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Abstract 

Background Urban heat island (UHI) is an urban climate phenomenon that primarily responds to urban condi‑
tions and land use change. The extent of hard surfaces significantly influences the thermal properties of the land. To 
address this issue, a novel approach quantifying the association between land use and UHI is developed. This study 
offers a new technique for effectively estimating the effect of land use on the UHI intensity using the combination 
of urban heat intensity index (UHII) and land contribution index (LCI) derived from Landsat 8 OLI images. The time‑
series thermal effect of land use on the UHI intensity can be determined according to the ratio in mean temperature 
between specific land use and the whole study site. The study was conducted in the Hulu Langat district, Malaysia 
during 2014–2021.

Results The UHI intensity rose from 0.19 in 2014 to 0.70 in 2021. The negative value of LCI for vegetation areas 
and water bodies obtained its negative contribution to the urban heat island, while the positive value of LCI for bare 
areas and built‑up areas showed its positive effect on the urban heat island. The LCI value for urban areas showed 
a significant increase in the 7 years such as 0.51, 0.66, 0.69, and 0.75 for periods 2014, 2016, 2018, and 2021, respec‑
tively. The change in LCI from 2014 to 2021 for the transformation of bare area and forest was recorded to be 0.23 
and − 0.02, respectively. Thus, the conversion of forests into urban areas had a negative effect on the increment of UHI 
intensity. 

Conclusions Overall, these findings are useful for policy‑making agency in developing an effective policy for reduc‑
ing high UHI intensity and planning long‑term land use management.
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Background
In this decade, urbanization and migration have been 
the most influential anthropogenic activities (Zhou et al. 
2019; Roy et  al. 2022). The rapid increase in population 
and people’s movement from green areas to crowded 
areas result in urban and suburban environmental insta-
bility (Wang et  al. 2020; Rendana et  al. 2022; Correia 
Filho et  al. 2023). Several studies have reported urbani-
zation process will alter the energy and water cycle and 
influence air diffusion (Cai et  al. 2019; Wei et  al. 2021; 
Karuppasamy et  al. 2022). Thus, studying the urban cli-
mate and other related factors is necessary to learn more 
about consequences of  urbanization. The difference in 
surface temperature between urban and rural areas is 
commonly referred to as the urban heat island (UHI). 
This occurrence coincides with the expansion of urbani-
zation as a result of changes in urban thermal character-
istics, which increase the surface temperature in urban 
land.

Currently, with the advantage of extensive spatial cov-
erage and temporal data, the remote sensing technique 
using satellites can be used in various studies including 
UHI effect (Lyu et  al. 2022; Nasir et  al. 2022; Rendana 
et  al. 2021a). Several satellites such as Landsat, MERIS, 
ASTER, and MODIS data were all effective for UHI stud-
ies in different areas (Fabrizi et al. 2010; Shirani-Bidabadi 
et al. 2019; Wang et al. 2019; Deng et al. 2022). However, 
because of its large temporal characteristic and medium 
pixel resolution, Landsat 8 data are frequently chosen by 
many studies (Wang et  al. 2019; Rendana et  al. 2021b). 
For instance, Tepanosyan et  al. (2021) assessed spatial 
variation of UHI intensity in Yerevan, Armenia using 
Landsat 5 TM and Landsat 7 ETM+ data. The UHI inten-
sity in Worcester, MA, USA was also investigated using 
the Landsat 8 TIRS data by Elmes et al. (2020).

Investigations of UHI effect have been widely car-
ried out in recent years (Cheela et  al. 2021). A previ-
ous study by Rahaman et  al. (2022) revealed a strong 
positive relationship between carbon emission and 
land surface temperature (LST) and carbon emission 
and UHI (R2 > 0.79, p < 0.001), indicating that carbon 
emission made a high contribution to the LST rise and 
UHI effect. Another study in Kuwait by AlDousari et al. 
(2022) has found the conversion of 27% bare area and 
5% vegetative land into built-up area could increase 
LST by 5 °C and UHI intensity by 0.86. Kafy et al. (2022) 
found a rapid development of built-up lands in Sylhet 
City, Bangladesh would result in stronger UHI effect. 
AlDousari et  al. (2023) used the Landsat image and 
cellular automata and artificial neural network mod-
els to predict future thermal comfort zone in Kuwait. 
Their study highlighted during the future scenario, 
there was an increase in urban lands and a very high 

thermal comfort zone was majorly distributed in urban 
and bare areas. Saha et  al. (2022) revealed that urban 
development raised LST by 7  °C in summer and 6  °C 
in winter periods. Kafy et al. (2021) found a mean 4 °C 
higher LST was observed in urban land as compared 
to vegetation areas. Another study assumed that  if the 
urban expansion continuously occurred, the study area 
would sustain a temperature above 38  °C in the pre-
dicted scenario (Kafy et al. 2020). In China, Zhang et al. 
(2023) applied the artificial neural network-cellular 
automata and IWOA–LSTM models to estimate the 
alteration of LST and land use change. They found the 
area with high temperatures (> 30 °C) was developing in 
the urban area, whereas the vegetation and water areas 
with low temperatures slowly. 

Furthermore, the relationship between land use type 
and the UHI effect has recently been thoroughly inves-
tigated. The alteration of land uses is an important driver 
of intensive migration and urbanization, resulting in the 
change of landscape properties and also influencing the 
conversion of energies from the surface to the atmos-
phere (Nimish et  al. 2020). Various land use categories 
have different effects on thermal conditions in urban 
areas. The conversion of land use from rural to urban 
areas influences temperature patterns which are similar 
to the global warming phenomenon (Dhar et  al. 2019; 
Taiwo et al. 2023). Several previous studies have reported 
land use in urban areas and its associated thermal effect 
has unusually distinct attributes (Huang et al. 2019). Nur-
wanda and Honjo (2020) have applied urban land use 
expansion and the increment of the population to assess 
land thermal trends in Bogor, Indonesia. In addition, the 
link between LST and land use type has been evaluated 
in India (Mukherjee and Singh 2020). Therefore, it can 
be assumed that land use change is not the only factor 
affecting the UHI, and other human activities can also 
contribute to it.

Based on the above studies, the impacts of bare area 
and built-up area on UHI intensity have been extensively 
discussed. Urbanization is a result of changing bare area 
or vegetation to built-up  area, thus it is prominent to 
analyze the contribution of built-up area  to UHI inten-
sity. The urban heat intensity index (UHII) was applied 
in this current study that allows the character of urban 
LST making it useful to evaluate the UHI intensity in low, 
medium, and large-sized cities with altering native land 
use around the area. Therefore, this study aims to assess 
the UHI intensity from 2014 to 2021 in Hulu Langat dis-
trict of Malaysia using the UHII from Landsat 8 satellite 
data. Furthermore, the effect of each land use on change 
of LST was analyzed using the land contribution index 
(LCI) for years 2014, 2016, 2018 and 2021 to assess the 
divergence in the impact of each land use on the LST 
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with the alteration of land use change and urbanization 
factor.

Materials and methods
Study area
Hulu Langat is one of the most populous districts in 
Selangor State, Malaysia (101°44′0″E—101°52′0″E, 
2°56′0″N—3°12′0″N) (Fig. 1). It is located in the south-
east part of Selangor, where it has a mix of rural and 
urban settlements, with a predominant population liv-
ing in cities nearby the capital city, Kuala Lumpur. Hulu 
Langat is a metro and educational city, because it has 
various public transport and famous universities, which 
makes migration activities easier and more intense. The 
total area of Hulu Langat was around 829.44  km2, with 
seven main districts. The population of Hulu Langat was 
1,400,461 people in 2020. The region had a tropical rain-
forest climate (classification: Af, based on Koppen’s clas-
sification) with two monsoons: the northeast monsoon 
(November–March) and the southwest monsoon (May–
September). The annual high temperature is 32  °C and 
the mean annual precipitation is 2067 mm. Hulu Langat’s 
urbanization degree ranked top ten in the country as a 
developed urban city, which led to the UHI effect and 
poor air quality. This decade has occurred a significant 
increase in urban area expansion, contributing to high 
temperatures in urban areas.

Data sources
To assess land surface temperature and estimate UHI 
intensity over the Hulu Langat district, the Landsat 8 
data (OLI product type 1:30 m resolution) from 2014 to 
2021 were obtained in the same month of July (during the 
peak of the dry season) for analyzing the UHI intensity 
variation and land use classification (Table 1). Landsat 8 
data were acquired from the USGS Earth Explorer web-
site. Then, the Landsat 8 TIRS images (30 m resolution) 
were used to analyze the land surface temperature over 
the study area in the same period. In addition, a land use 
map that was produced by the Department of Agricul-
ture was used to ascertain the estimated land use map in 
this study. Other data, like the boundary of the Hulu Lan-
gat region, roads, and rivers were obtained from Google 
Earth.

Land use classification and land surface temperature
The processing software for satellite data, raster data, 
and vector data was carried out using ArcGIS Ver. 10. 
First, all satellite images and vector data were projected 
to the Kertau RSO Malaya meter coordinate system. 
The border of the study area was then used to clip the 
satellite images, limiting the analysis to the study area. 
In this study, the supervised classification technique 

was used to produce land use maps of the study area 
in the years 2014 and 2021. Thus, the maximum likeli-
hood classification algorithm was applied. This algo-
rithm computed the mean of the data after calibrating 
the normality of data in a class and classified the class 
of non-classified pixels to a class that has the highest 
possibility (Asad and Bais 2020). Based on this analysis, 
the land use maps of the study area were divided into 
five classes, i.e., water, bare area, urban, rural, and for-
est (Fig. 2). This land use classification was very useful 
to determine the boundary of each land use. Then, we 
could identify precisely the UHI intensity value in each 
land use. An analysis of accuracy was conducted by 
equalizing the estimated land uses with a reference land 
use map. To analyze the land surface temperature (LST) 
over the Hulu Langat region during the study period, 
we used time series Landsat 8 TIRS images using band 
10. A specific equation (Eq.  1) has been applied to 
obtain the LST (Stathopoulou and Cartalis 2007). This 
approach has been widely used in many studies (Avdan 
and Jovanovska 2016).

BT is at sensor brightness temperature, W is the 
emitted radiance wavelength, e is emissivity, and p is 
1.438 ×  10−2 m K. The LST layers in 2014, 2016, 2018, and 
2021 were then used for further analysis of UHI intensity 
over the study area.

Accuracy assessment
Land use classification
Accuracy analysis was carried out to know the close-
ness of the predicted values with the true values in real 
conditions. To analyze the accuracy of the land use 
map, the confusion matrix was produced (Table 2). The 
table indicates values for the overall accuracy, user’s 
accuracy, producer’s accuracy, and also the Kappa coef-
ficient value. A total of 100 sample points were chosen 
from Google Earth and compared to the predicted land 
use map. The overall accuracy represents if all refer-
ence points were well-mapped and classified. The over-
all accuracy was computed by Eq.  2  (Choudhury et  al. 
2019).

Then, the accuracy of each land use category was cal-
culated by the user’s accuracy and producer’s accuracy 
analyses. The user’s accuracy was determined by dividing 
the matched total of points for each land use category by 

(1)LST =
BT

1+ 1(w ×
BT
p

× ln e)
− 273.15

(2)Overall accuracy =
�Diagonal value

N
× 100
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Fig. 1 Location of Hulu Langat district in the southwestern of Peninsular Malaysia. A Landsat 8 image with natural color composite (RGB: 753) 
is applied to present the district’s border
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the total of points in the similar category and redoubling 
that value with 100. The user’s accuracy was computed 
using Eq. 3.

The producer’s accuracy showed the effectiveness of 
the analysis was done. It was determined by dividing the 
total of matched points by the total of points from the 
reference data set and redoubling that value with 100. 
The producer’s accuracy was determined using Eq.  4 
(Choudhury et al. 2019).

(3)

User′s accuracy(%) =
�Diagonal value of row

Row total
× 100

(4)
Producer′s accuracy(%) =

�Diagonal value of column

Column total
× 100

Table 1 Specification of satellite data used in this study

Date of acquisition Satellite Sensor Source

10 July, 2021 Landsat 8 OLI/TIRS USGS Earth Explorer

18 July, 2018 Landsat 8 OLI/TIRS USGS Earth Explorer

12 July, 2016 Landsat 8 OLI/TIRS USGS Earth Explorer

14 July, 2014 Landsat 8 OLI/TIRS USGS Earth Explorer

Fig. 2 Land use maps obtained from the Landsat 8 satellite images over the study area in a 2014 and b in 2021. Land use category in the study area 
consisted of five classes, including water body, bare area, urban area, rural area, and forest
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The Kappa coefficient (K) was one of the multivariate 
methods for determining accuracy as matched to a ran-
dom value. The coefficient number differed from − 1 to 
1. A negative value showed the performance of the clas-
sification was bad, while a 0 value showed the process 
was not good. The value was near 1 showed the process 
carried out was good (Rwanga and Ndambuki 2017). 
The Kappa coefficient was computed using Eq. 5 and the 
result is shown in Table 3.

where r was the total of row and column in error matrix, 
N was the total of observation (pixels), xii was observa-
tion in row i and column i, xi+ was slight total of row i, 
x + i was slight total of column i.

LST validation
In this study, we compared near-surface air temperature 
data from meteorological stations with our predicted 
LST value (Table 4). This method has been widely used 
by many researchers to validate LST in their studies 
(White-Newsome et  al. 2013; Li et  al. 2013). Real-time 

(5)K =
N

∑r
i=1 xii −

∑r
i=1 (xi + Xx+1)

N 2 −
∑r

i=1 (xiiXx+1)

surface air temperature data sets were acquired from the 
National Oceanic and Atmospheric Administration open 
portal for meteorological stations in the study area.

UHI intensity analysis
The LST of the Hulu Langat region was derived from the 
Landsat 8 TIRS data over distinct time periods. The ther-
mal infrared sensor (TIRS) could be used to quantify LST 
by utilizing a new thermal band technology that used 
quantum physics to sense heat. This approach was con-
sidered better than an older approach using the MODIS 
sensor. To diminish cloud disturbances, we selected the 
minimum percentage of cloud cover over the study area 
(< 10%). Then, LSTs in Hulu Langat region were obtained 
from satellite images through the extraction tool in Arc-
GIS. We overlaid the land use maps of the study area, so 
that the mean LST for every land use could be identified 
and the urban heat island level could be assessed by a 
ratio of LST in urban areas and their surrounding areas.

In this study, we adopted the perspective of UHI from 
Zhang et  al. (2023) who  used the average LST in rural 
area to indicate the average LST in the entire study area. 
This was carried out to assess the variation of tempera-
ture between urban and rural lands. Coupled with a land 
use map, the mean LST for each land use category could 
be determined, also the UHI intensity could be repre-
sented by the LST variation between urban and periph-
eral areas. Furthermore, the UHI intensity could be 
grouped into five primary classes, as shown in Table  5. 
The UHI intensity index could be determined as specified 
below (Huang et al. 2019).

Table 2 Confusion matrix of the land use classification using supervised classification

Land cover class Bare land Rural Waterbody Urban Forest Row total User’s accuracy (%)

Bare land 0 0 0 0 3 3 100

Rural 3 0 0 12 0 15 80

Waterbody 0 1 7 0 0 8 88

Urban 0 19 2 0 0 21 90

Forest 24 0 0 1 0 25 95

Column total 27 20 9 13 3 72 Overall accuracy 90%

Producer’s accuracy (%) 89 95 78 92 100

Table 3 Overall accuracy and Kappa statistic using supervised 
classification method

Method Overall accuracy 
(%)

Kappa accuracy 
(%)

Kappa 
coefficient

Supervised clas‑
sification

90 87 0.87

Table 4 Details and difference between LST and air temperature in the study area

Station Station ID 2014 2016 2018 2021

LST Air 
temperature

Difference LST Air 
temperature

Difference LST Air 
temperature

Difference LST Air 
temperature

Difference

Kuala Lumpur 
International

MYM00048650 33.5 33.0 0.5 35.5 34.0 1.5 27.0 27.9 0.9 28.0 28.8 0.8
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The UHI intensity index, stated in LST variation in a 
region. Ti is the LST of the ith pixel, and Ts is the average 
LST in rural areas.

The land contribution index analysis
The effects of land use were investigated to obtain a com-
prehensive analysis of the association between land use 
and its effect on UHI intensity. To assess the impact of 
different land uses on the UHI, 839 randomly selected 
points were placed throughout the study area. Then, all 
points were applied to extract their corresponding LST 
value for 2014–2021. The time-series thermal effect of 
every land use over the Hulu Langat region could be cal-
culated using the LCI equation below (Huang et al. 2019).

Ti is the mean temperatures of the ith land use, i indi-
cates land use type (1–5), Pi represents a ratio of the ith 
land use to whole study site, M is the mean temperatures 
in whole study area, and LCI represents a benchmark to 
calculate a thermal effect of land uses on the urban heat 
island intensity during the study period. LCI greater 
than 0 indicates  that land use has a positive impact on 
increasing the urban heat island, while LCI less than 0 
indicates that land use has a lessening effect on the urban 
heat island.

Results and discussion
The spatial variation of UHI effects over the Hulu Langat 
region
According to the estimated UHI maps (Fig.  3), areas of 
UHI over the Hulu Langat region have extended from 
the 2014 to 2021 periods. There was a gradual increase 
in each year of study. The impact of UHI covered almost 
half of the entire region with various intensities, except 
for the northern and eastern parts of the region that had 
a high forest density (Fig.  3). This result was consistent 
with the stack profile of land surface temperature in the 
study area (Fig.  4), which was extracted from the cen-
tral to the peripheral areas. The LST profile showed a 

(6)UHI = (Ti − TS)/TS

(7)LCI = (Ti −M)× Pi

decreasing trend, which was associated with the locations 
of urban areas in the west and forests or green spaces 
in the east. This result was in line with a study in China 
which found the LST indicated an increasing pattern and 
was more concentrated in the central zone (urban area), 
while low temperature tended to concentrate in the bor-
derland (Guo et  al. 2020). In 2014, the impact of UHI 
on the study area was found to be weak, with 136.26 ha 
of areas under high UHI conditions and 0.09 ha at very 
high UHI. As compared with 2016, the UHI effect signifi-
cantly increased around 321.66  ha and 1.44  ha of areas 
with high and very high UHI levels, respectively. This 
condition also showed a gradual increase in the follow-
ing years, 2018 and 2021. Bala et  al. (2021) also found 
the same result that the UHI intensity in Varanasi city 
of India rose from 0.36 in 1989 to 0.87 in 2018. Accord-
ing to the World Bank Group official report in 2021, the 
annual maximum daily temperature in Malaysia was 
around 33 °C, and based on the RCP8.5 projection, mean 
daily maximum temperatures would exceed 33 °C by the 
end of the century. The impact of UHI in the Hulu Lan-
gat region indicated a continuously increasing trend. This 
was in line with the rapid urbanization of the study area 
since this decade. Based on another study by Grigoraş 
and Uriţescu (2019), the construction works affected 
hard surfaces and then converted them to latent heat 
fluxes.

A great UHI impact was recorded in 2021 with a total 
area of 1489.59 ha and 25.74 ha for high–very high UHI 
levels, indicating the study area was sustaining a severe 
UHI effect. The UHI zones were primarily spread from 
the southern to western parts of the study area. As the 
intensity increased, these main areas gradually emitted 
radiation to the peripheral areas. Areas with experienc-
ing low to high UHI effects could be assessed using the 
land use map (Fig.  2). Very low temperatures and UHI 
effects were constantly found in forests. The UHI effect 
on water bodies was also lower than other land use types, 
indicating forest and water bodies potentially eased the 
UHI effect. A study by Wang et al. (2020) found the UHI 
intensity attributed from the water bodies in Wuhan, 
China was greatly associated with the local LST. The 
distribution of water bodies had a prominent task in 

Table 5 UHI intensity index

UHI (˚C) Degree Note

< 0 Very low Location with extremely low temperatures, demonstrating that there is no difference in LST between urban and rural areas

0–0.1 Low Low temperature region, suggesting there is little difference in LST between urban and rural areas

0.1–0.2 Medium Area with a moderate temperature, indicating a moderate LST variation between urban and rural areas

0.2–0.3 High High temperature zone reflecting a significant LST gap between urban and rural locations

> 0.3 Very high Extremely high temperatures, which show that there is a significant LST variation between urban and rural regions
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Fig. 3 Spatial variation of UHI over the study area across the study period; a 2014, b 2016, c 2018, and d 2021. The UHI intensity of the study area 
ranged from very low to very high level



Page 9 of 14Rendana et al. Ecological Processes           (2023) 12:33  

Fig. 4 Stack profile of the land surface temperature (LST) across the study area (from the western to eastern sides of the study area). The LST 
profiles tend higher in the west and lower toward east part
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diminishing LST and urban heat islands. The other stud-
ies revealed the UHI was closely related to a reduction 
of green areas in the city (Wang et al. 2022). The lack of 
green areas would contribute to an increase in heat fluxes 
and UHI (Lai et al. 2019).

The UHI value showed a gradual increase from 2014 
to 2021. The growth of UHI zones was primarily con-
centrated on the western and southern sides of the study 
area, which was in line with the urbanization pattern 
of the Hulu Langat district. The land use map for 2021 
showed a decrease in rural areas as compared with 2014, 
indicating many rural areas have been converted into 
urban areas. In general, the central area was the heart of 
the town, consisting of entertainment places, but urbani-
zation in Hulu Langat derived from the western areas 
and spread the expansion to peripheral areas. This was 
due to the fact that the Hulu Langat district was located 
to the west of the capital city, and other larger cities were 
located to the south of the Hulu Langat district. Urbani-
zation tended to spread westward. The increment of UHI 
areas from 136.26  ha to 1489.59  ha during the period 
2014–2021 (Table  6) indicates that  land use types in 
the study area have undergone significant changes dur-
ing this decade. Contrarily, the total area of very low 
UHI areas decreased gradually across the study period 
(Table 6). This study assumed that the intensive urbani-
zation in the study area not only led to land use changes, 
but also influenced the UHI effect. Since 2014, the urban-
ization pattern slowly moved from dense areas to periph-
erals within the Hulu Langat region, thus the growth of 
the UHI effect was only focused on urban peripheral 
areas. This notion was supported by the increased UHI 
intensity level that started in 2014.

Forest, urban and rural areas were the predomi-
nant land uses within the Hulu Langat region (Table 7). 
Furthermore, urban areas rose from 13,886.1  ha to 
18,269.82  ha (31.5% increase) during 2014–2021, which 
was in line with urbanization activities during that 
period. On the other hand, there was a slight change in 
the water body area. The wet season of the Hulu Langat 
region occurred from November to March which led to 
a notable increase in water volume in the region. During 

this season, the region received heavy rains, which fre-
quently caused a big flood. Thus, the total area of the 
water body in 2021 (1278.72  ha) was much higher than 
in 2014 (665.82 ha). In addition, the declines in forest and 
rural areas, together with the expansion of urban areas, 
including construction activities, were considered as 
main contributors to the UHI effect in recent years.

The association between UHI and land use type according 
to LCI
Figure 5 explains that the urban areas indicated the most 
positive impacts on the UHI. The urban areas gave the 
most substantial heat counts to the Hulu Langat region 
during 2014–2021. Our study showed the same result 
as a study by Yue et al. (2019) who found a higher UHI 
located in the higher built-up area as compared to the 
smaller built-up area in cities of China. Rapid urbaniza-
tion during the 7 years in our study area has made 31.5% 
of urban areas expand in 2021, contributing to a greater 
impact on the UHI. Contrarily, forest and water bodies 
assisted in diminishing the UHI effect. Furthermore, the 
forest area gave the most accent to the UHI effect as com-
pared with other land use types. The maximal value of 
LCI of a water body ranged from − 0.03 to − 0.01 during 
2014–2021 (Fig. 5), indicating temperature values of the 
water body greatly varied due to fluctuating heat. Simi-
larly, green areas such as forests had an inverse effect on 
the UHI. The LCI of forest area across the study period 
varied from − 0.04 to − 0.01 (Fig. 5), which might be due 
to the reduction in the percentage area of forest. The 
lower LCI value of the forest in 2021 indicated that  the 
forest area had less capability of alleviating the UHI 
effect. Green areas in urban environments had the abil-
ity to absorb toxic pollutants, cleaning the air and ecosys-
tems. Furthermore, it could enhance the microclimate to 
equilibrate environmental issues due to urbanization and 
development activities (Zellweger et al. 2020). A study by 
Pramanik and Punia (2020) in India found that the UHI 
was lower in the districts of south and southwest Delhi 
due to less built-up area and the higher existing of green-
ery spaces.

Table 6 Classification of each UHI level and its total area (ha) 
within the study area during 2014–2021

Period UHI intensity level corresponding to total area (ha)

Very low Low Medium High Very high

2014 64,856.07 12,867.57 6306.93 136.26 0.09

2016 63,841.68 11,342.43 8659.71 321.66 1.44

2018 62,609.76 12,145.23 8816.94 587.88 7.11

2021 59,163.30 13,159.08 10,329.21 1489.59 25.74

Table 7 Total area of each land use within the study area in 2014 
and 2021

Land use 2014 (ha) 2021 (ha)

Water body 665.82 1278.72

Bare area 4631.67 4797.45

Urban area 13,886.10 18,269.82

Rural area 7076.43 6866.46

Forest 57,906.90 52,954.47
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Distinct land use types indicated various levels of 
impact on the UHI across time. For instance, the urban 
area revealed the highest contributor to heat across the 
study period (0.51–0.75). Based on time series analysis, 
we assumed that the high contributors of almost all land 
use to the UHI effect occurred in 2021, but in 2014, we 
found rural areas showed a higher contribution of heat 
than in 2021. We believed activities in urban areas, where 
there was construction and development work, such as 
the building of infrastructure, residential units, and facili-
ties for new municipal areas, have retained LCI to a high 
level. Despite the fact that the average LST value in 2021 
was slightly lower than in previous years, the total per-
centage area of high temperature increased over time. 
This result was consistent with a study by Yang et  al. 
(2016), which reported that the construction area had 
the highest contribution in their study. In the tropical 
region, rainfall patterns had a notable effect on the con-
tribution of fluctuating LCI values, and the increasing of 
urban green areas would assist in dropping the amount of 
heat from the urban area. Meanwhile, in the subtropical 
region, the spring and summer seasons resulted in more 
urban green spaces, which led to more heat dissipation. 
In dry conditions, the reduction of urban green areas 
directly decreased the urban areas’ ability to absorb heat 
(Pramanik and Punia 2020).

Many UHI studies agreed that urbanization was a 
major driver of rising land surface  temperatures and 
exacerbating UHI  effect. In contrast, a forest or green 
area and a water body had an inverse influence on the 
UHI effect. A study by Tan and Li (2013) reported that 
green area coverage influenced the UHI intensity in 

Beijing, China, with the LST value of green areas being 
lower than other residential and commercial areas. 
Another study by Morakinyo et  al. (2016) found tree 
planting was closely associated with a decrease in tem-
perature in a typical indoor setting compared with bare 
land. Very low UHI intensity was recorded at the forest 
land and water body, and it was almost constant during 
the study period. Because of the high amount of heat 
capacity, the temperature distribution on the water body 
varied little on this occasion. In similar conditions, very 
high UHI values were constantly spread throughout 
urban areas. The flow of urban expansion from the west 
to the central parts of the study area could be seen from 
the land use maps. This corresponded to the expansion of 
urbanization in Hulu Langat, which spread to the periph-
eral areas in the following years.

In addition, the medium UHI intensity started to 
experience a substantial change from the western to the 
southern areas in 2016. Low UHI intensity was more 
located in the northern and eastern parts. There was 
a great conversion of forest area in the southern part, 
which corresponded to an increase in UHI intensity 
around that area. On the UHI intensity map, we could 
see the changes in moderate UHI intensity over the 
study area. From 2014 to 2018, the medium UHI inten-
sity was concentrated in rural and agricultural areas, 
and subsequently, it migrated to urban areas after 7 
years. For further details, we could see that the strong 
UHI is located in the Hulu Langat district in Fig. 6. The 
very high UHI values were mostly observed in the west-
ern corner part of the region, which was categorized 
into urban and bare areas. There was an increase in 

Fig. 5 Land contribution index (LCI) of each land use from 2014 to 2021 in the study area. Urban land use area was considerd as the highest impact 
on the urban heat intensity within the study area
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very high UHI hotspots from 2014 to 2021. As a whole, 
we realized there was a limitation in our study, because 
all analyses were based on the interpretation of remote 
sensing and GIS techniques. Therefore, for future stud-
ies, we suggest using other satellite data with higher 
spatial and temporal resolution to diminish the effect 
of atmospheric disturbances. In addition, it was also 
needed to deeply investigate the impact of anthropo-
genic activities, social and economic aspects, and other 
drivers of the UHI effect.

Conclusions
In this study, we successfully used UHII and land contri-
bution indexes for analyzing UHI intensity and its asso-
ciation with land use types in the Hulu Langat district of 
Malaysia. The high UHI intensity areas had significantly 
expanded during 2014–2021. These high UHI intensity 
areas were mainly concentrated in the western and south-
ern parts of the study area. The urban areas were found 
as the greatest contributors to UHI effect during the 

Fig. 6 Very high and high UHI intensity levels located in land use map of the period; a 2014 and b 2021. Very high and high UHI intensity levels 
was mostly found in urban and bare areas
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study period, whereas forests and water bodies showed 
the smallest contributors to the UHI effect. The UHI 
intensity in urban areas was consistent with the increas-
ing total area of urban lands. In contrast, the increase in 
urban green areas would assist in reducing heat capacity, 
also UHI effect over the study area at once. Our results 
can help in arranging an effective way for future land 
resource management policy in the Hulu Langat district 
of Malaysia.
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