change

I Unchanged DV (58.64%)
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Figure 3.8 (a) LC change of Taiwan (from 2001 to 2019) accosting to five re-

classified groups of 13 IGBP LC types, and (b) nine levels of elevation.

Figure 3.8 illustrates the distribution of LC change in Taiwan between 2001 and

2019 and the elevation, which was classified into nine classes. Considering the

conversion of LC, the Unchanged DV area covered 58.64% of the island and found

most in the mountain range around 1090.50 m above sea level by median (IQR: 527.75

— 1839.25 m) of all unchanged DV areas. Unchanged CC, BB, and WW lands

contributed by 11.88%, 7.81%, and 0.48%, respectively, of the island area. Most of

them were located in the land whose elevation was lower than 50 m and covered

approximately 21.05% of the island area. The overall elevations by the median for

unchanged CC, BB, and WW lands were around 27 m, 22 m, and 2.5 m, respectively.

Most of the unchanged SV land was found in the higher elevation (around 120.5 m by

median) and contributed by 11.42%. Nearly two decades, LC of Taiwan has changed
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only 9.81% of the entitled island, and the majority of the transformed areas were found
in the land that its elevation was around 90.5 m by median (IQR: 24.5 — 259.0 m). Areas
with its LC had transformed from SV to CC were the most land conversion as 34.51%
of the LC changed areas. LC change between SV and DV was the second conversion
form which was around 19.93%. Shrinkage of DV area that transformed to SV land and
the increases of SV land converted from the cultivated LC (CC) were contributed as the

same amount as approximately 12.94% as described in Table 3.2.

Table 3.2 Transition matrix of LC change between year 2001 and 2019.

2019
LC Group Total Pixel
DV SV CC BB wWw

DV 24499 533" 15 2 14 25063
S\ 821™ 4771 1421° 272 50 7335

_, CC 41 534" 4965 129 8 5677

S

N
BB 0 49 51 3264 88 3452

ww 10 37 2 4 199 252

Total pixel 25371 5924 6454 3671 359 41779

Significant Change (*) SV to CC, (**) SV to DV, (+) DV to SV, and (++) CC to SV
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3.6 Decadal of daytime and nighttime LST Change

The change of LST in a decade, which was estimated using linear regression
model fitting for each filtered seasonally adjusted LST time series (each pixel), and its
corresponding null hypothesis significance testing (p-value) are illustrated in Figure
3.9. The daytime LST trends range from -1.24 to 1.62 °C/decade, and their average was
0.14 °C/decade. The daytime surface temperatures that increase more than 1.00
°C/decade with statistical significance (p-value < 0.05) were found in the southern part
of the mountain range, as shown in Figure 3.9(a). Some moderate increasing daytime
temperatures (0.30 — 1.00 °C/decade) with statistically significant also found in the
southern mountain range and most in the cropland (39.64%) and urban area (42.64%)
which located around the middle and southern part of western lowland (< 50 m above
sea level). There were 29.35% of decreasing LST trend throughout Taiwan island.
However, there was only 4.21% of all areas where its surface temperature was
decreasing with statistically significant results, which found most in the valley and
lowland along the earthen coastline of the island. The average nighttime LST trend was
0.31 °C/decade and ranged from -1.05 to 1.00 °C/decade. More than 72.14% of all areas
that its surface temperature was a statistically significant increase. The increasing
surface temperatures were found throughout the island except for the south-earthen
region, where the surface temperature trends were declining (7.27% of the entire study
area). However, only 21.06% of LST trends in this region were statistically significantly

decreased.
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Figure 3.9 Distribution of decadal (a) daytime and (c) nighttime LST change in

Taiwan, and distribution of corresponding statistical significant value (p-value) of (b)

daytime and (d) nighttime LST change.
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3.7 Linear Regression Analysis with Weight Sum Contrast of Decadal LST
Trend

Figure 3.10 illustrates the estimated mean of daytime and nighttime LSTs with
comparative confidence intervals after adjusting for elevation and LC change with the
overall mean for each factor. Graphs in the first column of Figure 3.10 show the effect
of elevation, whereas graphs in the second column show the effect of LC transformation
on decadal daytime and nighttime LST trends, graphs in the first and second row,
respectively. The horizontal red lines indicate the overall mean by simple average LST
trends from all pixels. The green dots indicate crude means which were the mean of
LST trends in each group of elevation and LC change. The label “r-sq:” shows adjusted
r-squared from regression fitting with separated determinants. The label “Overall r-sq:”
denotes adjusted r-squared from the regression model adjusting for elevation and LC
change factors. The label “n:” indicates the percentage of unequal sample size for each

level of factors.

The overall mean of daytime and nighttime LST trends was 0.14 and 0.31
°C/decade, which implies that the surface temperatures in the study area were
escalating. Graphs in the first column clearly show an effect of high elevation (>600 m)
in both daytime and nighttime LSTs. In the daytime, there was a sizable difference by
comparing mean in each difference of LC conversion and the p-value, which for the
difference between two or more population means, confirms that the hypothesis that
the population means are equal can be rejected. The mean of LST trends in the
unchanged BB area and mean of LST trends in areas where their LC conversed from
DV to SV land was above average as 0.24 °C/decade, which is two times higher than

the overall mean. In contrast, mean of LST trends in conversion land from SV to DV
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land was lower than zero as -0.04 °C/decade and different from the overall mean by

0.16 °C/decade. Mean of LST trends in the other groups of LC change showed an

insignificant difference from the overall mean. However, their confidence intervals

were not overlapping each other or riding on the overall mean. The difference in LC

change does not affect nighttime LST trends. The mean of LST trends in all different

groups of LC change was very close to the overall mean. Some of their confident

intervals overlapped each other and crossed the overall mean line, suggesting that there

was insufficient evidence of the difference.
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Figure 3.10 Mean and confidence intervals of daytime and nighttime LSTs based on a

linear regression model fitting using weighted sum contrasts with elevation and LC

change groups as determinants.
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3.8 The effect of elevation and LC change in the north and south region

Overall, the surface temperatures in the study area were escalating, especially
at nighttime that up to 0.31 °C/decade on average. Analysis of LST during 20-year
study period demonstrated that the change of nighttime LST mostly increased all over
Taiwan Island when comparing to daytime LST. Over 73.67% of the study area that
it’s nighttime LST increased with statistically significantly whereas daytime LST
increased only in 26.72% of the study area. Considering Figure 3.8a and Figure 3.9c,
the distribution of increasing LST trends display a roughly spatial relation with LC
change. However, LC type and the form of LC change had a small effect on the
variability of nighttime LST trends which had an insignificant differences, as shown in
Figure 3.10. Only mean LST in the BB area (urban, built-up, and barren) showed
considerable difference from the overall mean. On the other hand, daytime LST trends
were substantially varied in various LC types and their change patterns.
Transformation of vegetation cover in both ways, deforestation and afforestation,
strongly impact on the daytime LST trend. There was around 58.65% of the study area
that was covered with dense forest and more than 71.40% of that forestry area was
located above 600 m from sea level. However, both daytime and nighttime LST in 20

years had increased overall.
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Figure 3.11 The map of Taiwan divided in the north (above) and south (bottom)

regions.

According to elevation graphs in Figure 3.10, both daytime and nighttime LST

trends in areas over 1,000 m above sea level, primarily unchanged DV LC, appeared to

escalate significantly. However, when the study area was divided into north and south

regions by 23.60°N latitude, as shown in Figure 3.11, areas over 600 m only in the

south regions advocated the overall daytime and nighttime LST trend. Figure 3.12

shows the effect of elevation and LC change in the north and south regions on the

daytime LST trend. It reveals that not only the high elevation (>600 m) area in the

southern part of the island strongly contributed to the increase in LST trend, but also

the class of LC conversion. The pattern of increasing/decreasing temperature at each

level of elevation and LC change factors was similar to the daytime LST increase for

the entire Taiwan island, as shown in Figure 3.10.
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Figure 3.12 Mean and confidence intervals of daytime LSTs in the north (above) and

south (bottom) regions.

LST trends in areas over 1,000 m above sea level, which were mostly unchanged

DV LC, appeared to increase significantly. Figure 3.13 reveals the LC change due to

major soil erosion and massive landslides in many steep valleys around the southern

mountainous region.
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Figure 3.13 (a) enlarged area of interest where high daytime LST increased with
statistically significant and high resolution airborne imagery from Goggle Earth

platform in (b) 2001 and (c) 2019
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Chapter 4

Discussion and Conclusion

This chapter consists of the discussion, conclusion, limitation, suggestions and

recommendations for future studies.

4.1 Discussion

By applying a suitable number of knots to the cubic spline model, we
successfully modeled LST and NDVI seasonal patterns, changing trends, and dynamic
patterns over Taiwan from 2000 — 2020. Therefore, not only the rates of the two indices
were revealed, but their acceleration and deceleration rates were also explained. There
were previous studies of LST that had been applied with the same approaches for
investigating time series and reported a notable rise somewhere (Fitrahanjani et al.,
2021; Wongsai et al., 2020b; Hamoodi et al., 2019; Ullah et al., 2019; Islam and Ma,
2018), and it is not remarkable to Taiwan. This analysis investigated the changing rate
of ground surface temperature at island level, sub-region, and 1-km pixel level. Even
though the average rising LST was 0.142 °C/dec and its 95% CI verified that the last
20 years through the study area, the mean surface temperature did not change. In
contrast, the cover of vegetation index on Taiwan island was noticeably increasing with

statistical significance.

4.1.1 LST and NDVI Trend at Sub-region Scale
The result indicated that a cooling or warming tendency changed to more
obvious when analyzing in sub-regions. As a result, there had been experienced

warming surface temperature trends of two urban context sub-regions. Sub-region 5 in
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the northeastern Taiwan covers most of the Yilan Plain, where Luodong Township and
Yilan City have high citizen densities. Moreover, sub-region 19 covers part of the
Pingtung and Chianan Plain, covering most regions in and nearby Kaohsiung, including
its surrounding Pingtung City in the Taiwan southwest. It is known as a tropical
megacity for its international port and industries with durable influences from urban
heat island (UHI) and drastic surface temperatures (Huang and Chen, 2020).
Furthermore, there has been tightly constructed in the city with high buildings and
paved roads similar to other cities areas in Taiwan that are influencing by the UHI
warming (Shih et al., 2020; Hsu et al., 2002; Chen et al., 2017; Chen et al., 2016; Kato
etal., 2012; Lin et al., 2008).

There was a statistically significant increase of LST in sub-region 9 which
covers the Changhua City and Yunlin City areas in the Changhua Coastal Plain. These
regions are the major significant Taiwan agricultural land. The study result verified that
the finding found by Chen et al. (2013) that the western central Taiwan has been facing
warming trends of LST because of the variation of the ground transform to agriculture
and urbanization. The variable of surface temperature has greatly influenced this area,
particularly in coastal areas with violent land subsidence that always face with floods
during each typhoon duration (Lee et al., 2016). Groundwater over-pumping and
saltwater incursion lead to the formation of wetlands in many agricultural areas. The
steady occurrence of fragmented small marshland patches surrounding the agricultural
land in this area could influence the rise in surface temperature rather than the
aggregated patches of bigger sizes that indicate low and steadier surface temperature
(Muro et al., 2018; Cai et al., 2016). Massive wetlands consist of larger thermal inertia

and capacity, decreasing thermal radiation and the exchange intensity between them
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and their neighboring. The surface energy budget dynamics over wetlands influence
ground surface temperature processes and affect local climatic circulation. It influences
the resources of thermal spatial dissemination and significantly distributes, throughout
evaporation, to the cooling of farming landscapes adjacent to wetlands (Du et al., 2019;
Huryan et al., 2014). Nevertheless, the latent capacity and appropriate heat fluxes kept
in a column of water surface in a small and shallow wetland are limited. As a result, it
is a speedy rise in LST. Extra heat energy obtain from solar radiation was released
throughout the day that provides a high of LST in the wetland water body and causes
rise in surface air temperature and adjacent LST in the local energy balance (Jia et al.,
2020).

The Central Mountain Range (CMR) of Taiwan southern region, surrounded by
sub-region 14, 17, and 20, reveals remarkable surface temperature variations. A notable
variation with 0.358 °C/dec, correlated with the enormous reduction of vegetation and
was found in sub-region 20. Typhoon Morakot heavily destroyed the coverage of the
origin plant in this area from the hill area in 2009. Moreover, it generated excessive
precipitation through the southwest and northeast of CMR, causing intensive
catastrophic landfalls and drastic mudflows in the southern region (Chien and Kuo,
2011; Tsou et al., 2011; Agyakwah and Lin, 2021; Yang et al., 2018). Consequently,
the wide areas of rocky bare soil are revealed on steep hillslopes. The massive scar of
the mountainous landscape can be noticeable from aerial or satellite imagery. However,
reducing of vegetation cover is one potential cause of ground surface temperature in
this mountainous terrain to increase with high acceleration over the past decade of the

study period. Therefore, NDVI in this high-altitude area indicates a rising trend in the
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last decade and has an increasing direction in the future. It indicates that the landscape
and vegetation in this region have steadily recovered.

Interestingly, several Taiwan sub-regions had faced warming ground surface
temperature. However, several mountainous areas in the northern part of sub-regions 1,
2, and 4 cover greener LC with significant warming temperatures. This finding is in
parallel with the result implemented by Tsai and Yang (2016), which reported that the
northern part of Taiwan unveiled a rising of vegetation pattern contributed by the
observed increase in rainfall during 1982-2012. When precipitation was
overwhelming, the roots of the plant produced oxygen-free breathing that immediately
influenced the absorption proficiency of nutrients and water of plant and also reduced
light which negatively influenced the photosynthesis of vegetation and stunted the
growth of the plant (Ye et al., 2016; He et al., 2020). Therefore, the increase in rainfall
in this mountain ranges area, which is comparatively short in water properties and has
directed to higher soil water content and moisture conditions of vegetation canopies.
Consequently, the rising of rainfall was useful to the vegetation growth. Moreover, the
suitable combination of air temperature and precipitation influence vegetation growth.
The sufficient warmth, overwhelming precipitation, and accelerated physiological
activities of vegetation put the plants on nicely and increase the vegetation index (Kong
etal., 2017; He et al., 2020). Hydrothermal conditions in the northern region of Taiwan
with simultaneous rise in air temperature and rainfall might increase of efficiency light
consumption and humidity obtainability for vegetation and consequently lead to growth
in the plant (Piao et al., 2003).

The seasonal mean of LST and NDV1 were a significant positive association for

all seasons. According to Piao et al. (2003) found that their result indicated the long—
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term rise of NDVI over China during 1982-1999 and was consistent with increased
LST and rainfall in summer. The growth in vegetation and precipitation that positively
associates with air temperature and might crucial or as a minimum partially account for
statistically significant increase in LST in this area. In the meantime, near-surface air
temperature and LST have a direct correlation, and the relation between ground surface
temperature and vegetation water content is intensely positive on green plants area

(Guha et al., 2020).

4.1.2 LST and NDVI Trend at 1-km Pixel Scale

Our findings at the pixel level showed spatial phenomena for instance urban
growth in various places of the Taiwan western plains. The notable growth of the
significant warming areas was correlated with an edge-expansion (or sprawling) form
of urban expansion, wherever a recently developed urban area spreads out from the full
expansion urban patch (Xu et al., 2007; Liu et al., 2016). Surface temperature in
Taichung city center, where it’s interior is the high density of road networks and
buildings which has slightly grown up in the last two decades but was not statistically
significant. On the other hand, there was a statistically significant warming of surface
temperature trends were found in suburban areas nearby the city center. This comprises
major coastal suburbs in western Taichung City (Qingshuim, Wugi and Longjing
districts) which is the second-biggest Taiwan port is located. The similar event was also
happened in the other two urban areas which are Tainan and Kaohsiung City located in
the southwestern Taiwan. The intrusion of metropolitan area on neighboring sub-

metropolitan area is the significant source of the UHI influence in several large cities
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around the globe (Qiao et al., 2014; Zhao et al., 2016; Imran et al., 2019; Chen et al.,
2020).

The results from our finding also displayed the large patches of several levels
warming regions over the cities and agricultural areas in flat plains of Changhua City
and Pingtung City while their vegetation was gradually reducing. These regions are
categorized by small urban townships surrounding each other with suburban residential
areas and farmlands in between. LC diversity within a square kilometer area indicates
the degree of variation of surface temperature change. Moreover, the diverse degrees
of an increasing portion of the impervious surface area caused a diverse quantity of
increasing in LST trends over the period (Wongsai et al., 2020a).

Investigating LST or NDVI trends of long-term at pixel level could offer
intuitions into and elevates responsiveness of LULC variations and land activities in
particular regions. For instance, there were two rural township areas which are in
Mingjian Township in western Nantou City and Meinong District in Kaohsiung City,
facing high accelerated increasing ground surface but the coverage of NDVI loss
insignificant. Mingjian Township of Taiwan is the biggest tea-production area. Minor-
scale irrigated tea farms contribute 26.1% of the township area, and 37.1% are other
popular plantations, for example betel pepper, Chinese yam, ginger, and pineapple
(Wang et al., 2021). The major agricultural production is rice in the southern area of
Taiwan (Chiang and Liu, 2013). Furthermore, Meinong Township had a rice production
area of 7,000 Hectares (ha) during 1960 and 1970. Nevertheless, in the late 1990s the
production of rice in Meinong District down to haft of its area due to overproduction.
A lot of paddy fields were twisted into pounds to farm white water snowflakes, tropical

fruit plantations, and vegetable shade net houses. Suchlike LULC variation and
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agricultural LU activities for example irrigation systems and agricultural management
practices that might affect the increasing of LST in these areas require to be further
studied. Initial extensive policy responses, comprising sustain actions and systematic,
are desired to protect the disastrous results of local climate situations on cultivated

production, which is a major source of the local economy.

4.1.3 LST and NDVI Acceleration Trends at 1-km Pixel Scale

The rise of LST trends as the NDVI rates decrease for each LULC type, but
their correlation coefficients associated with LULC types are distinct (Yue et al., 2007).
There was a strongly negative association found especially in the urban land (Guha and
Govil, 2020; Guha et al., 2018; Kumar and Shekhar, 2015). The results of our study
pointed out that the long-term surface temperature and vegetation trends had negative
associations in different LC types at a pixel scale, excluding in water bodies and
wetland areas. The associations were stronger in dense forest compare to built-up area.
It recommends that the reduction of vegetation index in the forest area causes more
significant LST warming than that in another areas.

The LST trends acceleration was first demonstrated using a quadratic regression
model, resulting in two patterns which are accelerating and non-accelerating patterns
(Sharma et al., 2018a). According to Ismail et al. (2019) and Wongsai et al. (2020b)
recently applied cubic spline function to investigate the acceleration of LST trend.
Wongsai et al. (2020b) were the first to model the acceleration rate from the coefficients
of the cubic spline function, as presented in Equation 4. This method was applied by
Devi et al. (2021) to investigate the LST acceleration variations in Britain Island, Papua

New Guinea. These similar approach was adopted to examine the dynamics of LST and
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NDVI trends in the past 20-year of this study. Furthermore, we classified into five LST
and NDVI variation patterns by the direction of change and its acceleration rate in this
analysis. Such patterns obviously illustrated the different dynamics of long-term LST
and NDVI trends and showed the possible trend in the predictable future. These
approaches provided statistical implications that indicate interesting intuitions in LST
and NDVI trends and their acceleration patterns on the Taiwan island in the past 20

years.

4.1.4 Confounding and Adjusted Comparative Mean

The effect of elevation on daytime and nighttime LST was similar. Means of
daytime and nighttime LST trends at lowland (< 50 m) and land that higher than 1000
m were above the overall mean. The sizable rise of average LST trends in lowland was
contributed by the built-up and cultivation LC. Although, the urban and cropland area
mostly has not expanded or changed as informed in Table 3.1. However, the increasing
of built-up and impervious surface density in 1 x 1 km2 during 20 years of study period
may cause the rising trend of LST, especially in the daytime. The surface temperature
of land in high elevation is generally lower than in the lowland due to the local climate,
types of LC and utility of land (Phan et al., 2018). If there was no change of LC, LSTs
trend to decline corresponding to higher elevation. From our result, 33.7%, 24.51% and
15.80% of unchanged DV, SV, and CC land, respectively, (74.01% in total) were found
within the areas that their elevations were between 50 and 350 m above the sea level
(elevation level 2 - 4). Moreover, the mean of LST trends in deforestation or degraded
forest area (land converted from DV to SV), which was mostly found in elevation level

5and 6 (IQR: 217 — 972 m with median at 480 m) escalated the LST trend. This implies
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that geographical relation between elevation and LC type at the local site affects the
dynamic of LST. If the correlation between these two factors was disregarded and their
effects were analyzed separately, those results may not be accurate and comparable. In
this study, elevation was associated with LC change in the data and distorted the
association between LC change and LST trends which issued confounding. A
confounding variable influenced both a determinant and an outcome variable, and thus
can affect that association between them. The testing result from 10% rule of thumb
informed that the parameter estimated for LC change factor in all levels had percentage
change more than 21% from the unadjusted, or crude, estimate (from simple linear
regression) to the adjusted estimate (from multiple linear regression). This confirmed
that the association between LST trends and LC change is confounded by elevation.
As mentioned in section 2.4.5 that a two-sample t-test (for the comparison
between two groups of sample size) and ANOVA (for determining whether three or
more populations are statistically different from each other) are not appropriate for
comparison means of factors that might affect each other. The regression model could
be applied to investigate the correlation between multiple covariates and a numeric
dependent variable. This method could be used as a multiple linear regression to realize
through confounding and separate the association of interest (Pourhoseingholi et al.
2012). Moreover, there were unequal and unbalanced sample size of LC change in the
study area. Since sample size in many levels of LC change (WW, SV to CC, SV to DV,
DV to SV, CC to SV and other) was small and some levels were under-represented,
which biased the mean in level of the factor of interest, as presented by the difference
between crude mean and adjusted comparative mean with “democratic” confidence

intervals. The weighted sum contrasts method corrects this bias and gives the adjusted
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means of LST trends for each level of the factor of interest which can be obtained
simply by fitting the model using weighted sum contrasts and omitting the terms from
all other factors. Graphs in Figure 3.7 accurately show how LST trends vary with LC
change after accounting for elevation (as the confounding factor) which more
accurately reflects the population and clearly revealed the effect of elevation and LC
change on daytime and nighttime LST trends.

However, using nighttime LST data may be suitable for long-term regional and
global climate change study because LC and their change over time had a minor effect
on LST increasing. This result supports the previous study in a smaller study area of
Wongsai et al. (2020) where the ANOVA test in their study suggested that there was
weak evidence that changing temperature amount groups of LC and their change pattern
were different. Although, ANOVA analysis in their study was not adjusted for unequal

sample sizes.

4.1.5 Influence of LC Change and Elevation on LST Trends

The physical change of LC in the southern mountainous region was noticeable
since 2005 and this natural phenomenon was clearly visible from historical imagery in
Google Earth platform after 2009. Typhoon Morakot had damaged Taiwan in 2009,
especially in southern Taiwan. The moving storm produced amounts of rainfall,
mudslides, and flooding. Furthermore, it killed many people and damage agricultural
area (Chien and Kuo, 2011; Wu, 2013). The transformation of the hillside and the base
of the valley covered by dense vegetation become into the rocky and bare soil surface
caused an increase in its surface temperature in this part of Taiwan. Although, LC

around this region was unchanged during 2001 to 2019 based on MODIS LC data. It
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might be that the total area of LC change did not dominate the unchanged area within
1 x 1 km2 area, but the substantial quantity of change area, especially conversion from
vegetation cover to built-up and bare land, and its spatial heterogeneity could
significantly increase its surface temperature (Wongsai et al., 2020).

However, after a decade of sugar cane cultivation, a number of flora had been
changed into flatland forests and open-woodlands below active envelopment in
vegetation area afforestation by the Forestry Bureau from the time when the beginning
of the 21st century. A comparable LU transformation was also found in Linhousilin
Flatland Forest Park and nearby post-agricultural lands in Chaojhou Township of
Pingtung City (the tourism and agriculture city in Southern Taiwan). Such variations
need for future studies to be observed the influence of plantation change, urban
expansion, and physical environment variations (e.g., LU variations, runoff changes,
storm, fire, landslide, extreme rainfall, and deforestation), but those variations are not

within the current study scope.

4.2 Conclusion

LST in Taiwan has faced warming in many regions, especially in the Central
Mountain Range of the southern region, north-eastern, central-western, and south-
western (Chianan and Pingtung Plains) but decreasing in the Huadong Valley located
between the Central Mountain Range and the Coastal Mountain Range. Most of the
rising surface temperatures rates are accelerating. As a result, this situation provides the
effect of urbanization and agriculture activities clearer and offers policymakers a stiff

warning for better planning and managing in reaction to increased global warming.
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Even though the coverage of the greenness rates is not lowered yet, a sensible plan is
required to retain pace with the accelerating temperature conditions.

Furthermore, this analysis illustrated a practical and effective method to
statistical modeling of daytime LST and NDVI for spatial and temporal variations based
on MODIS time-series data for the last 20 years over Taiwan Island. This methodology
provides us with the opportunity to discover what is happening at a sub-region level
and at the smallest area of 1 km. The study found that there were with statistical
conclusions, not exploratory analysis. In addition, ground surface temperature and
vegetation index trends were investigated by using the natural cubic spline function
with annual periodic boundary conditions. Moreover, their acceleration rates were
highlighted using the multivariate regression model analysis. The approaches used in
this analysis could be applied in another regions and locations.

Furthermore, this study demonstrated the use of a linear model with weight
some contrast for adjusting each determinate factor to assess the influence of LC
variation and elevation on a decadal trend of LST in Taiwan. It is an example of diverse
terrain with a high mountain range, gorges and sharp valleys and the flat to gently
rolling plains, where 90% of the population lives. LC in Taiwan had changed only
9.81% of the whole island in the last two decades, and the majority of the transformed
areas were found in the land that its elevation was around 90.5 m by median. This raises
awareness when it comes to analyzing and compares the average LST change in
different groups of LC change and level of elevation as the factors of determinant that
could have a significant difference in sample size and influence each other. The
presented method can compare several means with comparative confidence intervals

based on weighted sum contrasts, which are often more appropriate than those based
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on treatment contrasts needing specify a control group. The results reveal that the
average daytime LST trends were 0.14 °C/decade while the average of nighttime LST
trends was 0.31 °C/decade. The difference in LC change does not affect nighttime LST
trends. However, the mean of daytime LST in urban, built-up and barren areas shows a
significantly different overall mean. The effect of LC and elevation differed according
to the difference in geography and sub-region. There was an effect of high elevation (>
600 m) in both daytime and nighttime LSTs. The area above 600 to 2000 m of elevation
in Taiwan with their surface temperature trends to increase is worth investigating.
Changing of LC, elevation, NDVI and other factors influencing the increase in LST for
example LU, precipitation and air temperature should be investigated in other different

geographical areas in further studies using the presented method.

4.3 Limitation and recommendation for further study
This research was used the cubic spline model to investigate the seasonal
patterns and trends of LST and NDVI. Further studies should be applied different
methods to model the seasonal patterns and trends of LST and NDVI variation.
Moreover, the cubic spline model with 0 and 4 knots was applied to examine LST and
NDVI change. Further research could use the different numbers of the placement knot
to investigate the result. In addition, the Pearson correlation was used to investigate the
correlation between LST and NDVI change across five major LC classes. Further study
could applied another correlation coefficient method to investigate the correlation
between those variables.
The surface temperature and vegetation index variation at Taiwan’s local level is

necessary for policymakers to observe for better control of undesirable consequences.
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Moreover, the government or related parties have to find the best solutions for a proper
formulation of policies before beginning any developmental, social, and economic
activities. Moreover, this study has to apply other methods, for example, machine
learning methods to compare with the performance of the statistical methods in climate
variation. Finally, further studies have to consider more factors in order to analyze

which factors that have a high impact on the change of the surface temperature.
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ABSTRACT
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This study reported decadal trends and acceleration pattems of surface temperatures and vegetation conditions
in Taiwan from 2000 to 2020, Time series data on Land Surface Temperature (LST), Normalized Difference
Vegetation Index (NDVT), and Land Cover (LC) types were abtained from the Moderate Resclution Imaging
Spectroradiometer (MODIS) sensor. Seasonal pattems, decadal trends, and acceleration rates for each LU bype
were svaluated using the natural cubic spline method and multivariate linsar regression. Accelsration pattems
were then analyzsd using the correlations between derived trends and acceleration rates. Resalts are provided for
the entire island, for sub-regions, and for the smallest area elements of 1 km®. Taiwan has had a significant mean
increase in decadal trends of MOV (95%CT: 0.013-0.025 anit/dec), bt not of LST (95%CE ~ 0U008-0.302 *C/
dec). Megative correlation betwesn LT and MDV] was stronger in green coverage areas than in built-up areas. On
sub-regional level, a larger increass in surface temperbure and remendows vegetation loss were observed at high
elevations in the southern regions of the Central Mountain Range. Meanwhile, the central-western lowlands
faced moderately warming temperatures and slight greening. At the pizel lewel, urbanization and agricultural
expansian have caused rising surface temperatures, whils afforestation contributes cooling. The rise in tem
perature in sccelerating in the different LC types throughout Taiwan, Despite that, the accelsration patterns of
the vegetation index have remained stable in most parts of the island. Although the mates of vegstation growth
have not yet declined, practitioners and policymakers need to consider a balanced view of green citiss 1o keep
pace with the accelerating temperature conditions.

1. Introdueton

current global environment, 2 decline in NDVI han reculted from rapid
urban.i.aaﬁnn, conztruction and deforestasion that increasze LST (Ullah

Lanid Surface Temperature (L5T) iz an important parameter in local
and global climate change. It has greatly affected the natral snviron-
ment and hm:lanm.etj {Song et al, 2013). L5T has dieen in sevesal
pariz of the world (Pracetya =c al | 2020). The increase in L5T in due o
anthropogenic hear releaze caused by =nergy conmumption and corre-
lared to a decreaze in vegetation cover (Fumar =c al | 201 20 Normalizad
Difference Vegetation Index (NDVI] iz a plant health index of greenness
on land that can be wed to analyze the density of vegetation on the
ground. Vegetation changes are large-ceale in trancformations thae lead
to significant losoes in plant diversity, animals, and scomyatem functions,
and d:a.ngen in microcimate conditions (Diclich =t al., 201&). In the

et al, 2019 Yuen and Kong, 2009). Land wse and land cower ﬁang:ﬂ,
ezpecially urban expanzion, are key factor affecting trends and pattemsz
in L5T and NDWVI (Kafy et al, 2021).

Moderate Regolution Imaging Specroradiometer (MODIS) catellites
deliver various dam product: with different cpatial and temporal reso-
lutione thar are important for regional evaluation of L5T and MDWVI
diztributions (Haq =t al, 2020). From publicly awailable MODIS dat,
relations between LET and NDVI have been establizhed in previous
ctuidien, including in the northern and southern Hemizphere with the
Brazilian plateau, Pampaz steppe, southeagtern Africa, and Anztalia
(Gong =t al , 201 B, northern Indis (H aq =t al., 2020), and southeaztem
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Abstract

Vegetation changes play an important roles in climate change. Information from patterns and frends of
these factor reveals the state of the climate in a parficular area and can be used fo sef up a proper
monitoring program. This study aimed to investigate the annual seasonal patterns and fremds of
Normalized Difference Vegetation Index (NDVI) by sub-region and by region and fo estimate NDTT
increase per decade by region in Taiwan. NDIT fime series data from 2000 to 2020 were downloaded
from the MODIS website. The natural cubic spline method was used to model NDIT annual seasonal
paitarns and linear regression was used fo imvesfigate the trends. Furthermore, multivariate regression
was applied to adiust spatial correlation and to estimate NDIT increases in each sub-region and region.
The results show the NDIT increase in March gf sub-region 1, 2, 3, 4, and 7 and sub-region 3 and 6 show
two peaks in each year. The frends show sub-region & in region 1 had the highest mean NDTT which was
above 0.8, while sub-region 2 had the lowest mean NDIT which was below 0.4. However, NDIT shows
increasing trend in almost sub-region except sub-region 13, 22, 23, 27 and 36. In addition, the NDIT in
all regions had increasing trends, except in the easterm Taiwan with stable trend. The average increased
af NDIT was 0.0] per decade. In conclusion, vegetafion index in Tatwan is considerably increasing while
the causes of the increasing trends need fo be examined in finther studies.

Keywords: Normalized difference vegetafion index, cubic spline finction, multivariate regression
model

1. Introduction

Normalized Difference Vegetation Index (NDVT) 15 a plant health index of greenness on land that can
be used to analyze the density of vegetation on the ground. Vegetation is one significant to the energy
balances on regional and global scales (Hwryna & Pokorny, 2016). Fusthermore, vegetation absorbs
carbon dioxide durning the day and releases oxygen to the ecosystem and for human beings.
Alterations of vegetation can be assessed at various wavelengths in the visible and near infrared
ranges, in which the flora reflects sunlight. Plant leaves tend to reflected a wide range of light
wavelengths (Prevborska, 2019).

Vegetation changes not only imterrupt carbon dioxide and water cycle, but also influence energy
balance of the Earth’s surface, and affect LST changes (Lin et al.. 2013). The alterations of vegetation
on the growad from short to long term influence climate change at lecal and global scales (Bounoua,
Collatz, Los, Sellers, Dazlich, Tucker & PRandall 2000). Increasing deforestation and human
population affect the climate change especially reduction of greenness. Increasing WDVT has been
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Abstract

Land surface temmperature (L5T) is one of the most significant factors of surface
atmospheric interaction. R i dramatically changed on an adegquate
distribution and temporal evolution in time and space. Moreover, L5T might
change the pattern from natural disaster in such cases of landslide, forest fire
and rainfall. This study focused in Taiwan which les in northern tropic of cancer
and cirdes on earth at which the sun can be directly overhead. The aim of this
study was to examine the seasonal pattern and trend of average increase in
L5T in Taman. The data was downloaded from Terra eight-day MODIS land
surface temperature product have ~ Tkm2 pixels with 18 years. The natural
cubic spline was used to extract annual L5T seasonal pattern withowt checking
to estimate the missing values. The result of this study showed that the
significant of using cubic spline was an appropriate number of the knots which
was eight knots. The seasonal patterns of different sub-regions in the same
region had similar pattemns. In addition, there was a steady increase of LST in
June and the peak was in summer which was in July. From August, it was
rapidly declined and reached the lowest point in winter during Decemiber and
January. The trend indicated accelerate decrease in some regions at northem
part of Taiwan but the morthemn and central part of Taiwan the trend is
accelerate increase in miost regions.

Keywords
Land surface temperature; temperature pattern; trend analysis; natwral cubic
spline

1. Introducticn

The termperature of the land swrface skin s known as Land Surface
Ternperature (L5T). ks could be measured at the interface between surface
materials such as roof of building, grass, snow, ice, water, scil, top of plant and
the atmosphere. L5T is the hot or warm of the ground surface in the world
would feel to the touch in a particular location. LST is being increasingly
recognized and interested in developing methodologies to measure
temperature change from surface. Scientists monitor L5T because the warmth
rising off world's surface effects owr world's climate patterns and weather.
Moreover, they need to screen how growing land surface temperatures
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