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Abstract: The Land Surface Temperature (LST) is an essential indicator for analyzing the Surface 
Urban Heat Island (SUHI). A factor contributing to its occurrence is the reflections of the different 
materials in urban and rural areas, which significantly affect the energy balance near the surface. 
Therefore, recent studies have increasingly used the Local Climate Zones (LCZ) classification 
system to discriminate those urban areas. Therefore, our study aims to do a systematic review using 
the PRISMA method of LCZ classification applied to understand the LST and the SUHI 
phenomenon. At first, it was found in the scientific literature 10,403 articles which, after passing 
through filtering stages, resulted in 51 that were further analyzed. Our results showed that these 
articles were very recent, beginning in 2016. However, presenting an increasing trend. China was 
the country with more studies. Landsat and TERRA/AQUA sensors appeared in 82% of the studies. 
The method that appears the most to LCZ definitions is from the World Urban Database. Finally, 
considering the current climatic changes, this systematic review can help new studies on SUHI 
identification through LCZ in different world areas using remote sensing data to estimate the LST. 
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1. Introduction 
Cities have been the main human settlements in the world since 2007 when they 

overtook rural regions. Nowadays, about 55% of the population currently lives in urban 
areas, and it is expected to reach 68% in 2050 [1]. This increase in urbanization causes 
urban climate problems. One of the best known is the Urban Heat Island (UHI) 
phenomenon, referred to in the literature as the increase in the city's center temperature 
concerning their rural surroundings. 

According to [2], there are three UHI types: i) The Canopy Layer Urban Heat Island 
(CLUHI), 2) The Urban Boundary Layer (UBL), and 3) The Surface Urban Heat Island 
(SUHI). This last one was considered in this study. This phenomenon is critical because it 
disturbs the urban system, which is more enhanced by climate change, affecting the 
population psychologically and physiologically. In addition, it also impacts economic 
activities, morbidity and mortality increases, energy consumption, and violent behaviors 
[3]. 

The SUHI can be obtained using several Land Surface Temperature (LST) remote 
sensing data. The LST is an important indicator to measure the SUHI phenomenon since 
it measures the energy balance near the surface, affecting the surface heat distribution 
process, which significantly alters the urban climate [4]. 

As a result, the land urbanization effects in SUHI are well discussed in Land Use and 
Cover (LULC) maps. In this context, a new LULC classification system called Local 
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Climate Zones (LCZ) arranges the different urban and rural areas in more detail. In 
addition, the LCZ has been increasingly used in urban heat islands studies [5]. It was 
initially proposed in 2012 when regional climate zones were divided into several local 
climate zones within cities according to different LULC surface types, consequently 
allowing the correlation between climate information and urban planning [6]. The LCZ 
classification system consists of two main categories, the built and the land cover type, 
based on building density shape geometry and surface characteristics, including 17 
subcategories, as seen in Figure 1. 

Therefore, the scientific literature that uses the Local Climate Zones classification to 
study the Land Surface Temperature and the Surface Urban Heat Island phenomenon was 
systematically reviewed in this study to follow the state of the art of this scientific theme, 
organizing sensors and methods most used, and the regional/global contributions, among 
others. 

 

Figure 1. LCZ classification scheme. Source: [7]. 
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2. Materials and Methods 
Few studies make a systematic review to understand the Local Climate Zones 

application to analyze Urban Heat Islands, such as [8-10]. However, these studies do not 
focus on the Surface Urban Heat Islands. Therefore, a systematic review was conducted 
using the Preferred Reporting Items for Systematic Reviews (PRISMA) method to identify 
the remote sensing research trends applied to Surface Urban Heat Islands identification 
considering the LCZ classification. Each review step was described in more detail and 
synthesized in the flowchart shown in Figure 2. 

 

Figure 2. PRISMA flowchart of the phases of the research methodology. 

2.1. Step 1: Identification 
In the identification phase, the approach adopted for consulting the literature 

consisted of a search for words that best represented the subject of interest. The keywords 
were used to filter the Scopus library (www.scopus.com), one of the world's most 
extensive peer-reviewed scientific literature databases [11]. Using "heat island," 10,403 
articles were found in this first step. However, after using the "remote sensing" keyword, 
1,174 documents remained. Of these, 1108 were research articles, and 42 were review 
articles. 

2.2. Step 2: Selection 
The articles found in the previous step were subsequently extracted to the selection 

stage. The keywords "Surface" and "Urban" were applied through a filtering tool, but it 
did not almost reduce the number of articles found. Then, they were passed through a 
new filter using the keyword "local climate zone/zones," and the number of articles was 
significantly reduced to 206. Of these, 194 were research articles, and 12 were review 
articles. 

2.3. Step 3: Eligibility 
For the eligibility step, it is essential to highlight that only research and review articles 

in Portuguese or English were chosen. In addition, titles, abstracts, and conclusions of 
these 206 documents were read and selected only the ones whose content was directly 
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related to surface urban heat islands using remote sensing data within the local climate 
zones LULC classification. 

2.4. Step 4: Inclusion 
In this final step, inclusion, 45 articles were selected, none being review articles. In 

addition, six articles cited by the articles read and found in databases other than Scopus 
were added to the analysis. Therefore, 51 articles were included in this systematic review 
and had their information cataloged. 

2.5. Step 5: Data analysis 
All the articles selected in the inclusion stage were read and had their information 

cataloged. Some aspects considered were: (i) scientific production relevance, (ii) regional 
and global contribution, (iii) satellites and sensors used, as well as their frequency, (iv) 
methods used to obtain the land surface temperature (LST), (v) methods used to identify 
the surface urban heat island (SUHI), (vi) methods used to obtain the local climate zones 
(LCZ), (vii) variables associated with SUHI and LCZ, and (viii) the most frequent software 
used. In addition, the VosViewer was used to identify the article's reviewed relevance, 
regional and global contributions, main keywords used, year of publication, and trends 
among the authors. 

3. Results and Discussion 
This section is divided into subheadings to provide an organized, concise, and 

precise description of the results and their interpretation and discussion. 

3.1. Relevance of Scientific Production 
Of the 10,403 articles found in the scientific literature Scopus database, during the 

applications of the filters shown in Figure 01, only 51 articles remained to be analyzed in 
more detail. These reviewed articles were published between 2016 and 2022 (Figure 3), 
The oldest one was published in September 2016, and the most recent was in June 2022, 
the month in which the data were collected. 

 

Figure 3. Distribution of publications from September 2016 to June 2022. 

Excluding the year 2017 from the period because there was no publication on the 
subject, we noticed a growing trend in publications beginning in 2019, with nine 
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publications this year. The most prominent years were the most recent ones, 2020 and 
2021, with 12 and 18 publications, respectively. Quite possibly, the last year of analysis, 
2022, can easily exceed the previous ones since nine publications were found in the 
literature related to the subject studied only in the first semester. It is worth highlighting 
that the LCZs was only created in 2012 [6]. In addition, their approach focused only on 
Atmospheric Urban Heat Islands, explaining why publications on local climate zones 
related to surface urban heat islands began to appear only in 2016. 

In addition to the publications distributions analysis, each article's citations were 
counted, thus serving to evaluate its influence. However, even if they are all recent, a 
normalization was used to adjust their citation number over time and define their 
influence using (Equation 1). 

Influence = Citations/(Year basis – Year of publication) (1) 

Where, Citations are the article citations number; Year basis is the year that the systematic 
review is being done, in this case, 2022; and Year of publication is the year in which the 
article was published. 

Therefore, after applying this Equation, the articles were ranked from most to least 
influential, and the six most influential found in this systematic review are presented in 
Table 1. Furthermore, all the other articles reviewed are presented in chronological order 
in supplementary Table A1. 

Table 1. Most influential articles. 

Title  Year Journal Influence Author 
Optimizing local climate 
zones to mitigate urban 
heat island effect in hu-

man settlements 

2020 
Journal of 

Cleaner Produc-
tion 

49.5 [4] 

Spatial variability and 
temporal heterogeneity 
of surface urban heat is-

land patterns and the 
suitability of local cli-

mate zones for land sur-
face temperature charac-

terization 

2021 Remote Sensing 37 [12] 

Analyses of land surface 
temperature (LST) varia-

bility among local cli-
mate zones (LCZs) com-

paring Landsat-8 and 
ENVI-met model data 

2021 
Sustainable Cities 

and Society 
19 [13] 

Evaluation of urban heat 
islands using local cli-

mate zones and the influ-
ence of sea-land breeze 

2020 
Sustainable Cities 

and Society 
17.5 [14] 

Detecting multi-temporal 
land cover change and 

land surface temperature 
in Pearl River Delta by 
adopting local climate 

zone 

2019 Urban Climate 14.6 [15] 
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Understanding Land 
Surface Temperature Dif-
ferences of Local Climate 
Zones Based on Airborne 

Remote Sensing Data 

2018 

IEEE Journal of 
Selected Topics 

in Applied Earth 
Observations and 
Remote Sensing 

11.5 [16] 

Among the most influential articles, some things in common are the regional scale 
study area and the Landsat sensors used in their research. Except for [16], which used 
hyperspectral and thermal data aided by Light Detection and Ranging (LIDAR) to identify 
vegetation, constructions, soil, and water surfaces. 

The most influential article tries to mitigate urban heat island effects [4]. In this study, 
the authors identified human settlement in a city in China. They analyzed the different 
LCZ classes' thermal characteristics to alleviate the SUHI effect and improve the citizens' 
quality of life. However, although this article is the most influential one, the author did 
not present a good connection between the authors reviewed, considering the cluster 
produced using the VosViewer software shown in Figure 4. 

 

Figure 4. Author's maps by citation. 

3.2. Regional and Global Contribution 
The connection between the country's collaboration network using VosViewer is 

presented in Figure 5 and Table 2. 
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Figure 5. Cluster network analysis of the principal connections among the author's countries of the 
reviewed articles. 

The connection network among the author's countries has 13 nodes, 5 clusters, and 32 
links. The link has a force and is represented by a positive numerical value; the higher the 
value, the stronger the power will be. Indicating, for example, the number of cited 
references that two nodes have in common, publications in which the authors are co-
authors, or even the number of publications in which two terms coincide [17]. 

Also, with VosViewer, the author's country institutions origin in Table 2 were 
assessed. 

Table 2. Originating countries of the reviewed article's author's institutions. 

Countries Documents Citations Strength 
China 24 337 82 

United States (US) 5 123 31 
United Kingdom 4 71 45 

Serbia 3 82 17 
Japan 3 61 23 

Switzerland 3 40 8 
Belgium 2 100 18 

It is noticed that the highest contribution comes from China, with 48% of the articles 
and approximately 33% of the citations, followed by the US, with 10% of the articles and 
about 12% of the quotation. In the third place, the United Kingdom obtained a greater 
strength, even with one article less than the US. This fact may occur by the connections 
between the authors of the respective countries with China. In addition, the other 
countries have less than four articles each, with strength below the average. 

3.3. Analysis of Satellites and Sensors 
In the articles reviewed, several sensors and platforms were used in different stages 

to obtain the LST thermal surface behavior and to identify the LCZ classes. Their 
frequency and information, such as the operator and temporal and spatial resolution, are 
shown in Table 3 and Figure 6. 

Table 3. Information about satellites and sensors used in the reviewed articles. 
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Satellites Sensors Operators Publications Time Resolu-
tion 

Spatial Resolu-
tion 

Terra-Aqua MODIS NASA 18 1-2 days 250m-1km 
Terra ASTER NASA 8 16 days 15-90m 

Landsat 8 OLI/TIRS NASA/USGS 43 16 days 
OLI: 15/30m 
TIRS: 100m 

Landsat 7 ETM+ NASA/USGS 6 16 days 15-30-60m 
Landsat 5 TM NASA/USGS 6 16 days 30-120m 

Sentinel 2 A-B MSI ESA 7 5 days 10m 
FY-2F -- NSMC 2 -- -- 
Others -- -- 9 -- -- 

 

Figure 6. Satellites and sensors by publication. 

The Landsat series is managed by the National Aeronautics and Space 
Administration (NASA) and the US Geological Survey (USGS) and involved the launch 
to the moment of nine satellites, of which Landsat 5, 7, and 8 were used by the revised 
articles, covering 55% all the publications. The satellite of the series most used in the 
reviewed articles was Landsat 8, which was launched in 2013, and operates with the 
Operational Land Imager (OLI) instruments and the Thermal Infrared Sensor (TIRS). The 
OLI sensor has spectral bands that collect data in the visible range, near-infrared and 
infrared of short waves, and a panchromatic band, with spatial resolution from 15 to 30 
meters and 16 days of temporal resolution. The thermal sensor has two bands, with 100 
meters spatial resolution [18]. 

In addition to the Landsat satellites, the AQUA and TERRA satellites are part of the 
Earth Observation System (EOS), a program founded by NASA and developed in 
partnership with Japan and Brazil, launched in 2002. The TERRA satellite was launched 
in 1999, involving aerospace agencies from Canada and Japan. The MODIS sensor is on 
board these two satellites, which can acquire Earth images from 1 to 2 days, with a spatial 
resolution of 250, 500, and 1000 meters. This sensor was used in approximately 18% of all 
revised articles. In addition, the TERRA satellite has in its instruments the ASTER sensor, 
which offers better spatial resolution, reaching 15 meters for the visible and near-infrared 
region, 30 meters for the short wave infrared region, and 90 meters for the thermal bands 
[19-21].  

In general, Landsat and TERRA/AQUA sensors were more often used due to the long 
historical series and the free acquisition cost. However, although Landsat 8 provides the 
thermal data at a good spatial resolution of 100 meters, their 16 days revisit time is too 
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long. However, with Landsat 7, 8, and 9 in operation, this temporal resolution could 
decrease to five days. In contrast, the MODIS sensor provides its data in a shorter revisit 
period, although the thermal data spatial resolution is rougher, with 1 km. Therefore, one 
of the remote sensing challenges is acquiring surface temperature data in high spatial and 
temporal resolution, which is currently not possible [22]. 

The satellites and sensors highlighted as "others" are those that had only one 
occurrence in the reviewed articles, such as Worldview 3 used in [23], Meteosat Seviri in 
[23], Sentinel 1 A-B Multispectral Instrument (MSI) operated by [25], PROBA-V: 
Copernicus Global Land Cover Layers (CGLS-LC) 100 in [26], ECOSTRESS used in [27], 
Copernicus Global Cover maps (C-GLOPS) also in [27], NECP-GR data by [28], Gaofen-1 
in [29] and Visible Infrared Imaging Radiometer Suite (VIIRS) by [30]. 

In addition to satellite images, one alternative is non-orbital data use, such as 
obtained by unmanned aerial vehicles (UAV) and aerodynamic twin engines. Their main 
advantage is the high spatial and temporal resolution, which is very useful for obtaining 
land surface temperature and their analysis in specific local climate zones. However, the 
operational cost of these tools is still relatively high [31]. 

3.4. Method to Obtain the Land Surface Temperature (LST) 
Land Surface Temperature (LST) is essential for surface urban heat island studies. 

Usually, it is not measured directly by remote sensors, requiring mathematical methods 
to be estimated. Therefore, the methods used in the LST calculations used by the articles 
reviewed were cataloged and presented in Figure 7. 

 

Figure 7. Land Surface Temperature (LST) calculation Methods. 

Many LST estimation algorithms have been proposed and can be classified, 
according to [32], into three categories: Single-channel algorithms (SCA), Multi-channel, 
and Split-Window Algorithms (SWA). Together they account for 52% of the methods used 
in the articles reviewed to obtain LST. 

The SCA advantage is that it estimates the LST with only one thermal channel. Thus, 
this method is the only one that can be applied to the Landsat platform with a thermal 
channel, such as the Landsat 4, 5, and 7 TM bands [33]. However, according to [34], the 
SWA is the best for calculating the LST from satellite data to understand SUHI. This 
method requires simultaneous data from at least two sensor channels, requiring only the 
atmospheric moisture content and surface emissivity as the parameters. The Statistical 
Mono-Window Algorithm (MWA) uses the thermal band brightness temperature, mean, 
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and surface emissivity difference to estimate the LST [35]. The equations of the three 
algorithms mentioned can be seen in Table 04. 

Table 4. Equations of LST estimation algorithms. 

Index Equations Authors 

Split-Window Algorithm 
(SWA) 

Ts = C + (A1 + A2 (1-e/e) + A3 
( Δe/e²)) T4+T5/2 + (B1 + B2 
(1-e/e) + B3( Δe/e²) T4-T5/2 

[36] 

Single-channel Algorithm 
(SCA) 

Ts = y1e(ψ 1 Lsen + ψ 2) +  ψ3 
+  δ 

[33] 

Mono-Window Algorithm 
(MWA) 

LST = B(LST)/(ln 
e(λ.B(LST)/p+1)) 

[37] 

The LST calculation methods obtained through algorithms already implemented in 
software such as ENVI-met, Google Earth Engine, ArcGIS, and QGIS classification plugin 
were also widespread in the revised articles. Using friendlier software to obtain LST has 
become increasingly common and generally increases the number of users. In addition, it 
is worth highlighting they were used not only to get the LST but also to calculate the SUHI 
and the LCZ, among others. 

It is notorious that the method classified as "others" is the most often found in our 
review, reaching 13 in this category. Still, it is worth noting that among them, some are 
used only once, such as the Two-channel algorithm [30], Algorithm Practical Single-
channel [28], and Normalized Emissivity Method (NEM) [16]. Furthermore, 12% of the 
studies do not inform the method to classify the LST, which is a problem for replicating 
the methodology. 

3.5. Surface Urban Heat Island (SUHI) Calculation 
The surface urban heat islands (SUHI) are commonly calculated as the difference 

between the LST in urban and rural areas, according to [31], as illustrated in Figure 8. 
However, there are several proposals for calculating SUHI because not every urban 
cluster will be the same, and the urban and rural border areas are sometimes difficult to 
discriminate [30]. 

 

Figure 8. Urban Heat Island representation. Source [9]. 
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Therefore, all SUHI calculation methods found in the articles reviewed were 
cataloged and shown in Figure 9. 

 

Figure 9. SUHI calculation methods. LSTu is the LST of the urban area; LSTsurb/r is the LST of the 
suburban and rural areas. 

In more than half of the articles reviewed, the SUHI calculation method was not 
mentioned. This is a problem since it is essential in the article's methodology to present 
all the steps to get to the results. One explanation is that not all research focuses on 
identifying the heat islands, only verifying the LST effects on each LULC class. 

From the articles in which the SUHI method was mentioned, the majority, about 56%, 
used the difference between the LST average of LCZ built and land cover types. This last 
one is usually class D, representing low vegetation such as grasslands or herbaceous 
plants/crops (see Figure 1). In addition, only [38] used another LCZ land cover class as a 
reference, which used class B, which means scattered trees with mostly pervious land. 
However, only using LCZ classes to improve the SUHI calculation is considered an 
improvement in the research's articles [5,39]. 

Other methods used to differentiate SUHI in urban and suburban/rural areas appear 
in 20% of the articles reviewed. While [35,40] uses the traditional SUHI method, consisting 
of the difference between the urban and rural areas LST, other studies, such as [41,42], 
only analyze the study area using the LST intensity and heat maps. 

3.6. Method To Obtain The Local Climate Zones 
Some methods are used in the literature to obtain the local climate zones (LCZ). The 

most used among the articles reviewed is shown in Figure 10. 
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Figure 10. Methods of LCZ calculation. 

The method that appears the most, with 39% among all publications, is from the 
World Urban Database and Access Portal Tools (WUDAPT). According to [5], it provides 
instructions for the LCZ classification using open access data and software, and the 
classification system consists basically of 1) data processing: including satellite image 
obtention, usually using Landsat; 2) selection of training and verification samples using a 
visual interpretation method with Google Earth images; 3) LCZ classification: Based on 
the samples obtained previously using the Random Forest classifier in some Geographic 
Information System (GIS) software, such as the System for Automated Geoscientific 
Analyses (SAGA), and finally the; 4) Accuracy assessment: using confusion matrix, the 
Kappa coefficient, and general precisions. After these steps, if the LCZ classification is not 
considered good, the training and verification samples should be collected again until a 
good map accuracy is reached. 

The "others" LCZ classification methods appear in 21%, corresponding to unique 
ways with an appearance in only one article each. It generally used approaches already 
adopted in software, such as the QGIS plugin, as the [13] study, the Copernicus LCZ 
generating tool seen in [43] research, and methods based on previous studies such as those 
of [44,45]. 

In about 13% of the articles reviewed, Stewart and Oke's methodology was used, such 
as the [46,47] articles. This LCZ classification method consists of 1) Local data collections: 
where it is proposed to visit the site for data collection such as building geometries, land 
cover, and population density, among others. It is recommended to use secondary sources 
such as aerial photographs, satellite images, or land use and cover maps only if it is not 
possible to visit the studied area; 2) Set the thermal source: which are usually weather 
stations but can be adapted for optical sensors; and finally the 3) Selection of local climate 
zones: based in the data of step 1. In addition, the authors also raised the possibility of 
adapting the LCZ classes by joining two or more of them or even creating new ones, such 
as the snow cover for cold places [6]. It is also important to highlight that in approximately 
13% of the articles, the LCZ methodology was not mentioned. 

3.7. Variables Associated With SUHI and LCZ 
Some variables associated with SUHI identification used in conjunction with LCZs 

were cataloged in this systematic review and shown in Figure 11. Of these variables, three 
of them were based on spectral indices presented in Table 5. 
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Figure 11. Variables associated with SUHI and LCZ used in the articles reviewed. 

Table 5. Equations of principal spectral indexes used in the articles reviewed. 

Index Equations Authors 
Normalized Difference Vege-

tation Index (NDVI) 
NDVI = (NIR – R)/(NIR + R) [48] 

Normalized Difference Wa-
ter Index (NDWI) 

NDWI = (NIR – SWIR)/(NIR 
+ SWIR) 

[49] 

Normalized Difference 
Building (NDBI) 

NDBI = (SWIR – NIR)/(SWIR 
+ NIR) 

[50] 

The NDVI is one of the most well-known and used spectral indexes in the articles 
reviewed, with 23%. It was proposed by [48], and it is obtained by a normalized equation 
of reflectance in the NIR (near infrared) and R (Red) bands, with values ranging from -1 
to  +1. This index was used in studies such as [40], where the index allows for analyzing 
the vegetation spatial distribution difference in urban and rural areas. 

Other spectral indices mostly used were the Normalized Difference Water Index 
(NDWI) and Normalized Difference Building (NDBI), which appeared in 14% of the 
studies. For example, [43] also used them with the NDVI as conditional arguments for 
pixel size reclassification and LST variables for the prediction model. 

The category cited as "others" among the variables associated with SUHI and LCZ 
was the most frequent, with 46%. However, all the variables are only used once 
considered in all the articles reviewed. Some are related to population, such as in [50], 
used to determine the urban thermal environment influence. Another one is the heat 
island ratio, an index generated by [51] that makes temperatures of different years 
comparable. Further, Night Lights (NL), Sky View Factor (SVF), and Building Height (BH) 
appeared in 5,7% of studies, respectively. 

In addition, although it is not a variable, many studies used statistical methods to 
improve their analysis and results among the articles reviewed and were also cataloged 
in this systematic review and presented in Figure 12. 
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Figure 12. Statistic methods used by the articles reviewed. 

The analysis of variance (ANOVA) was the most statistical method found in 20% of 
studies. Generally, it is used to decide whether the observed sample differences are real, 
caused by significant differences in the populations or if they are casual, resulting from 
the sample variability. Thus, this analysis goes from the assumption that chaos produces 
slight deviations while significant differences are generated by natural causes [52]. In the 
articles reviewed, the ANOVA was used to examine the significance of the difference 
among the thermal groups. 

Together with ANOVA, the Tukey test, also known as Tukey Honestly Significance 
Difference (HSD), was found in 11% of studies. It was used to determine which pair of 
LCZ is significantly different in terms of LST mean. Studies using these two statistical 
methods were those of [53-55]. 

In addition to these methods, many others are used, as highlighted in the "Others" 
category, demonstrating the statistical procedure's importance for better evaluating the 
LST and LCZ correlations. 

3.8. Most Used Software 
In the SUHI and LCZ studies, using more than one software is expected. In this 

systematic review, the most used software in the articles reviewed was cataloged and 
shown in Figure 13. 
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Figure 13. Software most used in the reviewed articles. GEE is Google Earth Engine; ENVI is 
Environment for Visualizing Images; R is R language; SPPS is Statistics Package for the Social 
Science. 

Google Earth is the most widely used software in 22% of the studies, followed by 
SAGA/GIS in 17%. The first is a program developed by Google, providing a three-
dimensional model of the globe built from satellite image mosaics. Thus, using this 
software, it is possible to identify features, places, constructions, cities, and landscapes. 
More information about it is available at (https://www.google.com.br/intl/pt-BR/earth/). 
While SAGA/GIS, a free GIS software, is used as an effective spatial algorithms 
implementation providing a set of geostatistical methods. More information about it is 
available at the link (https://saga-gis.sourceforge.io/en/index.html). This two software 
were widely used to generate the LCZ maps, Google Earth for collecting training and 
verification samples, and the SAGA/GIS to run the classifier, usually Random Forest, as 
mentioned in sub-section 3.6. 

Another widely used software is ArcGIS, with a 14% appearance. During the reviews 
of the articles, it was observed that it was used for various functions, both for statistical 
analysis [53]; LST calculation [51], among others. Esri, a private company in geographic 
information services, maintains this platform. More information about it can be found at 
(https://www.esri.com/en-us/arcgis/products/arcgis-online/overview). A well-known 
software that replaces ArcGIS is QGIS. Its main advantage is that it is free-to-use software, 
although, in the systematic review, it had only been presented in a few studies. 

4. Final Considerations 
This systematic review evaluates the state of the art related to the use of local climatic 

zones to identify the surface urban heat islands through remote sensing techniques. It was 
revealed that the theme interest is very recent, has increased over the years, and has a 
growth trend in the future. Therefore, using the PRISMA method, it was identified 10,406 
articles in the literature, which, after being submitted to the selection, eligibility, and, 
finally, inclusion steps, resulted in 51 articles. They were further analyzed, cataloged, 
presented, and discussed in this article using tables, cluster analysis figures, and maps. 

Our main results demonstrate that among the satellite found in the publications, 
Landsat and TERRA/AQUA sensors appeared the most, with 82%. However, there is a 
tendency for other sensors to be used, such as Sentinel 2, with 7% appearances. Regarding 
the methods to obtain LST, the Split Window and Single-Channel Algorithm were the 
most used, reaching more than 26% each. For the SUHI calculation, more than half of the 
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articles did not inform or detail the methodology used. However, in 56% of the articles, 
the difference between the LST average of a given LCZ urban and land cover class was 
used, demonstrating the concern of scholars to improve the SUHI calculation considering 
the LCZ. For the LCZ classification, the WUDAPT method is still the one that appears the 
most, occurring in 39% of publications. In addition, three spectral indices, NDVI, NDWI, 
and NDBI, were the most found among all the variables related to SUHI and LCZ. 
However, several other variables appeared, some of them just once. It is worth pointing 
out that many statistical methods were used for better analysis of LST and LCZ, 
demonstrating the importance of these methods for assessing the correlations among 
them and highlighting ANOVA as the most used statistical method. For last, the most 
used software was Google Earth and SAGA/GIS, widely used to obtain the LCZ maps, 
justifying the frequency of their appearances. 

It is worth noting that this study has some limitations, such as the article's method 
choice, which used the Scopus database. However, to mitigate this problem some other 
articles from other databases were included in this systematic review. Finally, considering 
the current climatic changes, this systematic review is a reference for news studies on 
surface urban heat island identification through local climate zones in different areas of 
the world using remote sensing data to estimate the land surface temperature. 
Consequently, these studies can help decision-makers to mitigate these effects. 
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Appendix A 

Table A1. Articles read in the systematic review. 

Title  Year of publication Authors 
Dynamics and controls of urban heat 
sink and island phenomena in a de-
sert city: Development of a local cli-
mate zone scheme using remotely-

sensed inputs 

2016 [22] 

Analysis of land use change and ex-
pansion of surface urban heat island 

in Bogor city by remote sensing 
2018 [53] 

Understanding Land Surface Tem-
perature Differences of Local Cli-

mate Zones Based on Airborne Re-
mote Sensing Data 

2018 [16] 

Analysis of the Spatial and Tem-
poral Variations of Land Surface 
Temperature Based on Local Cli-

mate Zones: A Case Study in Nan-
jing, China 

2019 [29] 

Detecting multi-temporal land cover 
change and land surface tempera-

ture in Pearl River Delta by adopting 
local climate zone 

2019 [15] 

Enhanced geographic information 
system-based mapping of local cli-

mate zones in Beijing, China 
2019 [56] 

Impact of atmospheric conditions 
and levels of urbanization on the re-
lationship between nocturnal surface 

and urban canopy heat islands 

2019 [47] 

Inter-/intra-zonal seasonal variabil-
ity of the surface urban heat island 

based on local climate zones in three 
central European cities 

2019 [57] 

Multi-Temporal Effects of Urban 
Forms and Functions on Urban Heat 
Islands Based on Local Climate Zone 

Classification 

2019 [46] 

Seasonality of Surface Urban Heat 
Island in Delhi City Region Meas-
ured by Local Climate Zones and 

Conventional Indicators 

2019 [54] 

SUHI analysis using Local Climate 
Zones—A comparison of 50 cities 

2019 [58] 

Urban design factors influencing 
surface urban heat island in the 
high-density city of Guangzhou 
based on the local climate zone 

2019 [44] 

Annual and monthly analysis of sur-
face urban heat island intensity with 
respect to the local climate zones in 

Budapest 

2020 [59] 

Evaluation of urban heat islands us-
ing local climate zones and the influ-

ence of sea-land breeze. 
2020 [14] 

Inter-local climate zone differentia-
tion of land surface temperatures for 
Management of Urban Heat in Nai-

robi City, Kenya 

2020 [60] 

Mapping Local Climate Zones Using 
ArcGIS-Based Method and 

2020 [61] 
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Exploring Land Surface Tempera-
ture Characteristics in Chenzhou, 

China 
Optimizing local climate zones to 

mitigate urban heat island effect in 
human settlements 

2020 [4] 

Remote sensing of urban thermal en-
vironments within local climate 

zones: A case study of two high-den-
sity subtropical Chinese cities 

2020 [62] 

Spatial and temporal analysis of the 
increasing effects of large-scale infra-
structure construction on the surface 

urban heat island 

2020 [51] 

Spatiotemporal Changes in the Ur-
ban Heat Island Intensity of Distinct 
Local Climate Zones: Case Study of 
Zhongshan District, Dalian, China 

2020 [38] 

The local climate impact of an Afri-
can city during clear-sky condi-

tions—Implications of the recent ur-
banization in Kampala (Uganda) 

2020 [24] 

 
Urban Spatial Patterns and Heat Ex-
posure in the Mediterranean City of 

Tel Aviv 

2020 [47] 

Use of Local Climate Zones to inves-
tigate surface urban heat islands in 

Texas 
2020 [63] 

Using local climate zones to com-
pare remotely sensed surface tem-

peratures in temperate cities and hot 
desert cities 

2020 [40] 

A cooled city? Comparing human 
activity changes on the impact of ur-
ban thermal environment before and 

after city-wide lockdown 

2021 [50] 

A practical approach of urban green 
infrastructure planning to mitigate 
urban overheating: A case study of 

Guangzhou 

2021 [42] 

An application of the LCZ approach 
in surface urban heat island map-

ping in Sofia, Bulgaria 
2021 [31] 

Analyses of land surface tempera-
ture (LST) variability among local 
climate zones (LCZs) comparing 

Landsat-8 and ENVI-met model data 

2021 [13] 

Combination of Sentinel-2 and PAL-
SAR-2 for Local Climate Zone Clas-

sification: A Case Study of Nan-
chang, China 

2021 [25] 

Dynamic changes of local climate 
zones in the Guangdong-hong kong-

Macao greater bay area and their 
spatial-temporal impacts on the sur-
face urban heat island effect between 

2005 and 2015 

2021 [64] 

Evaluation of seasonal variability in 
magnitude of urban heat islands us-
ing local climate zone classification 

and surface albedo 

2021 [41] 

Exploring diurnal thermal variations 
in urban local climate zones with 

2021 [27] 
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ECOSTRESS land surface tempera-
ture data 

Exploring the relationship between 
urban form and land surface tem-

perature (LST) in a semi-arid region 
case study of Ben Guerir city - Mo-

rocco 

2021 [35] 

LCZ scheme for assessing Urban 
Heat Island intensity in a complex 

urban area (Beirut, Lebanon) 
2021 [65] 

Local climate zones and thermal 
characteristics in Riyadh City, Saudi 

Arabia 
2021 [66] 

Local climate zones mapping using 
object-based image analysis and val-
idation of its effectiveness through 
urban surface temperature analysis 

in China 

2021 [28] 

Seasonal SUHI analysis using local 
climate zone classification: A case 

study of Wuhan, china 
2021 [67] 

Spatial variability and temporal het-
erogeneity of surface urban heat is-
land patterns and the suitability of 
local climate zones for land surface 

temperature characterization 

2021 [12] 

Spatiotemporal characteristics of the 
surface urban heat island and its 
driving factors based on local cli-
mate zones and population in Bei-

jing, china 

2021 [5] 

The suitability of the urban local cli-
mate zone classification scheme for 
surface temperature studies in dis-

tinct macroclimate regions 

2021 [68] 

Time Evolution of the Surface Urban 
Heat Island 

2021 [69] 

Urban Thermal Characteristics of 
Local Climate Zones and Their Miti-
gation Measures across Cities in Dif-

ferent Climate Zones of China 

2021 [55] 

An urban energy balance-guided 
machine learning approach for syn-
thetic nocturnal surface Urban Heat 
Island prediction: A heatwave event 

in Naples 

2022 [43] 

Analysis of surface urban heat is-
lands based on local climate zones 

via spatiotemporally enhanced land 
surface temperature 

2022 [30] 

Diurnally continuous dynamics of 
surface urban heat island intensities 
of local climate zones with spatio-
temporally enhanced satellite-de-
rived land surface temperatures 

2022 [39] 

Estimation of the Urban Heat Island 
Effect in a Reformed Urban District: 

A Scenario-Based Study in Hong 
Kong 

2022 [70] 

Geographical Detection of Urban 
Thermal Environment Based on the 
Local Climate Zones: A Case Study 

in Wuhan, China 

2022 [71] 

Identification of SUHI in Urban Ar-
eas by Remote Sensing Data and 

2022 [23] 
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Mitigation Hypothesis through Solar 
Reflective Materials 

Spatiotemporal evolution of urban 
development and surface urban heat 

island in Guangdong-Hong Kong-
Macau greater bay area of China 

from 2013 to 2019 

2022 [72] 

The role of blue green infrastructure 
in the urban thermal environment 
across seasons and local climate 

zones in East Africa 

2022 [26] 

Using Local Climate Zones to inves-
tigate Spatio-temporal evolution of 
thermal environment at the urban 

regional level: A case study in Xi'an, 
China 

2022 [32] 
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