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ABSTRACT

Land surface temperature (LST) is a key earth surface parameter on local, regional and global scales. Accompanied by drastic
land-use change and rapid urbanization which transformation from natural landscapes to build-up urban areas has led to
changes in land surface physical, which increasing LST and the urban heat island (UHI) phenomenon, namely urban areas
where the atmosphere temperature is significantly higher than surrounding rural areas. Growing urbanization is one of the
anthropic causes of UHI. The UHI has a negative impact on the life quality of the local population as thermal discomfort,
summer thermal shock, health, energy consumption, photochemical smog and worsening of the air quality. The output of this
study area very useful and important for correct and sustainable urban planning. This study aims to investigate the landscape
indices and urban expansion and its impacts on land surface temperatures in Kota Kinabalu from 1991, 2011 and 2018 using a
time series Landsat satellite. This study has three major steps. Firstly, we generated the LST from thermal band Landsat 5 and
Landsat 8 and the second major step is generate the selected landscape indices namely Normalized Difference Vegetation Index
(NDVI) from near-infrared and Red is a live green vegetation indicator reflecting the vegetation coverage by separating
vegetation from water and soil, Land Surface Water Index (LWSI) is a liquid water metric that denotes that coverage of water
bodies and land water content which generate from green and near-infrared, Normalized Difference Built Index (NDBI) is an
urban impervious surface index that represents the intensity of the urban built-up area and is an important analytical tool in
characterizing land development, urbanization, and land surface parameters. Third, the LST was associated with the Kota
Kinabalu map landscape indices NDVI, NDBI, and LWSI. and the correlations between LST was discussed. The result shows
that the intensity of the Surface Urban Heat Island (SUHI) continue to increase and spatial distribution was different between
the 3 selected years. The SUHI was mainly focused in the center of the city in 1991 but expanded to near suburban in 2011 and
2018. A strong relationship exists between LST and 3 selected land coverage indices. A strong positive relationship between LST
and NDBI was obtained and a strong negative relationship between LST and NDVI and LWSI was produced. While the land
coverage indices were the LST dominant factors, the spatial proximity and location also substantially influenced the LST and
SUHIs, namely LWSI proximity factors such as the distance to the city Centre. Finally, the results provide a future guideline for
policymakers and urban planners working toward a healthy and sustainable Kota Kinabalu City. Besides that, the findings of
this study can improve the understanding of SUHI and their impact in Kota Kinabalu and assists the policymakers to formulate
countermeasures for mitigating SUHI effects.
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INTRODUCTION

More than 50% of the human population lives in cities, and this percentage will reach up to 66% by 2050 (Ayanlade,
2016). Whether in megacities or medium cities, the extensive growth of urbanization is making the pursuit of sustainable and
prosperous cities problematic. The situation is becoming worse since urbanization is increasingly interconnected with the
defining environmental phenomenon of this century which is the expected climate change (UN-Habitat, 2019). For occurrence,
the LST in urban is different from the surrounding area (Oke, 1987), which this phenomenon called the urban island (UHI)
effect. The UHI effect causes the urban temperature to be higher than the temperature in rural/suburban surroundings (Voogt and
Oke, 2003). It is bringing about heat stress and tropospheric ozone formation, which can harmful to population health (Gabriel
and Endlicher, 2011). It also induces increased energy consumption, which has a strong influence on urban air quality and
greenhouse gas emissions (Sarrat et al., 2006; Jiang et al., 2019) and even environmental security (Zhao et al., 2018; Metz and
Neteler, 2017). Therefore, issues related to the UHI effect and its pattern, spatial-temporal changes, potential drivers and impact
have been attracting close attention and extensive explorations (Fu and Weng, 2016; Zhou et al., 2016). Su et al., (2012) noted
that understanding the spatially nonstationary relationship between LST and land cover can help formulate temperature
mitigation strategic for the very young and elderly who are particularly sensitive to temperature. LST derived from thermal band
infrared remote sensing has drawn attention from geographers and environmentalists which able to be understanding LST and
SUHI dynamics may improve our awareness of regional environmental change and support sustainable development. For this
reason, it is important to analyze the spatial patterns of LST and SUHI and identity their influencing factors. Impacts of the three
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major urban land covers namely built-up land, vegetation areas, and water bodies have extensive study by widely. Literature
review mentioned the main index used reflect the built-up land properties such Index-Based Built-up Index (IBI), the normalized
difference built-up index (NDBI) and Urban Index (Jin et al., 2005; Berger et al., 2017; Peng et al., 2015; Liang and Weng,
2008; Estoque, Murayama and Myint, 2017; Zhou et al., 2014). The coverage, density, and materials of specifically built-up land
cover elements. Beside that the cooling effects of vegetated areas on SUHI have also been studied which NDVI, vegetation
Fraction (VF) and size of green space have by far received of most attention (Lu and Weng 2005; Zhang, Murray and Turner,
2017; Peng et al., 2016; Naeem et al., 2018; Coutts et al., 2016; Xie et al., 2013; Feyisa, Dons and Meilby, 2014). However most
the study was conducted over temperate urban areas where the cities are more developed, while tropical urban areas have been
much less studied because of cloud containment, which thermal and visible wavelength can’t penetrate the cloud. However,
several studies involving the tropical and subtropical cities were studied in Asia and South Asia including Mumbai, Delhi in
India, Hanoi in Vietnam, Bangkok in Thailand and Dhaka in Bangladesh (Feng et al, 2019). Most of previous studies only
focused on the UHI analyses of single cities and mega-cities (Imhoff et al., 2010; Tan and Li, 2015; Targino et al., 2014) because
Zhou et al., (2018) reported that the largest SUHI intensity did not happen, as anticipated in the large cities of a highly populated
urban agglomeration in east China. The cities mentioned above have a population more 5 million, there still not studies focus on
medium-small cities size such a Kota Kinabalu with the population 224 700. The output from this study expected to enhance our
knowledge regarding SUHI and LST for medium-small cities. On another hand, a few studies were conducted to address the
long-term land cover change because, in tropical cities, cloud contamination is more common in optical satellite data such as
Landsat series datasets. Thus, long term observation and evaluation in these tropical cities is more challenging. In this study 3
datasets were derived from Landsat 5 TM and Landsat 8 OLI / TIRS for years 1991, 2011 and 2018 to investigate the landscape
indices namely NDVI, NDBI and LSWI, its impact on LST pattern. In literature review, commonly applied land coverage
indices include the NDVI, NDBI and Normalized difference water index (NDWI). The exchange of surface latent heat and
sensible heat is directly indicated by NDBI which strongly correlated with LST in urban areas (33). Vegetation coverage is
linked to the biophysical characteristics of plant, and affects the spatial patterns of surface energy, providing cooling and
humidifying effects on the surrounding environments (Feng et al., 2019). NDVI strongly correlates with LST even in the Artic
(Raynolds et al., 2008). NDWI reflects landscape related to LST. The proximity factors the distance to the city center affect
value of LST. City centers often contain the highest LST and the SUHIs may impact towns about one thousand kilometers away
(Zhang, Cai, and Hu, 2013). The dominant factor as mentioned for each identified to address LST dynamics and provide a
rationale for potential SUHI mitigation and urban environment improvement features, in relation to water status with significant
effect on reducing SUHIs. In this study we exchange NDWI with LWSI. The indices have also applied examine impacts to LST
patterns, by establishing their quantitative relationships (Feng et al., 2019). The landscape indices namely have been found to
close relationships with LST and with SUHI (Chen et al., 2014). On another hand spatial proximity was found to be.

STUDY AREA

Kota Kinabalu is located on Borneo, which capital city of the state of Sabah, Malaysia. The population of Kota Kinabalu 244,700
for the year 2017 (United Nations, 2017). The previous study suggests being the focus on medium small-sized cities which with
below 1 million urban population (Zhou et al., 2019).

Figure 1: Location of the study area.

MATERIAL AND METHODS
DATASET

In this study, Landsat 8 (OLI) and Landsat 5 TM imagery were applied. The Landsat 8 satellite orbits the Earth in a sun-
synchronous, near-polar orbit, at an altitude of 705 km (438 mi), inclined at 98.2 degrees, and circles the Earth every 99 minutes
(Landsat Science, 2019). The satellite has a 16-day repeat cycle with an equatorial crossing time: 10:00 a.m. +/- 15 minutes
(Landsat Science, 2019). Landsat 8 data are acquired on the Worldwide Reference System-2 (WRS-2) path/row system, with
swath overlap (or side lap) varying from 7 percent at the Equator to a maximum of approximately 85 percent at extreme latitudes
(Landsat Science, 2019). The scene size is 170 km x 185 km. Landsat 8 Instruments Operational Land Imager (OLI) has 9
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spectral bands and 2 thermal infrared sensors (TIRS) as mentioned below: Nine spectral bands, including a pan band (Landsat
Science, 2019):

Table: 1 Information of Band Landsat 8 OLI TIRS (Landsat Science, 2019)

Band Wavelength Resolution
Band 1 Visible (0.43 - 0.45 pm) 30 meters
Band 2 Visible (0.450 - 0.51 pm) 30 meters
Band 3 Visible (0.53 - 0.59 um) 30 meters
Band 4 Red (0.64 - 0.67 um) 30 meters
Band 5 Near-Infrared (0.85 - 0.88 um) 30 meters
Band 6 SWIR 1(1.57 - 1.65 pm) 30 meters
Band 7 SWIR 2 (2.11 - 2.29 pm) 30 meters
Band 8 Panchromatic (PAN) (0.50 - 0.68 pm) 30 meters
Band 9 Cirrus (1.36 - 1.38 um) 30 meters
Band 10 Thermal Infrared Sensor (TIRS) 1 (10.6 - 11.19 um 100 meters
Band 11 Thermal Infrared Sensor (TIRS) 2 (11.5 - 12.51 pm) 100 meters

The Landsat 5 satellite orbited the Earth in a sun-synchronous, near-polar orbit, at an altitude of 705 km (438 mi), inclined at
98.2 degrees, and circled the Earth every 99 minutes (Landsat Science, 2019. The satellite had a 16-day repeat cycle with an
equatorial crossing time: 9:45 a.m. +/- 15 minutes (Landsat Science, 2019. Landsat 5 data were acquired on the Worldwide
Reference System-2 (WRS-2) path/row system, with swath overlap (or side lap) varying from 7 percent at the Equator to a
maximum of approximately 85 percent at extreme latitudes (Landsat Science, 2019).

Table 2: Band Information for Landsat 5 TM (Landsat Science, 2019)

Band Wavelength Resolution
Band 1 Visible (0.43 - 0.52 pm) 30 meters
Band 2 Visible (0.52 - 0.60 pm) 30 meters
Band 3 Visible (0.63 - 0.69 pm) 30 meters
Band 4 Near-Infrared (0.76 - 0.90 pm) 30 meters
Band 5 Near-Infrared (1.55 — 1.65 pum) 30 meters
Band 6 Thermal (10.40 — 12.50 pm) 30 meters
Band 7 Mid — Infrared (2.08 - 2.35 um) 120 meters

Table 3: Detailed of Landsat Data used for this study

Data Spatial Resolution Thermal Resolution Date of acquisition Time Cloud cover
Landsat 5 TM 30 meters 120 meters 1991-06-14 1.54 am 6 %
Landsat 5 TM 30 meters 120 meters 2011-01-21 2.21am 2%
Landsat 8 OLI 30 meters 100 meters 2018-08-27 2.31 am 10 %

The Landsat images were first pre-processed to clear the effect caused by illumination and atmosphere attenuation such as
preprocessing, image calibration, employing selected landscape indices, land surface temperature estimation, linear correlation,
results, and discussion.
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Figure 2: flow chart of Methodology.

RETRIEVAL OF LAND SURFACE TEMPERATURE FROM LANDSAT 5 TM.

The preprocessing of the thermal band has been performed using ENVI 5.3 software. The preprocessing atmospheric correction
is to remote the atmosphere contribution from thermal infrared data. In this study, thermal bands of Landsat TM (Band 6) were
utilized to map LST. In the first step, at-sensor spectral radiance was estimated, such that digital numbers (DN) were converted
to the physically meaningful common radiometric scale using Eq. (1) for Landsat-5,7 (Chander, Markham, & Helder, 2009) and
Eqg. (1) for Landsat-8 (USGS website), respectively:

LMAX, —LMIN,

L = ( ) - (Qcal - Qcalmin) + (LMINA) €Y)

Qcatmax—CQcaimin

Where LA is cell value as radiance in W/(m2*sr*um), LMAXA is spectral radiance that is scaled to QCALMAX in
W/(m2*sr*um) and LMINX is Spectral radiance that is scaled to QCALMIN in W/(m2 *sr*um).QCALMAX is a maximum
quantized calibrated pixel value (corresponding to LMAX) in DN: 255 and QCALMIN is a minimum quantized calibrated pixel
value (corresponding to LMIN) in DN: 1

LMAX, 15.303
LMIN; 1.238

Table 3: Information of Landsat 5 TM.

where M, refers to band-specific multiplicative rescaling factor, AL is band-specific additive rescaling factor provided in the

product metadata file, and Qcal refers to quantized and calibrated standard product pixel values (DN). In the second step, by
assuming that the earth’s surface is a black body with the spectral emissivity of 1, at-sensor spectral radiance was converted to
effective at-sensor brightness temperature according to Eq. (2) (Chander et al., 2009):

ko

- In (i—; + 1)

where Tg is the effective at-sensor brightness temperature in Kelvin (K), and K1 and K2 are the calibration constants. For
Landsat-5 TM, K1 was 607.76W/(m2srum), and K2 was 1260.56K. In the third step, due to the at-sensor brightness temperature
obtained by Eqg. (2), which was related to a black body, spectral emissivity had to be corrected to estimate LST related to the gray
body. The emissivity corrected LST was calculated by using Eq. (3) (Artis & Carnahan, 1982):

Tg

)

Ty

ST = Qrs / @ine

Where LST is the land surface temperature in K, TB refers to the effective at-sensor brightness temperature in K, A stands for the
wavelength of the emitted radiance in meters (effective wavelength is 11.457um, 11.269um, and 10.904pum for the thermal bands
of Landsat-5 TM, respectively, based on Jiménez-Mufioz, Sobrino, Skokovic, Mattar, and Cristébal (2014), with
a=1.438x10—-2mk), and ¢ is the surface emissivity. Then LST calculated in Kelvin was converted to the centigrade degree as
shown in Eq. (4):

LST(°C) = LST(K)-273.15 (4)
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RETRIEVAL OF LAND SURFACE TEMPERATURE FROM LANDSAT 8 OLI

Surface thermal radiation recorded by spectral bands of Thermal InfraRed Sensor (TIRS) 10 in Landsat 8 was adopted to retrieve
LST based on the split-window algorithm (Bao et al., 2018). After the atmospheric correction of reflective and thermal bands,
surface temperatures were retrieved based on algorithms Bao-Jie Hea, Zi-Qi Zhaob, Li-Du Shenc, Hong-Bo Wangb, Li-Guang
Lib, 2018 applied. The values of digital number (DN) were converted to spectral radiance LA at the top of the atmosphere
according to Eq. (5)

L, =ML x Qcal + 4; (5)

where LA stands spectral radiance, W/(m srpm) 2; ML represents the rescaled gain corresponding to a specific band, W/(m srpum)
2; A; means the re-scaled bias corresponding to a specific band, W/(m srum) 2. Afterward, at-sensor brightness temperature Th
(Unit: K) was extracted from TIRS 10, corresponding to the OLI sensor through Eq. (6):

Ty = K»/(In (T—:) +1 (6)

Where k1 and k2 are constants, with values of 774.89 (Unit: W/(m srpm) 2 ) and 1321.08 (Unit: W). LST was subsequently
obtained after the emissivity correction of ground radiance B(LST) (Unit: K) via a mono window algorithm developed by Qin et
al. (2001).

PNIR—PRED (7)
PNIR+PRED

NDVI =

NDVI reference measured to refer to Eq. (7), where pNIR and pRED refer to the reflectance values of the near-infrared and red
bands. calculation of the NDVI is important because, subsequently, the proportion of vegetation (Pv), which is highly related to
the NDVI, and emissivity (€), which is related to the Py, must be calculated.

(NDVI—NDVIS )2
NDVIv—-NDVIs

(8)

Pv is the percentage of vegetation in a pixel. Pv is the vegetation proportion calculated based on Carlson and Ripley (1997), by
using Eq. (9):

E=¢ev Pv+eg(1-P) +4 <de>Pv (1-Pv) (9)

where ¢ is ground emissivity, v is the emissivity of pure vegetation cover area (=0.985), g stands for the emissivity of the pure

bare ground area (=0.960),<de>is the revised parameter by average 0.01 (Zhang, Wang, & Li, 2006), and where NDVIs and

NDVIv refer to the soil and vegetation NDVI. Then LST calculated in Kelvin was converted to the centigrade degree as shown

in Eqg. (10):

(10)
LST =(TB/ (L + (A * TB / C2) * Ln(g)))-273.15

Where LST is kelvin (K), BT is that-sensor brightness temperature (Kelvin),p =hc/c,6 =Boltzmann constant (1.38x10-23 J/K), h

is Planck’s constant (6.626x10-34 J/s), c is the velocity of light (2.998x 108 m/s), and e is the emissivity

GENERATE OF LAND COVERAGE: NDBI, NDVI, AND LWSI

NDBI is an urban impervious surface index that represents the intensity of the urban built-up area. It an important analytical tool
for characterizing land development, urbanization and land surface parameters (Chen et al, 2006).

NDBI SWIR — NIR (11)
~ SWIR + NIR

NDVI is a live green vegetation indicator, reflecting the vegetation coverage by separating vegetation from water and soil
(Ogashawara and Bastos, 2012).

NIR +R

NDVI = NIR ¥R (12)

LSWI was calculated as the normalized difference between near-infrared and shortwave infrared (Jurgen, 1997 and Xiao et al.,
2005). LSWI was found to correspond well with the drought severities that were defined by the United States Drought Monitor
in previous studies (Bajgain et al., 2015). An LSWI-based drought severity scheme is divided into four groups as extreme and
exceptional drought (LSWI <—0.1), severe and moderate drought (—0.1 < LSWI < 0), abnormally dry (0 <LSWI <0.1), and no
drought (LSWI > 0.1) (Bajgain et al., 2015).
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LSWI PNIR — PSWIR (13)
~ PNIR + PSWIR
RESULT AND DISCUSSION
LST
Retrieval of LST of the study area has been done using remote sensing data and GIS techniques. Figure 3 shows LST maps for
the years 1991, 2005, and 2018.
LST map for the year 1991 LST map for the year 2011 LST map for the year 2018
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Figure 3: LST Maps for the years 1991, 2011, and 2018.

LST of urban areas shows higher value as compared to outside the urban boundary, and most of the pixels representing higher
temperatures are within urban boundaries. The effect of low built-up density of an area on LST can be clearly understood by
analyzing the non-urban zone with the urban zone, as the temperature of the non-urbanized zone is lower as compared to the LST
of the area within the urban area. The red color in figure 3 indicates high temperatures in the center part of the city and blue color
shows the low temperature in figure 3 which comes under the vegetation area. The temperature is low in the countryside because
of green vegetation. Urban areas show higher temperature pixels due to the presence of impervious surfaces like built-up areas
and anthropogenic materials in urban areas compared to rural areas. The pattern of LST for the entire study does have been
changed significantly throughout the years. It can see clearly from the maps LST of urban areas is higher than LST of the non-
urbanized area, thus indicating the existence of a clear SUHI over Kota Kinabalu. Out of all the three-year LST map shows
noticeable SUHI effects with clear contrast in temperature of the urban and rural areas. In general, the expansion SUHI
influenced by population growth and in-migration because Kota Kinabalu provides most industrial, commercial activities
concentrated in Kota Kinabalu.
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Graph Bar 1: Graph bar show value maximum and minimum temperature for the years 1991, 2011 and 2018

The graph shows maximum value for urban area LST temperature for the year (34 Celsius degree) 1991, (31 Celsius degree)
2011 and (34 Celsius degree)2018 were 35, 31 and 34. And the hand vegetation maximum value 23 Celsius degree, 22 Celsius
degree, and 23 Celsius degree for the years 1991, 2011 and 2018. The different 12 Celsius degree between maximum
temperature for urban and vegetation for the year 1991, 9 degrees Celsius degree for 2011 and 11 Celsius degree for 2018.

LANDSCAPE INDICES: NDVI, NDBI, AND LWSI
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Figure 4: NDVI map for the years 1991, 2011 and 2018.

NDVI is one of the best extensively used index which can analyze the satellite data and monitoring of vegetation cover. The
pixel value of NDVI varies between -1 and + 1. Higher values of NDVI specify healthier and richer vegetation. The is an
observable change in vegetation covers. From the observation for the year 1991, the maximum value of NDV1 0.8 and minimum
is a -0.8, the maximum 0.8 and minimum -0.7 for 2011 and for 2018 the maximum 0.6 and minimum is a -0.3. it is observed that
these three years' negative values of NDVI were found in urban which specifies that nonappearance of vegetation or little flora
cover. Figure 4 shows that there was a decrease in the NDVI area from 1991, 2011 and 2018 because of urbanization. NDVI of
2018 indicates the lowest NDVI in center urban which is the due increase of urbanization in this study area.
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Figure 5: NDBI map for years 1991, 2011 and 2018

NDBI is used to automate the process of built-up mapping. The maximum for NDBI for 1991 is 0.6 and the minimum is a -0.9,
the maximum for 2011 is a 0.6 and minimum -0.8 and for 2018 the maximum is a 0.4 and minimum -0.5. Figure 5 shows that the
high NDBI was distributed principally in the city center but over time the areas with high NDBI expanded from the city center to
the urban fringe. Figure 4 shows there was an increased area of NDBI from the years 1991, 2011 and 2018.

LSWI Map for the year 1991 LSWI Map for the year 2011 LSWI Map for the year 2018
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Figure 6: LWSI map for years 1991, 2011 and 2018.

For LWSI, the minimum and maximum values of the year 1991 were -0.6 and 0.9 respectively. In contrast, the observations of
the year 2011 show that the minimum and maximum values of LWSI were -0.6 and 0.8, respectively. For the year 2018, the
minimum value was -0.7 and the maximum value was 0.6. The high evaporation from water bodies leads to obvious “oasis
effects” of water bodies and plays an important role in reducing surrounding surface air temperature. The NDBI or urban areas,
on the other hand, were found to show higher LST values 28 degree Celsius compared to vegetation.

LINEAR CORRELATION LST x NDVI x NDBI x LWSI
The influence of vegetation cover in urban temperature has been extensively documented. However, there are few studies in

tropical cities and medium-size cities including Kota Kinabalu. To explore the relationship between surface temperatures and the
presence of vegetation scatter of LST and NDVI was generated. The 32 random samplings have been done in order to see the
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relationship. From the observation, it was obvious that the value of the coefficients between LST vs NDVI was good in the forest
with R20.97.

Linear Correlation LST X NDBI X NDVI X LWSI

1.5

(1)

35 40

NDBI, NDVI and LWSI

R*=0.970
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@® NDBI ® NDVI ® LWSI Linear (NDBI) Linear (NDVI) Linear (LWSI)

Figure 7 shows the linear correlation between LST with NDVI, NDBI, and LWSI.
The 32 random samplings have been performed on LST and NDBI data. From the observation, it is obvious that the correlation
between LST and NDBI was significantly positive with R2 0.95 as can be seen from Figure 7. On the other hand, there 32
random samplings have been tested on LST and NDVI and LWSI. This shows that their negative correlation between LST and

NDVI with R2 0.97. Besides that, we were found the correlation between LST and LWSI was significantly negative with R? 0.93

LANDSCAPE INDICES (NDVI, NDBI, AND LWSI) IMPACT TO LST

Line Chart Shows LST, NDVI, NDBI and LWSI years 1991, 2011 and 2018
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Figure 8: line chart LST, NDVI, NDBI, and LWSI for years 1991, 2011 and 2018.

Based on the line bar while the value LST (37.71) at sample no 29 for the year 2018 the value NDBI (0.24), NDVI (-0.42),
LWSI (-0.25). Second, the sample 16 shows LST 2018 were (26.13), NDBI (-0.061), NDVI (0.11) and LSWI (0.13) and third
example at sample 20 where LST 1991 shows (28.6), NDVI (-0.08), NDBI (0.07) and LSWI (-0.056). That mean distribution
intensity of LST varied over time, and the spatial pattern changes in LST were highly affected by landscape indices namely
NDVI, NDBI, and LSWI. This result shows that high-value LST, with the highest percentage NDBI relative to the study area,
was the warm city. This landscape has a greater impact on LST.
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Figure 9 shows the correlation LST between Distance (KM) from the center city.

Based on figure 7 we examined the relationship between LST and the distance to the city center, presented the curves with
positively significant with R2 with 0.9607 for 1991, 0.9758 for the year 2011 and 2018 0.9673. the distribution of LST at Kota
Kinabalu varied over time and the spatial pattern changes in LST were highly affected by proximity to the city center. The value
of LST increase when the distance from the center city decreased.

CONCLUSION

The spatial pattern of LST and it is influenced factor landscape NDVI, NDBI and LWSI were studied. However, the spatial,
diurnal, seasonal variation of the SUHI, inter-annual variability and long-term trend remain poorly understood primarily due to
data limitation. The limitation because of located in a tropical climate which always covers by clouds. The data of Landsat has
been a wavelength visible and thermal band which as mentioned at the dataset can’t penetrate the cloud. This study only
managed to derive the LST pattern at Kota Kinabalu only for the years 1991, 2011 and 2018. We derived LST pattern at Kota
Kinabalu for year 1991, 2004 and 2016 using Landsat Images and explored LST patter and it is influencing factor landscape
NDVI, NDBI, and LWSI. Our result shows that LST positively correlated with NDBI but strongly negatively correlated with
NDVI and LSWI. We concluded that three indices are closely related to LST. The LWSI and NDVI can form an urban cool
island and has cooling potential to surface urban heat island while lower LST corresponds to natural elements of urban green and
blue infrastructures. Previous studies also demonstrated the water index and vegetation indices could form local island in the
daytime (Sun et al., 2012; Sun and Chen, 2012; Theeuwes et al., 2013). Our results support their findings and demonstrated that
LWSI and NDVI, as a critical natural element in urban areas, can be used to mitigate heat island effect and to improve the urban
heat island. The mitigation effect of selected landscape indices can be factor need to consider by urban planner and policymaker
to achieve a sustainable and green city. For example, the value of LST temperature at nearby wetlands and rivers is a 27 degree
Celsius compared high density urban with 34 degree Celsius. Besides the green city, nowadays the previous studies show the
urban blue infrastructure (UBI) has influences the LST. The previous study reported that UBI could significantly cool the surface
or air temperature in the surrounding urban area (Inard et al., 2004; Steeneveld et al., 2014; Sun and Chen, 2012; Theeuwes et
al., 2013). This work can provide a strong information base of temperature change over time to the common people as well as the
policymakers. Based on the investigation of the factors responsible for local temperature display, few factors as mentioned above
as the major regulatory, policymakers can get guidelines regarding minimizing the effect of temperature rise. Besides that, we
were found the distance from center city has influenced that LST. Our results show that LST is correlated to location of city
center. The value of LST decreases with distance from the center city increased. The SUHI in Kota Kinabalu was principally
distributed of SUHI intensity in the city center in 1991 but expanded to near suburban in 2011 and 2018. Our results indicated
that while selected land coverage indices are the determinant for LST and SUHIs, spatial proximity and location were also
important influences. This research improves our understanding of LST and SUHI in medium cities such as Kota Kinabalu and
should be helpful for the policymaker to formulate countermeasures to mitigate the effects of SUHI and create more sustainable
and environmentally friendly cities.
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