
IOP Conference Series: Earth and Environmental Science

PAPER • OPEN ACCESS

The Utilization of Land Surface Temperature
Information as an Input for Coastal City
To cite this article: A Ardiyansyah et al 2021 IOP Conf. Ser.: Earth Environ. Sci. 921 012004

 

View the article online for updates and enhancements.

You may also like
Energy efficiency analysis of a trapezoidal
solar pond
Dan Wu, HongSheng Liu, Linsong Jiang et
al.

-

Reduction in human activity can enhance
the urban heat island: insights from the
COVID-19 lockdown
TC Chakraborty, Chandan Sarangi and
Xuhui Lee

-

Can we use local climate zones for
predicting malaria prevalence across sub-
Saharan African cities?
O Brousse, S Georganos, M Demuzere et
al.

-

This content was downloaded from IP address 132.234.228.63 on 01/02/2022 at 03:01

https://doi.org/10.1088/1755-1315/921/1/012004
/article/10.1088/1755-1315/100/1/012100
/article/10.1088/1755-1315/100/1/012100
/article/10.1088/1748-9326/abef8e
/article/10.1088/1748-9326/abef8e
/article/10.1088/1748-9326/abef8e
/article/10.1088/1748-9326/abc996
/article/10.1088/1748-9326/abc996
/article/10.1088/1748-9326/abc996
https://googleads.g.doubleclick.net/pcs/click?xai=AKAOjssuI8chPx493-cKon3dV1r1J8p3qnfWAbv5UxRUdzkmeuLZSLRTehbaX6ALn72fjclI99EqQlWJYilGlKjHijAlt4eZFlEzCAeb4buPQ7V7_nKQ66iTx4i_9GfzNEnur0bfyw6NTW6dMvEKnhFPtoB9LHbbHYqO_XjsIIuEbINGFesegJkq8yBa1Rf94CdFe8QTshgcrhm5n-7w_wYQWboSQhWmoUpaHRq14S4LKoRPEz5GrSARaIVvCeNybzA54SkcvOgzMM8uQJC-vNOuFb_7z2ojtIp8bnA&sig=Cg0ArKJSzM1LMU_Lbaft&fbs_aeid=[gw_fbsaeid]&adurl=https://ecs.confex.com/ecs/242/cfp.cgi%3Futm_source%3DIOP%26utm_medium%3DBanner%26utm_campaign%3D242Abstract%26utm_id%3D242Abstract


Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.

Published under licence by IOP Publishing Ltd

GIESED 2020
IOP Conf. Series: Earth and Environmental Science 921 (2021) 012004

IOP Publishing
doi:10.1088/1755-1315/921/1/012004

1

 

 

 

 

 

 

 

 

The Utilization of Land Surface Temperature Information as 
an Input for Coastal City 
 

A Ardiyansyah 1,2, A Munir 1*, and A Gabric ,2 

 
1 Graduate School, Hasanuddin University, Makassar, Indonesia 
2 School of Environment and Science, Griffith University, Nathan, Brisbane, Australia 

 

*Corresponding author: amunir1962@unhas.ac.id 
 

Abstract. Numerous studies have shown that there is a positive correlation between the 

increase of urban built-up areas with elevated Surface Urban Heat Island (UHI) temperature. It 

can be considered that SUHI is a by-product of urbanisation. The study found that SUHI in 

Makassar City is seasonal dependent. High surface temperature tends to occur in the dry 

season within the urban centre, expanding to the South-Eastern. Furthermore, by combining 

land surface temperature and Local Climate Zone (LCZ) classification scheme, 16 out of 17 

local climate zones were identified, excluding LCZ 7 (light built) within the observation year. 

In detailed, the combination of LCZ 3 class (compact low rise) and LCZ 10 class (industrial),  

occupied more than 80 % of the total built-up category with a surface temperature range of 11o 

C and 16o C respectively. Furthermore, the result indicates a homogenous surface temperature 

within LCZ 3 with a lower SD of 1.40o C compared to LCZ 10 of 1.95o C. Also, the study 

explored the correlation of various urban and non-urban indices using artificial neural network. 

Based on the model used, the indices showed poor correlation with LCZ 3 but adversely 

correlates to LCZ 10. A final loss value of 0.222 in LCZ 10 was obtained. In contrast, LCZ 3 

resulted in high final loss value of 146.554. The result indicated that there are other variables 

which should be considered in exploring SUHI correlation within LCZ 3 (compact low rise) in 

Makassar City. In contrast, LCZ 10 (industrial) correlate positively with three urban indices, 

consisting of NDBI (43.94), BI (37.79), and NDBal (34.77). In brief, the result indicated that 

SUHI phenomenon in LCZ 3 was poorly represented by the model, whereas the level of city 

development can be predicted better using LCZ 10 (industrial) areas. 

 

 
1. Introduction 
Cities worldwide face serious challenges reducing urban residents' vulnerability and various adverse 

effects of climate change [1]. One adverse effect of climate change in urban areas is Urban Heat Island 

(UHI). In several countries such as China [2], Australia [3] where heat waves happened in urban areas 

increase mortality rates, lowering comfort area level and its coverage, and elevating the peak energy 

demand of buildings [4]. Moreover, urban heat island is also known to influence vegetation phenology 

and more generally, biodiversity [5]. 

Despite its ubiquitous occurrence, urban heat island is specific to each city. And that cities generate 

local climatic conditions distinguishable from their surrounding environment and criticized the 

traditional classification of urban heat island of urban-rural distinction. Furthermore, Betchel added 

that urban heat island could be categorized within intra-urban areas or between different cities 

regardless of its geographical position or size [6]. Nevertheless, the task is considered difficult and 

considering that urban heat island phenomena are continuously changing in parallel to the city's 
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development [5]. Furthermore, a strong need to better link surface temperatures and quantitative 

descriptors (physical properties) of the city causes the issue to be further explored. This kind of 

information is valuable for urban planners or public authorities in achieving a more sustainable urban 

development. 

Regardless of the varying characteristics of urban heat island based on its intra-urban quantitative 

descriptor [7] can be utilised to improve urban climate in general by modifying city’s configuration 

and fabric's compositions. Nevertheless, the source of UHI varies on its geographical settings, and 

urban arrangements [8], fabric composition [9], and temporal or seasonal setting [10]. As an example, 

a study conducted in Ahmedabad, India, shows similar arrangements of urban green structure within a 

different geographical area can result in different urban climates condition [11]. Furthermore, green 

structure, such as green belts or parks, which is highly proposed for climate ameliorator, can result in a 

counter-positive effect. Therefore, understanding the distinct characteristic of urban heat islands based 

on the city's physical aspect is important. 

Local climate zone (LCZ) is a powerful tool for urban climate study. LCZ enables a deeper focus 

on the city’s structure. In accordance, adapting to climate change and its impact is better addressed 

within the city scale [12]. The study on local climate zones (LCZ) by Stewart is one example that 

promotes the effort in identifying the unique characteristics of urban areas based on a physical urban 

setting [13]. Wang suggests local climate zone (LCZ) as a powerful tool for urban climate study 

because it allows researcher and other interested parties to focus on city’s structure rather than the 

traditional urban versus rural division [14]. Furthermore, it is widely accepted that adapting to climate 

change and its impact is better addressed within the city scale [15]. In LCZ study, a globally applicable 

method in urban area classification based on local climate characteristics, and numerous studies have 

been conducted based on the proposed method by Stewart. Furthermore, the method is continuously 

being adopted and refined in creating local urban climate maps that can be used by decision-makers 

and related studies. In general, the method is aimed at promoting long-term climatic strategy 

development and improve urban plan and urban regulation [1]. Furthermore, it is well known that 

planning involves quite complex procedures and that the climatic aspects are seldom considered as the 

most important ones, as other environmental and socio-economic features are usually afforded greater 

priority in the selection of planning measures [16]. 

Studies in understanding the relationship between land surface temperature with urban built-up 

areas in Indonesia such as Yogyakarta [17], Makassar [18], Jakarta [19], and Bandung [16] has been 

conducted. 

Within the tropical developing cities, like Indonesia, the cities have a typical characteristic of cities 

in developing countries. The cities are commonly heterogeneous, meaning that the structure of intra- 

urban areas is commonly composed of mixed-use area, built, and arranged on the combination of 

residential, business, and industrial uses with little discrepancies or separations [18]. In addition, these 

coastal cities, in general, have its urban structure predominantly composed of low-rise buildings, 

described as buildings with less than 10 meters of height, which pose challenges in explaining surface 

temperature variability and LCZ classification. The study can serve as a basis for further studies of 

tropical coastal cities, especially cities in Indonesia by identifying the cause of urban heat island 

establishment in Makassar City. 

 
 

2. Methods 
 

2.1. Land Surface Temperature 
To analyse the Makassar UHIs profile using satellite imagery, several steps will be taken. First, Land 

Surface Temperature (LST) will be extracted from Landsat images. The extracted LST maps will be 

used as UHIs reference because of its high accuracy in surface temperature measurement. Reference 

LST maps from Landsat is extracted using a method used by Advan and Jovanoska; applied to band 10 

of Landsat Thermal Infrared Sensors (TIRs). The methods are based on the Stefan-Boltzman black 

body by using the following steps: First, the Top of Atmospheric (TOA) temperature and at- satellite 

brightness temperature were calculated. Next, LST map was extracted using emissivity 
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value. The extraction of land surface temperature uses Thermal Infra-Red band or band 10 using the 

following formula: 

���  = �� 

(1+(λ* ��
2

� ))*ln�	 (ε) 

(1) 

 

Where BT is Brightness Temperature, λ is the wavelength of emitted radiance (11.5 μm), and �2 is 

reflectance value of 14395. 
 

2.2. Local Climate Zone Classification 
The LCZ classification mapping workflow begins with the identification of the Region of Interest  

(ROI). After the ROI has been decided, training areas were digitised by considering the form and 

structure of the city [12]. The classification was done in SAGA GIS using the provided algorithm. The 

training areas were categorised into one of the 17 categories of LCZ classes corresponding to the style 

of building and land cover [16]. The method in LCZ classification is presented as follow: 

 

Figure 1. LCZ Classification scheme 

 

2.3. Artificial Neural Networks 
The ANN calculation is conducted in R using nnet v7.3-14 package available from CRAN 

(Comprehensive R Archive Network) of “R” application. The package is used for feed-forward neural 

networks with n-1 number of hidden layers, where n is the number of variables used. A total of 13 

variables consisting of six urban indices, five non-urban indices, and two ancillary data input of 

elevation data and aspect were used to build the ANN model. 

Figure 2. Training and Testing extraction points for LCZ 3 and LCZ 10 
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In using ANN, creating a model that resulted in low model bias is essential. Therefore, prior to the 

analysis, input data were standardised to mapped various data with different ranges into a standard set.  

Data needed for calculation was extracted within the boundary area of LCZ 3 (compact low rise) and 

LCZ 10 (industrial) using ArcGIS. From the strategy chosen, sample points were randomly generated 

within the built-up areas of LCZ 3 and LCZ 10. A total of 10,353 sample points for LCZ 3 and 5,657 

sample points for LCZ 10 were acquired. These points were further categorised into training and 

testing areas with a ratio of 70% and 30%. The optimisation was conducted manually to minimise the 

overall loss value within each model. 
 

3. Results and Discussion 
 

In general, the land surface measurement was recorded higher in dry seasons (August – November) 

compared to wet Season (January - June). The phenomena are apparent based on the conducted land 

surface temperature analysis. The results show that LST in the dry season (September 2018 and 

September 2019) were relatively higher compared to the LST measurement in the rainy season (March 

2017 and April 2020). 

Furthermore, despite occurred in limited areas, the land surface temperature in 2019 displayed the 

highest maximum measurement compared to other years. On the other hand, based on the Local 

Climate Zones (LCZs) classification result, 16 out of 17 classes were identified in Makassar City. 

Most areas in Makassar City were identified as Compact Low Rise (LCZ 3) with a total area of around 

a third of the total areas of Makassar (5,2017 km2). Furthermore, industries and Open Low-Rise 

Classes were identified to have the area of 4,316.94 and 1,723.86 square km, respectively. 

Overall, LCZ classes from the built-up category compose of 66.98 % of Makassar City total area, 

whereas the non-built areas compose 33.01 %. Within the non-built LCZ Classes, LCZ 107 (water) 

and LCZ 106 (soil or rock) dominated with 2,121.93 square kilometres and 2,068.38 square 

kilometres. Both areas cover 71.92 % of the total non-built-up LCZ classes. 

Based on the analysis of LCZ and LST characteristic of Makassar City in 2019, the mean surface 

temperature of built-up LCZ classes in Makassar city was around 31o C, whereas of non-built-up areas 

was 29o C. Within the built-up category, the surface temperature of LCZ Class 10 (Industrial) is 

identified to have the most diverse temperature reading with a minimum and maximum outlier 

temperature of 22o C and 38o C. 

Figure 3. Makassar City land surface temperature maps in 

diff erent seasons and years 
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Furthermore, LCZ 3 (compact low rise) as the largest built-up areas of LCZ class in Makassar City, 

is considered to have a more homogenous surface temperature compared to any built-up areas. The 

surface temperature of the areas within LCZ 3 range between 31o C and 33o C, whereas the outlier 

temperature of LCZ 3 was 26o C and 37o C for its minimum and maximum, respectively. Intriguingly, 

LCZ 1 (compact high rise) was measured to have a nearly similar median surface temperature of 30o C 

to vegetation areas (LCZ 101 - Dense Trees and LCZ 102 - Scattered Trees). 
 

 

 

 

 

 

Furthermore, the lowest surface temperature of both vegetation areas was 1o C lower. On the 

contrary, surface temperature variance in non-built-up areas was more heterogenous compared to non- 

built-up areas. Paved areas (LCZ 105) surface temperature was measured to be highly dispersed 

(5.583). 

The values of urban built-up and urban non-built-up value index that were used consist of (a) 

NDBal, (b) NDBI, (c) BI, (d) UI, (e) EBBI, (f) NBI, (g) NDVI, (h) NDWI, (i) MNDWI, and (j) 

ENDISI. Furthermore, the values were calculated using band combinations. 

 

3.1. Comapct Low Rise (LCZ-3) UHI Descriptor 
The calculation using a neural network approach for LCZ 3 (compact low rise) within 100 iterations 

achieved a final loss value of 146.55, which is considered high. The result indicates that the model 

cannot predict the occurrence of high surface temperature based on the provided variables. 

Within LCZ 3, two most correlated nodes were H10 and H12. The correlation value of hidden node 10 

was (number) with i6 (UI), i5(BI), and i12 (MNDWI) as three indices that correlated with SUHI 

occurrence. The values of each node were 45.01, 43.42, and 27.82, respectively. On the other hand, in 

hidden node 12 (number), the indices that correlate with SUHI occurrence were best predicted by 

i5(BI), i6 (UI), and i12 (MNDWI). The values of each node were 66.65, 48.07, and 42.35, respectively. 

 

Figure 6. Makassar City land surface temperature 

maps in diff erent seasons and years 

 

 

Figure 4. These two figures have been 

placed side-by-side to save space. 

Justify the caption. 

Figure 5. These two figures have been 

placed side-by-side to save space. 

Justify the caption. 
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Both hidden nodes in the LCZ 3 neural network presented identical urban built-up and non-built-up 

indices of SUHI predictor. In brief, the cause of SUHI in LCZ 3 is more correlated with the level of 

urban development (Urban Index) compared to other indices. 

 

3.2. Industrial Area (LCZ-10) UHI Descriptor 
On the other hand, a final loss value of 0.22 was achieved within LCZ 10, which indicate that the  

variables were good at predicting SUHI. Furthermore, the result showed two distinct hidden nodes 

weighting 10.74 and 9.74 represented by H7 and H10. 

The correlation value of hidden node 10 was (number) with i11 (NDWI), i14 (ENDISI), and i6 (UI) 

as three indices that correlated with SUHI occurrence. The values of each node were 8.89, 8.40, and 

7.23, respectively. On the other hand, in hidden node 10, the indices that correlate with SUHI 

occurrence were best predicted by i11 (NDWI), i7 (EBBI), and i4 (NDBI). The values of each node 

were 15.52, 8.77, and 7.01, 

Dissimilar from LCZ 3 calculation, the LCZ 10 neural network calculation presented diff erent 

urban built-up and non-built-up indices of SUHI predictor. Despite the diff erence, both hidden nodes 

were highly correlated with the level of atmospheric moisture (NDWI), indicating that the level of 

water vapour in the atmosphere is highly correlated with the occurrence of SUHI. The finding 

contradicts other studies that propose water bodies as features in ameliorating local climate or urban 

heat island phenomena. Therefore, further research is needed to reveal a detailed explanation. 

In general, the study found that freely accessible data such as Landsat is considered useful in urban 

study. Land surface temperature and various urban and non-urban indices can be generated using 

simple band calculation. Furthermore, LCZ classification method represents detailed information of 

city structure compared to the Indonesia national classification system (SNI). The combination of both  

LST and LCZ can be used for determining the cause of high SUHI in a specific location, therefore 

distinctive mitigative approaches can be proposed based on site characteristics rather than generic 

proposal such as vegetation cover or increasing water bodies which contradict land availability. It is 

important to mention that despite its robustness and ease, the ANN approach using neural network is 

considered a “black box” model. Despite being able to show the non-linear relationship between 

variables, the approach was considered limited in explicitly explain the possible causal relationship 

between the variables used. Therefore, ancillary methods that could better interpret the result of neural 

network model should be explored. 

Also, large areas within the city centre were classified as water bodies (LCZ 107). Despite correctly 

classified, visual observation showed the areas to be utilised as fishponds for milkfish (Chanos chanos) 

cultivation. Unlike other water bodies, such as a lake, river, or retention ponds, the reflectance value 

area is subject to change depending on its cultivation period. Therefore, similar to LCZ 106 (Soil and 

Rock), the classification result may subject to misclassification depending on the date of satellite 

imagery analysed. 

 

4. Conclusion 
The study shows the potential in exploring mitigative approach in urban heat island study using remote 

sensing. Measuring the intensity and variety of SUHI in Makassar City reveal that surface temperature 

in Makassar City fluctuated with a tendency to increase within 2017-2020. Besides, using Local 

Climate Zone (LCZ) classification, 16 LCZ classes were identified. Furthermore, Makassar City built- 

up areas mainly composed of LCZ 3 (33.016 %) and LCZ 10 (66.986 %). Despite its potential, due to 

the limited training areas available, LCZ 10 classification result accuracy was considered low. 

Therefore, other alternatives should be explored. 

By combining LCZ and LST information, the study demonstrates LCZ 3 (compact, low rise) and 

LCZ 10 (industrial areas) to have different surface temperature characteristic. Both LCZs have a broad 

range of land surface temperature compared to other LCZ classes in Makassar City. 

Further study would benefit from the approaches used in this study. In addition, the study is expected 

to improve understanding in determining the appropriate mitigative approach to land surface 

temperature increase in Makassar City. 
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