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Abstract: This study investigated the spatiotemporal changes of land use land cover (LULC) and its
impact on land surface temperature (LST) in the Galle Municipal Council area (GMCA), Sri Lanka.
The same was achieved by employing the multi-temporal satellite data and geo-spatial techniques
between 1996 and 2019. The post-classification change detection technique was employed to determine
the temporal changes of LULC, and its results were utilized to assess the LST variation over the
LULC changes. The results revealed that the area had undergone a drastic LULC transformation.
It experienced 38% increase in the built-up area, while vegetation and non-built-up area declined
by 26% and 12%, respectively. Rapid urban growth has had a significant effect on the LST, and the
built-up area had the highest mean LST of 22.7 ◦C, 23.2 ◦C, and 26.3 ◦C for 1996, 2009, and 2019,
correspondingly. The mean LST of the GMCA was 19.2 ◦C in 1996, 20.1 ◦C in 2009, and 22.4 ◦C in 2019.
The land area with a temperature above 24 ◦C increased by 9% and 12% in 2009 and 2019, respectively.
The highest LST variation (5.5 ◦C) was observed from newly added built-up area, which was also
transferred from vegetation land. Meanwhile, the lowest mean LST difference was observed from
newly added vegetation land. The results show that the mean annual LST increased by 3.2 ◦C in the
last 22 years in GMCA. This study identified significant challenges for urban planners and respective
administrative bodies to mitigate and control the negative effect of LST for the long livability of
Galle City.

Keywords: landscape pattern; land surface temperature; sustainable urban planning; impervious
surface; Galle City

1. Introduction

Unlike rural areas, urban centers are much more complex and dynamic as they provide the highest
rate of socio-economic footprints [1]. As cities are the central locations for capital, administration,
infrastructure, education, information, and transportation, researchers have paid comprehensive
attention to urban studies from a wide variety of disciplines over the past few decades [2]. According
to the scientific literature in the Web of Science database, a detailed search of cities began early in the
1920s [2]. From then, many attempts have been made by researchers regarding urban studies from
various viewpoints. Among them, research related to the spatiotemporal changes of land use land
cover (LULC) and its impact on land surface temperature (LST) were highlighted, and details of this
can be found elsewhere [3–5].

Multiple previous studies have well proven that urbanization is the driving force for changing
LULC in a city [6–9]. Owing to the resource pool and livability attraction, the number of city populations
has dramatically increased in the last few decades [10]. The United Nations has forecasted that 66% of
the global population is expected to be lodged in cities in 2050 [10]. On the basis of this context, cities
attempted to provide services (job, settlement, transportation, and so on) by acquiring land resources
from the city and its periphery area. This was caused by several externalities, which predominantly
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addressed it as “LULC change issues” [4,6]. Many socio-economic and environmental issues are led by
the unplanned LULC changes in an urban area. Some of these issues are irreversible and have reached
alarming levels [5]. Increasing land surface temperature (LST) is one of the urban issues. Moreover, this
issue is accelerated by unplanned LULC changes, especially in developing countries. Anthropogenic
heat sources are prominent on the urban surface, which is covered by impenetrable materials, including
roads, parking lots, industrial and commercial areas, and so on. Impenetrable materials encourage both
radiation rapping during the day [11] and re-radiating, which is known as “heat back”, at night [12].
This phenomenon is majorly the reason LST increases in urban areas, as proven by research [13].
Consequently, city planners and researchers are concerned about elevated temperature owing to
its effect on socio-economic (human health and energy [14,15]) and environmental (air quality and
water [4,16]) attributes required for the wellbeing of urban dwellers [17]. Thus, research on LST and its
effect is becoming the major focus among the information-avid scientific community.

Identification of the LST pattern by temporal viewpoint is essential to understand LST behavior
and its responsiveness for LULC changes [18–21]. Several researchers have also stated that multiple
time points Landsat data set provides a more accurate temporal comparison on LST rather than a
single snapshot of Landsat image [18,22]. However, the acquisition of multiple time points data is
not an easy task owing to cloud disturbances, especially in the tropical region. This obstacle was
managed using a more sophisticated and user-friendly mapping system, which is known as the Google
Earth Engine (GEE) [22]. It has various kinds of remote sensing (RS) applications, including over 30
years of Landsat historical data archives [23–25]. There are several benefits of RS, including (i) being
freely available [26], (ii) solution for data unavailability, (iii) being applicable to inaccessible areas,
(iv) less fieldwork, and (v) software compatibility. Thus, GEE-based Landsat data were utilized for the
calculation of annual median LST and LULC information. Excluding this, traditional research based
on field activity is time-consuming, not applicable for large scale research, and not cost-effective [27].

Changing of LULC is a continuous process on Earth’s terrestrial surface [28,29]. Nevertheless,
its changes in an urban environment are quite different. Owing to the complex anthropogenic activities,
a profound dynamic change in an urban area can be monitored. Generally, the urban area has expanded
by acquiring lands from its surroundings. Moreover, LST responsiveness can indicate the difference
even in the same urban area [19]. Hence, studying this dynamic system is much more important not
only for understanding LST variation on LULC types, but also socio-economic and environmental
implications. Additionally, different types of LCLU have their own LST behaviors [30,31]. Therefore,
it is required to identify the composition of existing LULC as much as a precise level to compute its
contribution to LST variations. Nevertheless, identification of land use and land cover types in a
complex urban environment is a challenging task. Hence, theoretically roughness, practical oriented
remote sensing (RS), and geographic information system-based LULC classification technique were
widely used by researchers [19].

In this research, the Galle Municipal Council area (GMCA) was selected as the study area. Galle City
is the landmark of the GMCA and is as popular as a coastal city. Mainly, it is accessible on both marine
(natural harbor) and terrestrial surface (southern highway and west-coast line, which is known as Galle
road or A2 road) [32]. As evidence suggests, GMCA has undergone rapid urban development over the
last two decades [32]. In terms of population size and number of commuters, Galle is the fourth largest
municipality [32] and the essential administrative capital of the Southern Province of Sri Lanka. It
performs a number of functions including the regional administrative, education, and tourism industry,
plus transportation and economic activities. Owing to these functionalities, a massive urban expansion
and LULC changes have taken place in GMCA in the last two decades. However, research related to
the land-use changes and its impact on LST was lacking in the study area. Regarding this content,
the importance of GMCA was identified using literature [33–35], development plans [32], and field
investigation. These were some factors that inspired the choice of this research title. In this empirical
study, RS and GIS techniques are employed to detect spatiotemporal changes and land-use patterns.
This is to answer the query of how the LULC has changed and its influence on LST variation in GMCA
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in 1996, 2009, and 2019. The purpose of this study was to compute how different urban LULC and
their changes affect LST variation. The study also aims to find how these relationships compare and
contrast between the spatial and temporal aspect.

2. Materials and Methods

This section is completed with a comprehensive explanation of the methodology and the materials
used in the study. It goes from the study area to spatial calculation as seven sections by elaborating
necessary steps.

2.1. Study Area

The seaside city of Galle is bordered by the Indian Ocean from south and southwest, and is the
provincial capital city of the Southern province, Sri Lanka. It is located in the down south coast 116 km
away from Colombo [32]. From the biophysical aspect, agroclimatic regain of the city goes within the
wet zone. Moreover, the city experiences a monsoon distribution of rainfall, which receives 2377.9 mm
per year [32]. The average daytime ambient temperature is 26.7 ◦C [32], while humidity ranges from
80% to 88% [32]. Excluding a few isolated hills, which are around 60–160 feet, other areas are lowland,
including marshes and water bodies.

From the socio-economic viewpoint, Galle City is an active place where many inheritances live
and work because of the main economic center located in the Southern province [33]. Galle natural
harbor serves as one of the most dynamic regional ports and its only Sri Lankan port that facilitates
yachts for pleasure. For its natural beauty and archaeological value, Galle City is a famous tourist
destination for both locals and foreigners. In 1988, the United Nations Educational Scientific and
Cultural Organization (UNESCO) declared the Galle fort as a world heritage site by naming it as the
“Old Town of Galle and its Fortifications”. In this research, GMCA was selected (Figure 1) and is
bounded by 6.025330◦ to 6.062277◦ latitude and 80.174328◦ to 80.250181◦ longitude, covering 1821 ha.
Under the provisions of the urban council ordinance of 1865, Galle has been established as the third
municipal council of Sri Lanka [32].
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Image (access date on 10 March 2020).

2.2. RS Data Acquisition

There might be a minor seasonal change in GMCA that can slightly affect the land cover, especially
for vegetation and water bodies. However, on the basis of the information given in Table A2, significant
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air temperature variations were not observed. In addition, there were no extreme cases (snow or
drought). Further, past researchers have also hypothesized that the use of more Landsat images to
cover the year would produce reliable data sets [18,25]. Moreover, such kinds of datasets can be
used for temporal comparison, with more details provided in the introduction section. In this regard,
a cloud-based remote sensing data platform GEE was used to generate annual average data sets [36,37].
GEE is an application programming interface, and it is a free tool. It provides radiometric-calibrated and
atmospheric-corrected Landsat level 2 data powered by United States Geological Survey (USGS) [38].
Additionally, GEE supports various kinds of spatial analysis and applications, including time-series
analysis [36]. In the data acquisition process, the following steps were accomplished.

i. Annual average Landsat data sets were selected by applying the study area as a geometry region.
The masking method was applied to remove the cloud areas owing to cloud disturbance in the
available Landsat imageries.

ii. The image collection tool in GEE was applied [25] to prepare the imagery for the study, including
fourteen images for 1996 (Landsat-5), sixteen images for 2009 (Landsat-5), and sixteen images for
2019 (Landsat-8). Details of the Landsat images with date and time are summarized in Table A2.

iii. Single data sets were produced for each year using GEE functions [18,25]. Multispectral bands
(radiance values) and annual median at-satellite brightness temperature (Kelvin) were generated
and downloaded as basic data sets.

iv. Classification of LULC and derivation of LST was carried out using the above basic data sets.

2.3. Image Classification and LULC Change Detection

Updated LULC information was not available to cover the investigation period. This obstacle
was managed using image classification techniques, as numerous studies have demonstrated [39,40].
The process is complex and requires the consideration of several steps. First, it involves selecting
the appropriate classification method. Though there are various kinds of classification techniques;
the random forest (RF) method is still popular among researchers who attempt to identify the LULC
information from medium resolution remotely sensed data [41,42]. RF is a machine learning method
that supports the pixel-oriented supervised classification environment. Owing to popularity, theoretical
roughness, and applicability with selected data sets, the RF method was chosen. Second, four types
of LULC (built-up, vegetation, water, and others) were classified, and the attributes of each type are
presented in Table 1.

Table 1. Description of land use land cover (LULC) types and their codes.

LULC Types Description Code

Built-up The anthropogenic or built environment, including residential, industrial, commercial, local streets,
roads, and other urban areas. BU

Waterbody Areas covered by freshwater (river and ponds) and brackish water (River mouth of Gin Ganga). WB
Vegetation All types of vegetated or greenest land, including forest, agriculture, shrubs, and parks. VG

Non-built-up Rest of all LULC types that are not covered by the above three categories. NBU

Finally, majority filters and hybrid classification methods were employed to resolve misclassification
error (salt-and-pepper noises) generated by spectral confusion [43]. These methods are still popular
among researchers who have adapted with a supervised classification technique [44–46].

2.4. Accuracy Assessment of Classification

Four hundred training sampling points were generated by a stratified random sampling method
for each year [19], and an accuracy assessment was conducted for each LULC type. Google Earth’s
historical imageries were facilitated for creating ground reference data in 2019 and 2009. Owing to
the low spatial resolution on Google Earth’s historical imageries for 1996, the information was not
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clear. Thus, LULC information was observed with visual interpretation by generating different band
combinations [19,47]. Finally, overall accuracy was calculated for each year using a confusion matrix.

2.5. LULC Changes

LULC change detection is a significant factor in the urban study, environmental change, and
urban expansion monitoring. Timely and precise LULC change determination is a quite challenging
task, but it is essential for a better understanding of the temporal changes [19,40]. In this research, the
post-classification change detection method was chosen, and cross-tabulation was done by selecting
pixel by pixel in pairs of two different years (1996 vs. 2009, and 2009 vs. 2019). This method was
commonly used in similar studies, and its details can be found elsewhere [3,19].

2.6. Computation of LST

LST was calculated using pre-processed Landsat datasets (Section 2.2). Annual median at-satellite
brightness temperature in Kelvin was transformed into degrees Celsius (◦C) as emissivity corrected
LST. In the process, the following steps were completed.

First, the normalized difference vegetation index (NDVI) [48] was calculated (Equation (1) [49]) in
order to compute the proportion of vegetation.

NDVI =
ρNIR− ρRED
ρNIR + ρRED

(1)

where ρNIR refers to the surface reflectance values of band 4 (Landsat-5 Thematic Mapper and band 5
(Landsat-8); and ρRED refers to the surface reflectance values of band 3 (Landsat-5 Thematic Mapper)
and band 4 (Landsat-8 Operational Land Imager).

Second, the proportion of vegetation was calculated [47,50,51] (Equation (2)).

Pv =

(
NDVI −NDVImin

NDVImax −NDVImin

)2

(2)

where Pv represents the amount of vegetation or proportion of vegetation, NDVI represents normalized
difference vegetation index, NDVImin represents the minimum values of the NDVI, and NDVImax

represents the maximum value of the NDVI.
Third, land surface emissivity (ε) was calculated from Equation (3).

ε = {mPv + n} (3)

where ε is land surface emissivity and m and n are the functions of soil emissivity and vegetation
emissivity, respectively. Pv is proportion of vegetation (Equation (2) [50]). m = (εv − εs) − (1− εv); Fεv

and n = εs + (1− εs) Fεv, where εs and εv are the soil emissivity and vegetation emissivity, respectively.
In this study, we used the result of Sobrino et al. (2004) [51] for m = 0.004 and n = 0.986.

Fourth, and finally, emissivity corrected LST was calculated (Equation (4)).

LST = TB/1 + (λ× TB/ρ)ln ε (4)

where TB is at-satellite brightness temperature in Kelvin; λ is the central-band wavelength of emitted
radiance (11.45 µm for band 6 [52,53] and 10.895 µm for band 10 [54]); ρ is h × c/σ (1.438 × 10−2 m K),
where σ is the Boltzmann constant (1.38 × 10−23 J/K), h is Planck’s constant (6.626 × 10−34 Js), and c is the
velocity of of light (2.998 × 108 m/s); and ε is land-surface emissivity estimated using Equation (3) [51].
Then, calculated LST values (Kelvin) were converted to degrees Celsius (◦C).
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2.7. Spatial Calculations

Spatiotemporal changes of LST by LULC types were calculated to determine the responsiveness
temperature according to landscape changes. In this approach, changes in BU and VG were mainly
focused on the pairs of two different years. In the process, the following steps were carried out. First,
five types of changes were identified as follows: persistence built-up (PBU), persistence vegetation
(PVG), the gain of built-up from others (GBUO), the gain of built-up from vegetation (GBUVG), and the
gain of vegetation from others (GVGO). Second, the mean LST of the above five types was extracted
and compared with previous time points to determine the temporal variation of LST. Finally, graphs
and tables were produced to present spatiotemporal changes of LST by LULC types in the GMCA.
In this spatial calculation process, the water body was excluded owing to two reasons: (i) it covers only
1% of the study area and (ii) no significant changes were observed from changes detection analysis.

3. Results

The results are presented as tables (descriptive statistical), figures (map and charts) with
comprehensive details, and the necessary explanation by text.

3.1. Dynamic of LULC

The overall accuracy of the LULC maps (Figure 2a–c) for 1996, 2009, and 2019 was 93.25%, 91.5%,
and 96%, correspondingly. Spatiotemporal changes in LULC maps generated for the GMCA are
presented in Figure 2a–c. Meanwhile, a descriptive statistic of the changes in land LULC and its
percentage values are presented in Figure 2d. Mainly, BU areas steadily increased over the study
period, starting from 628.4 ha (1996) to 1391.6 ha (2019). Rapid development was observed between
1996 and 2009, as shown in Figure 2d. About 577.5 ha (32%) of new BU land has been added from 1996
to 2009. Mainly, urban expansion has taken place in north, east, and northwest directions from the city
center (Figure 2a–c). VG areas have gradually declined, and its temporal changes were observed as
852.1 ha (47%) in 1996, 452.3 (25%) in 2009, and 375.4 (21%) in 2019. The irregular spatial distribution
pattern was observed from VG, but fairly higher density areas can be seen away from the main city,
especially on the north side, as shown in Figure 2a–c. In 1996, NBU was 14% (255.8 ha) of the total area.
However, it declined to 2% (32.7 ha) in the last two decades. The WB was only about 1%, and there
were no significant changes in WB over the investigation period. Generally, a mixture of LULC types
can be seen in both 2009 and 2009, rather than the isolated land fraction.
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3.2. The Spatiotemporal Distribution Pattern of LST

The spatiotemporal distribution of LST in 1996, 2009, and 2019 of the GMCA is shown in
Figure 3a–c, respectively. Numerous researchers explain (theoretically and practically) that the range of
numerical values has no scientific impact other than to explain the research area in relative terms [55–57].
Other than this, LST zonation maps are more convenient for comparison rather than the range’s
value. Hence, the range’s values of LST were divided into five zones as follows: less than 18 ◦C (Z1),
18~20 ◦C (Z2), 20~22 ◦C (Z3), 22~24 ◦C (Z4), and greater than 24 ◦C (Z5). The result shows that Z4
and Z5 are observed around the city center, and their spatial distribution is stronger in 2019 than
the other two time points. Both Z1 and Z2 were observed by the VG on the north side, as shown in
Figure 3. Z3 was mainly observed around the mixture of LULC, especially BU and VG. From the
temporal viewpoint, Z1 and Z2 are gradually declined, while Z3-Z5 are gradually increased, as shown
in Figure 3d. For instance, the extended area of Z1 declined from 520 ha (30%) to 254.2 ha (14%),
and the Z5 increased from 83.3 (5%) to 207.4 (12%) within the investigation period (1996–2019).
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3.3. LULC Transformation and Its LST Changes

Changing of LULC is a common phenomenon in the urban expansion process, and its details
can be found elsewhere [4,19,58]. The spatial distribution of resulting LULC change maps produced
for 1996–2009 and 2009–2019 is illustrated in Figure 4a,d, respectively. Temporal LST variation over
the changes in pairs of years, and their LST difference between before and after the change, is also
illustrated in Figure 4c,d. Additionally, the same figures show the LST comparison with immediate
past time point in another way of temporal variation over the decades. Meanwhile, the descriptive
statistic of the changes (BU, VG) is presented in Table 2.

Table 2. Changes of BU and VG lands from 1996 to 2019 in the Galle Municipal Council (GMC) area.
LST, land surface temperature; PBU, persistent built-up; PVG, persistent vegetation; GBUO, gain of
built-up from others; GBUVG, gain of built-up from vegetation; GVGO, gain of vegetation from others.

Investigated LULC
Categories *

1996−2009 LST (◦C)
2009

2009−2019 LST (◦C)
2019Area (ha) Percentage Area (ha) Percentage

PBU 628.4 38.9 24.3 1265.6 71.6 26.3
PVG 379.8 22.1 18.9 268.7 15.2 21.0

GBUO 216.6 12.6 23.1 47.7 2.7 25.3
GBUVG 420.6 24.5 21.7 78.3 4.4 24.5
GVGO 72.5 4.2 19.8 106.7 6.0 20.0

* Only five types of LULC change categories, derived by the post-classification change detection method (Section 2.6).
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to 2009, (b) LULC changes from 2009 to 2019, (c) LST variations on changes land from 1996 to 2009
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non-built-up; WB, waterbody; GBUO, gain of built-up from others; GBUVG, gain of built-up from
vegetation; GVGO, gain of vegetation from others; OC, other changes; BU, built-up; VG, vegetation.

The rapid LST variation was observed from GBUVG, where VG was transformed to BU. In 1996,
the mean LST of VG was 17.1 ◦C, but it increased to 21.7 ◦C when it transferred to BU in 2009.
This emphasized that the BU area is most prominent for LST variations that the VG and its mean
LST difference was 4 ◦C, as shown in Figure 4c. Similarly, the same change pattern was observed
between 2009 and 2019; its mean LTS difference was 5.5 ◦C on GBUVG (Figure 4d). The BU area, which
expanded by acquiring land from the NBU area, has shown a mean LST increasing trend. The mean
LST of the NBU was 21 ◦C in 1996, but it increased to 23.1 ◦C after NBU change to BU. Their change
difference was 2.1 ◦C, as shown in Figure 4c. The same trend can also be observed for GBUO in
2009–2019. Thus, the mean LST difference was 4.2 ◦C, as shown in Figure 4d.

Though other LULC categories show the mean LST increasing pattern, GVGO shows mean LST
decreasing pattern, as shown in Figure 4c,d. It decreased by 1.2 ◦C and 1 ◦C between 1996 and 2009 and
2009 and 2019, respectively. The extended area of VG was upgraded by NBU, and it was 72.5 ha (4.2%)
between 1996 and 2009, while it was 106.7 ha or 6% from 2009 to 2019 (Table 2). Mainly, the NBU area
was transformed as VG in both periods. The NBU area (open land and bare land) is more prominent
for reradiating, but VG lands are resistant to it. Thus, this could be the reason for the decrease in mean
LST on GVGO.

LST on persistent land (PBU, PVG) increased in both investigated periods. The mean LST of the
BU was 22.7 ◦C in 1996, and it was upgraded to 24.3 ◦C from 1996 to 2009, presenting a 1.6 ◦C difference
between the two time points. A similar behavior pattern can also be seen in the VG area, and its LST
difference was 1.2 ◦C from 1996 to 2009 (Figure 4c). There was not an exceptional case between 2009 and
2019. Its LST difference was 3.1 ◦C and 2.0 ◦C in PBU and PVG (Figure 4d), correspondingly. Even the
persistent area denotes the constant land fraction, and significant LST differences were observed.
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If so, there should be some influence on the changes of LST on persistent land. One of the accepted
reasons could be the neighboring land cover effect, as past researchers demonstrated in LST-related
research [20,52].

4. Discussion

4.1. Urban Expansion and Its Influence on LST Changes

The results show that GMCA has undergone rapid LULC change in the last two decades, except
WB. Because of the coastal city, a one-way city expansion pattern was observed towards the northern
regions compared with others. In 1996, BU was 628.4 ha (38%), but it was upgraded to 1265.6 ha
(69%) in 2009, presenting a 31% improvement (Figure 2d). However, less urban expansion (7%) was
observed in 2019. This result enhances our understanding of the urbanization process in GMCA, and it
may be reaching its saturated level by around 2019 [59]. However, more comprehensive research
related to urban changes is required to confirm this saturation limit. As shown in Figure 2d, VG and
NBU have decreased by around 26% and 12%, respectively, from 1996 to 2019. Indeed, if there are no
considerable changes in WB, loose land of both VG and NBU should be captured by BU, the reason
could be land demand for the expanding of social needs and industrial requirement [32]. Mean LST
has increased by 4 ◦C (Figure 4c), and 5.5 ◦C (Figure 4d) on the newly added BU, which shifted from
VG, in 1996–2009 and 2009–2019, respectively. As illustrated by Figure 4c,d, the mean LST on persistent
land has increased. Moreover, its suggests that there is a higher possibility of increasing the overall
temperature in the future. Further, LST behavior can also be imagined by examining the following key
points: (i) the trends of decline on lower LST zones and incline on higher LST zones (Figure 3d); and (ii)
mean LST in three-time points were observed as 19.2 ◦C, 20.1 ◦C, and 22.4 ◦C in 1996, 2009, and 2019,
respectively. As stated above, neighboring LULC might be affected owing to LST variation in both PBU
and PVG. As built-up area is made up of impermeable materials, radiation back to the atmosphere
is a common phenomenon, as evidenced by past studies [4,12]. This reason might be affected by the
LST variation of PBU. In 2009, vegetated land scattered as small land fractions (Figure 2c) showed a
mixed land use pattern with built-up area. A mixture of land use could be the reason for increasing the
LST on PVG as well [60]. However, it is noted that detailed research is required to prove how to effect
neighboring and mixture of land use for the LST variation.

4.2. The Implication of the Results for Urban Development

Owing to the use of impenetrable materials (asphalt, concrete, brick, stone, and rooftops, among
others), built-up area functions as a heat source in the daytime by encouraging radiation back to
the atmosphere, which is known as the “heat back” phenomenon. Owing to lower thermal inertia
and transpiration, the land fraction consisting of a VG generally decreases the magnitude of LST
(Figure 3). Additionally, land fractions that transferred into VG from others (Figure 4c,d) showed LST
deterioration trends, which could prove the power of green to control the effect of LST in an urban
area. Regarding this context, city planners of GMCA can consider the concept of a green city [61,62].
Moreover, urban development strategies should be lined up with a sustainable development goal [9,63].
The previous research has proposed various kinds of greening applications for the urban area [61,62],
including green walls and green roof (for low- and high-rise buildings), green zones (for the residential
area), green belt (for road and riverbank), and urban agriculture [64,65].

On the basis of such information, green space can regulate the negative impact on a high
temperature in an urban environment, and even a small park can make a cold surface [66]. Galle, as a
tropical evergreen city, can apply these green city concepts not only for controlling LST effect, but also
for enhancing its scenic beauty as a tourist interaction factor. Changing the regional climate is one of
the negative impacts on LST that can affect several sections. This is most especially the case of the urban
community in both residents and commuters. As noted in Section 2.1, Galle is an important tourist
destination, and there are many tourist hotels in Galle City. When the temperatures increase locally,
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it has a direct influence on the tourist industry. Usually, travelers do not enjoy high temperatures, and
the service provider must use more energy for indoor air regulator (Air conditioner machine) at hotels
and in travel vehicles. Further, other economic activities and human health also can be affected by
thermal discomfort [15], including heat stress and an uncomfortable living environment in working
and living places.

From a regional or global aspect, making a bottleneck for urban expansion is impossible, and the
elimination of the LST effect is not feasible. Thus, it is required in understanding effective mitigation
and adaptation measures for urban livability [17]. One possible application is changing the method of
land utilization for urban expansion. In the field investigation stage, we observed that horizontal urban
development is more common than the vertical development in the GMCA. Spatiotemporal changes of
LULC revealed that horizontal urban expansion had occurred by converting the NBU and VG into
BU. Hence, it is necessary to encourage vertical urban development instead of horizontal to minimize
unbearable LULC changes [16,19]. Additionally, low-cost natural ventilation is a suitable solution to
regulate indoor air temperature in the office and settlement [67,68]. Hence, building planners can
change the orientation of the new building by considering wind flow. The respective administrative
bodies and city planners can use the output of this research for future planning.

4.3. Limitation of the Study

It is noted that the values of LST in each time point were dependent not only on LULC categories,
but also on other biophysical attributes. It included wind speed, surface moisture, humidity, and
intensity of solar radiation, which might not be temporally stable or stationary when the source
satellite thermal band was captured [69]. These factors did not have a primary impact on the final
results because Landsat level 2 (radiometric-calibrated and atmospheric-corrected) data were used.
Further, this study attempted to analyze the spatial pattern of the LST rather than the absolute values
on a temporal comparison aspect. Additionally, the total thermal budget is not the result of the
daytime temperature, but also nighttime temperature [70]. However, it may not be practical to estimate
nighttime LST with Landsat data. Furthermore, validation of the results is critical over large spatial
and temporal scales when using satellite observations in thermal-infrared (TIR) channels [71,72], and it
is a time-consuming task. Hence, I would like to note that the results might have been interpreted in
light of these limitations.

5. Conclusions

This study empirically investigated the spatiotemporal charges of both LULC and LST using
remote sensing data in the GMCA from 1996 to 2019. The geospatial approaches were used for
examining the LULC change pattern and its influence on the variation of LST by focusing on BU
and VG. The results of the research revealed that GMCA had undergone rapid urban development.
Moreover, it has expanded by 31% from 1996 to 2009. However, less urban expansion has taken place
in the last decade (2009–2019). VG and NBU area gradually declined, while the WB area was stable
over the investigation period. The highest LST variation was observed from newly added BU, which
transferred from VG. Meanwhile, the LST declining trend was observed on newly added VG.

Indeed, the results revealed that the annual mean LST increased by 3.2 ◦C in the last 22 years in
GMCA. The results indicated that there is a higher possibility for the continuation of urban expansion.
In addition, it could be affected by the existing vegetated area. So, there is an immediate need for new
land transformation policies and mechanisms to mitigate the negative effect on LST for the future
sustainability of urban development. The proposed method can be applied to other cities by making
necessary calibration on data. Finally, we conclude that the results of this work can be used as a
reference for urban planning and land use development for making an environmentally friendly,
socially acceptable, and economically accountable city in GMCA.
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Appendix A

Table A1. Abbreviations are used in this manuscript.

Acronyms Meaning

LULC Land use land cover
LST Land surface temperature
GEE Google Earth Engine
GMCA Galle Municipal Council area
UNESOC United Nations Educational Scientific and Cultural Organization
FR Random forest
NDVI Normalized difference vegetation index
BU Built-up
WB Waterbody
VG Vegetation
NBU Non-built-up
PBU Persistence built-up
PVG Persistence vegetation
GBUO Gain of built-up from others
GBUVG Gain of built-up from vegetation
GVGO Gain of vegetation from others

Table A2. Properties of the Landsat images (Level 2) used in this study.

Sensor S. No. Landsat ID Acquisition
Date

Time
(GMT) *

Day Time Air
Temperature (◦C) **

Landsat 5
(Thematic Mapper)

1 LT05_L1TP_141056_19960221_20170105_01_T1 1996-02-21 04:00:09 30.3
2 LT05_L1TP_141056_19970223_20161231_01_T1 1996-02-23 04:19:42 31.0
3 LT05_L1TP_141056_19960324_20170105_01_T1 1996-03-24 04:02:15 34.7
4 LT05_L1TP_141056_19960425_20170105_01_T1 1996-04-25 04:04:13 31.3
5 LT05_L1TP_141056_19960527_20170104_01_T1 1996-05-27 04:06:05 30.2
6 LT05_L1TP_141056_19970530_20161231_01_T1 1996-05-30 04:23:12 30.8
7 LT05_L1TP_141056_19960714_20170104_01_T1 1996-07-14 04:08:39 28.1
8 LT05_L1TP_141056_19960730_20170103_01_T1 1996-07-30 04:09:30 28.7
9 LT05_L1TP_141056_19970717_20161231_01_T1 1996-07-17 04:24:51 28.5

10 LT05_L1TP_141056_19960815_20170103_01_T1 1996-08-15 04:10:20 29.0
11 LT05_L1TP_141056_19970802_20161230_01_T1 1996-08-02 04:25:23 29.2
12 LT05_L1TP_141056_19970919_20161229_01_T1 1996-09-19 04:26:49 29.4
13 LT05_L1TP_141056_19961002_20170103_01_T1 1996-10-02 04:12:57 28.9
14 LT05_L1TP_141056_19961119_20170101_01_T1 1996-11-19 04:15:17 31.2

Day time mean annual air temperature in 1996 is 30.1 ◦C

Landsat 5
(Thematic Mapper)

1 LT05_L1TP_141056_20090107_20161028_01_T1 2009-01-07 04:39:10 32.5
2 LT05_L1TP_141056_20090123_20161028_01_T1 2009-01-23 04:39:36 30.8
3 LT05_L1TP_141056_20090208_20161028_01_T1 2009-02-08 04:40:01 30.6
4 LT05_L1TP_141056_20090224_20161027_01_T1 2009-02-24 04:40:25 31.0
5 LT05_L1TP_141056_20090312_20161027_01_T1 2009-03-12 04:40:47 31.8
6 LT05_L1TP_141056_20090328_20161027_01_T1 2009-03-28 04:41:08 33.0
7 LT05_L1TP_141056_20090429_20161026_01_T1 2009-04-29 04:41:46 30.8
8 LT05_L1TP_141056_20090515_20161026_01_T1 2009-05-15 04:42:04 30.4
9 LT05_L1TP_141056_20090616_20161025_01_T1 2009-06-16 04:42:39 30.0

10 LT05_L1TP_141056_20090718_20161023_01_T1 2009-07-18 04:43:13 29.6
11 LT05_L1TP_141056_20090803_20161022_01_T1 2009-08-03 04:43:27 29.5
12 LT05_L1TP_141056_20090819_20161022_01_T1 2009-08-19 04:43:41 29.0
13 LT05_L1TP_141056_20090904_20161025_01_T1 2009-09-04 04:43:56 29.4
14 LT05_L1TP_141056_20090920_20161025_01_T1 2009-09-20 04:44:08 29.3
15 LT05_L1TP_141056_20091006_20161020_01_T1 2009-10-06 04:44:19 28.7
16 LT05_L1TP_141056_20091209_20161017_01_T1 2009-12-09 04:44:53 30.0
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Table A2. Cont.

Sensor S. No. Landsat ID Acquisition
Date

Time
(GMT) *

Day Time Air
Temperature (◦C) **

Day time mean annual air temperature in 1996 is 30.4 ◦C

Landsat 8
(Operational Land

Imager and
Thermal

Infrared Sensor)

1 LC08_L1TP_141056_20190103_20190130_01_T1 2019-01-03 4:54:11 29.3
2 LC08_L1TP_141056_20190220_20190220_01_T1 2019-02-20 4:54:02 33.5
3 LC08_L1TP_141056_20190308_20190324_01_T1 2019-03-08 4:53:57 30.3
4 LC08_L1TP_141056_20190324_20190403_01_T1 2019-03-24 4:53:53 33.1
5 LC08_L1TP_141056_20190409_20190422_01_T1 2019-04-09 4:53:49 32.1
6 LC08_L1TP_141056_20190511_20190521_01_T1 2019-05-11 4:53:51 31.0
7 LC08_L1TP_141056_20190527_20190605_01_T1 2019-05-27 4:54:00 30.8
8 LC08_L1TP_141056_20190612_20190619_01_T1 2019-06-12 4:54:07 29.4
9 LC08_L1TP_141056_20190628_20190706_01_T1 2019-06-28 4:54:12 31.0

10 LC08_L1TP_141056_20190714_20190719_01_T1 2019-07-14 4:54:16 30.5
11 LC08_L1TP_141056_20190730_20190801_01_T1 2019-07-30 4:54:21 30.0
12 LC08_L1TP_141056_20190831_20190916_01_T1 2019-08-31 4:54:31 29.1
13 LC08_L1TP_141056_20191002_20191018_01_T1 2019-10-02 4:54:40 30.9
14 LC08_L1TP_141056_20191018_20191029_01_T1 2019-10-18 4:54:43 31.7
15 LC08_L1TP_141056_20191103_20191115_01_T1 2019-11-03 4:54:42 28.7
16 LC08_L1TP_141056_20191119_20191202_01_T1 2019-11-19 4:54:39 31.6

Day time mean annual air temperature in 1996 is 30.8 ◦C

* Sri Lanka is 5 h and 30 min ahead of Greenwich Mean Time (GMT). ** Data source: Department of Meteorology,
Sri Lanka.
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