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Abstract: Urban heat island (UHI), a phenomenon in which land surface temperatures (LSTs) in an
urban area are notably higher than that in the surrounding rural area, has made the living environment
thermally uncomfortable, endangered public health, and increased the energy consumption on indoor
air cooling. To develop a liveable and sustainable city, it is crucial to provide an accurate estimation
of the UHI effect for urban planners when an area is transformed from bare lands to a high density of
buildings. With this objective, the study develops multivariate spatial regression models based on
LSTs retrieved from Landsat-8 thermal images to estimate the distribution of urban heat magnitudes
(i.e., UHMs, relative temperatures referenced to rural temperature), by considering four types of
causative factors that include land use and land cover, urban morphology, heat source, and local
climate zones. Partial correlation analysis is performed to determine explainable variables and R2

is used to evaluate the models. Based on the constructed models and a master plan of buildings
in Kowloon East, Hong Kong, the future UHM distributions are forecasted on four representative
days in different seasons. Results show that the UHI effect will be mitigated significantly when
the new buildings are built, suggesting appropriate urban planning regarding the urban thermal
environment. We found that the considered factors can largely explain the daytime UHIs in both the
built-up areas and land-cover areas. The proposed method can also be used to optimize the urban
design for creating a more thermo-friendly urban environment.

Keywords: urban heat islands; urban planning; local climate zones; multivariate regression; Geographical
Information Science; remote sensing

1. Introduction

The urban heat island (UHI), a phenomenon that air temperatures or land surface
temperatures (LSTs) are generally higher in urban areas than its surrounding rural areas,
is a significant anthropogenic alteration to the Earth’s environment [1]. The acceleration
of global urbanization exacerbates the UHI effect, resulting in a variety of consequences,
such as atmospheric environment intervention [2], regional climate change [3], enhanced
vegetation growth [4,5], and air and water pollution by disrupting the surface-energy
balance [6]. Meanwhile, UHI can increase energy consumption [7], endanger human
health [8], and considerably obstruct the development of environmentally sustainable
cities [9].

In response to these issues, an early study assessed the UHI effect by considering
multiple influential factors, such as canyon radiative geometry, thermal characteristics of
buildings and vegetation, anthropogenic heat emission, and turbulent transmission [10].
According to one study, natural terrain (e.g., soil, vegetation, and water bodies) was
gradually being replaced by impervious artificial surfaces (e.g., asphalt, and concrete)
that reduced evapotranspiration and increased the sensitive heat, which was especially
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noticeable in high-density areas [11]. Another study found that rapid building construction,
as well as the emergence and spread of skyscrapers, exacerbated the UHI effect [12].

The above studies imply that the spatial configuration of buildings and the thermal
environment are the root causes of UHI. On this basis, numerous indicators have been
proposed to perform correlation analysis with the urban heat magnitude (UHM) defined
by the temperature difference between urban and rural areas, which can be classified into
three causative categories: (i) land use and land cover (LULC) that can be described by
normalized difference vegetation index (NDVI) [13], normalized differential build-up index
(NDBI) [14], and tree cover ratio and shrub cover ratio [15], (ii) urban morphology (UM)
that can be depicted by floor area ratio and building density [15], sky view factor (SVF) [16],
and building surface fraction and fabric density ratio [17], and (iii) thermal and radiative
property (TRP) that can be represented by solar irradiation [18], surface albedo [17], and
wind velocity [19,20].

It is discovered that these indicators have varying effects on UHMs. For exam-
ple, UHMs are increasing in proportion to the amount of thermal mass absorbed by
cities [20–23]. While the UHI effect will be mitigated when the vegetation cover ratio is
high because vegetation increases latent heat transfer in the air via transpiration and evap-
oration [4,5,24,25], and UHMs are decreasing in areas where there are more high rises
buildings casting significant shadows [20,23,26,27]. However, these studies did not account
for the regional effects of the urban landscape, which can create a variety of microclimates
and thus have a significant impact on the urban thermal environment.

Since it has been demonstrated that the UHMs can be largely explained by background
climate in over 30,000 global cities [28] and urban form in 1288 Chinese urban clusters [29],
it is reasonable to develop a model that integrates microclimate with the above three
causative categories for a better understanding of the UHI effect. This is critical for climatic
modelling and may even be useful for urban planning and weather forecasting [2], which
is a growing concern for urban planners [30]. Therefore, there is a trend to deepen from
tracking spatio-temporal dynamic behaviour of UHIs [31,32] and gaining an in-depth
understanding of the UHI formulation [28,29] to propose solutions to mitigate the UHI
phenomenon, such as optimizing locations of green space [33].

The new trend necessitates the development of a robust model capable of evaluat-
ing and even mitigating the UHI effect through urban design, which has not been well
established yet. To address this issue, this study aims to: (i) propose and determine UHI
related indicators by considering comprehensive effects from microclimates and the three
categorized indicators, (ii) investigate spatial and seasonal variations of UHMs in a densely
urban area and build spatial regression models to estimate seasonal changes of UHMs, and
(iii) predict UHM distribution in different seasons based on a master plan of buildings.

2. Literature Review
2.1. Local Climate Zones

Regarding urban microclimate, one novel study developed a categorization system
to classify urban areas into 17 different local climate zones (LCZs), particularly for the
study of UHIs [34]. There are two types of LCZs: (i) ten built type LCZs (i.e., LCZ-1 to
LCZ-10) that are composed of artificial structures on a prevailing land cover, which are
either compact zones with paved surfaces or open zones covered by low plants or scattered
trees, and (ii) seven land cover type LCZs (i.e., LCZ-A to LCZ-G) that describe dominant
land covers. For instance, LCZ-1 denotes a compact highrise landscape, whereas LCZ-A
denotes dense trees. Because LCZs provide descriptive information essentially, they can
be used as classifiers to perform correlation analysis for each LCZ or category variable in
mathematical modelling. Thus, the UHMs can be estimated using the four categorized
factors of LCZ, LULC, UM, and TRP, which requires a set of spatio-temporal associated
datasets and a robust regression model.
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2.2. Land Surface Temperatures

To estimate UHMs accurately, all datasets should be organized in the same spatio-
temporal domain, where UHMs can be represented by air temperatures or LSTs. Although
air temperatures can be recorded at the high-temporal resolution, they typically lack large
coverage at the high-spatial resolution due to the scarcity of monitoring stations [35],
which contradicts this study that requires a detailed investigation of the UHI effect over
a large urban area. Alternatively, LSTs retrieved from satellite thermal images can be
used to quantify UHMs because they can provide spatially continuous observations of the
temperatures in urban areas [36,37]. This is critical for enabling spatial association with
UHM-related indicators, even though the temporal resolution is lower.

2.3. Regression Models

To assess the effects of urban planning indicators, Lin et al., (2017) conducted linear
regressions between the UHMs and land use indicators (i.e., floor area ratio, building
density, and park area) and greenery indicators (i.e., tree cover ratio) [15], respectively.
It is found that the floor area ratio, building density, and tree cover ratio had a strong
and negative correlation with the UHMs during the daytime, and the park area was
cooler than the surrounding urban streets during both daytime and nighttime. Using
a similar multi-linear regression, it was found that the UHI effect increased with the
logarithm of the urban size but decreased with the logarithm of the anisometry based on
the 5000 European cities [38]. In another study, quadratic equations were created between
LST and each individual indicator (e.g., NDVI, NDBI, and digital elevation model) in four
study areas, which achieved high correlations for some indicators [39]. According to the
study, green and blue space ratios, road networks, and housing distributions all had a
significant impact on UHIs.

Furthermore, spatial regression models were developed to build regressions between
LSTs and six indicators, including impervious surface area proportion, vegetation area
proportion, water proportion, SVF, building density, and floor area ratio [40]. With the
consideration of spatial autocorrelation, it was demonstrated that the spatial error model
(SEM) with a spatially correlated error term was outperformed the spatial lag model (SLM)
with a spatially correlated dependent term in the study area, based on R2, loglikelihood,
AIC, and Schwarz criteria. A similar study combined SEM and SLM to build the regressions
between LSTs and the influential indicators (i.e., building ground floor area, water, solar
irradiation, NDVI, and SVF), suggesting the effectiveness of the model to mitigate UHIs
through urban design [18]. The two studies imply that spatial regression models are
effective, which will also be developed in our study to investigate the UHI effect. Rather
than focusing on the absolute LST [18,40], this study will use HUM, a relative temperature
subject to the referenced rural temperature, as the dependent variable of the model, which
can represent the UHI effect more accurately. Unlike the previous study [38] comparing
the UHI effects in multiple urban areas, this study will comprehensively investigate the
seasonal effects of LCZ, LULC, UM, and TRP on UHIs in a densely urban area.

Multi-linear regression models were developed to predict UHI intensity based on key
parameters (i.e., SVF, surface albedo, vegetation density ratio, and building surface fraction)
classified by LCZs [17]. Few studies have been conducted to optimize urban planning to
reduce the UHI effect. One study proposed weighted multi-objective modelling to predict
the cooling effect during both daytime and nighttime by optimizing locations of green
space [33]. The objective function was solved repeatedly by varying the weights between
0 and 1, identifying the most significant benefits based on the day-versus-night cooling
trade-offs. In comparison, this study is significant since it will incorporate all four types
of causative factors (LCZ, LULC, UM, and TRP) into the spatial regression modelling to
quantify the UHI and a comprehensive framework will be developed to predict the future
thermal environment based on a planned urban landscape rather than optimizing the
cooling effect.
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This study is innovative in three major aspects. First, the UHI influential factors are
proposed and modelled systematically with the consideration of heat sources, urban mi-
croclimates, urban morphology, and land use and land cover. Second, the spatio-temporal
effects of the influential factors are quantified and evaluated by developing multivariate
regression models for the four seasons. Third, the UHI distribution in a reformed urban area
is predicted across different seasons based on a master plan of buildings, which is important
for guiding urban planning on creating a comfortable urban thermal environment.

3. Estimation of the UHI and UHS
3.1. Definitions of the Urban Heat Magnitude

Urban heat island (UHI) and urban heat sink (UHS) have been widely defined as
urban areas where their temperatures (e.g., land surface temperatures) are higher or lower
than the referenced rural temperature, respectively [41,42]. To investigate the effects of
urban climates on the UHI and UHS phenomena, the concept of Local Climate Zone (LCZ)
is used, which proposes a standard method for characterizing and classifying holistic urban
landscapes with the consideration of micro-scale land-cover and physical properties [34].
The study suggested that each LCZ presents a distinct urban landscape defined by specific
geometry and surface cover attributes [34], making it an appropriate candidate for UHI and
UHS research. LCZs are categorized into 17 zones, which contain ten built types from LCZ-1
to LCZ-10 to describe densely populated zones with varying building densities, heights,
and distances, and seven land-cover types from LCZ-A to LCZ-G to denote different natural
environments. With the consideration of LCZs in this study, the average LST in LCZ-D
(i.e., low plants) is used as the referenced rural temperature, and a UHI and a UHS are
defined as a local climate zone where its LSTs are higher or lower than the referenced LST.
Based on this definition, urban heat magnitude (UHM) is proposed as the LST difference
(Equation (1)) between the LCZ-X and LCZ-D, where LCZ-X represents any one of the ten
built types (LCZ-1 to LCZ-10) or seven land cover types (LCZ-A to LCZ-G).

∆T = LSTX − LSTD (1)

3.2. Research Framework for Building the UHM Estimation Model

This study proposes a model to estimate UHMs in a planned urban area as shown
in Figure 1, which is composed of four major steps. First, the model is based on a series
of datasets, including the remote sensing dataset (i.e., Landsat-8 imagery), GIS dataset
(i.e., building footprints, DSM, and the map of LCZs), and meteorological dataset (i.e.,
historical weather, and solar irradiation). Second, a set of spatial indicators are proposed
that can be categorized into the dependent variable (i.e., UHMs), independent variables
(i.e., eight indices to represent UM, LULC, and TRP), and category variable (i.e., LCZs).
Third, spatial correlations between the proposed indicators and the UHMs can be built
and analyzed to determine the indicators that can be used to explain the UHI and the UHS
effect. On this basis, for each season, a spatially multivariate regression model is built based
on the determined explicable indicators. Fourth, based on the established spatial regression
models, the UHMs can be predicted based on a determined master plan of the buildings.

3.3. Multivaritate Regression

This study assumes that heat source (i.e., solar irradiation accumulated during the
daytime), land use and land cover (e.g., represented by normalized difference vegetation
index), urban morphology (e.g., represented by sky view factor), and local climate zones
affect UHMs comprehensively. When the UHM influential factors are determined based on
the correlation analysis, multivariate regression can be built to quantify the effects of these
indicators on UHMs on a specific day. Particularly, when incorporating LCZs to describe a
diverse landscape, the LCZ classification will be used as a category matrix in the regression,
which is supposed to improve the estimation accuracy of UHMs, compared with a uniform
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model without the distinction of LCZs. This is because different LCZs are likely influencing
the UHMs heterogeneously, which is also suggested by previous studies [34,43–45].
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Since all the types of LCZs are quite complex and could not be considered simply as
built-up areas or land cover areas, LCZs are incorporated into the regression as category
variables to obtain accurate mathematic modelling. To build a multivariate regression
model, a set of spatial contiguous and homogenous grid cells are created firstly at an
appropriate spatial resolution to cover the whole study area, and then the proposed indices
are calculated for each grid cell, resulting in the same number of the samples for all
the indicators that can be used to build multivariate regressions. In the model, there
are two steps to select effective indicators. One is correlation analysis to determine the
explainable indicators, and the other is a regression coefficient test aiming to get the
significant indicators. The tolerance (O) and variance inflation factor (VIF) will be calculated
to ensure the indicators are not multicollinear before building a multivariate regression
model following Equation (2), where Y is the dependent variable, C1 and C2 are a vector of
regression coefficients, X1 is the matrix of UHM related variables, X2 is the matrix of LCZ
category variables, and ε is a vector of random errors.

Y = C1 × 1 + C2 × 2 + ε (2)

3.4. Retrieval of Land Surface Temperature

The LST can be calculated in a variety of ways [46,47]. This study converts top of
atmosphere brightness temperature to calculate LSTs based on band 10 of the Landsat-8
satellite’s Thermal Infrared Sensors [48]. The Digital Numbers (DN) from the raw Landsat-8
images are converted to Top of Atmosphere (TOA) reflectance values based on Equation (3):

Lλ = MLQcal + AL (3)

where Lλ is the TOA spectral radiance in the unit of Watts/(m2 × srad × µM), ML and AL
are the band-specific multiplicative rescaling factor and the band-specific additive rescaling
factor obtained from the metadata, respectively, and Qcal is the quantized and calibrated
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standard product DNs. Then, using the thermal constants included in the metadata file
of the Landsat-8 product, thermal bands can be converted from spectral radiance to TOA
brightness temperature in Equation (4), where T is the TOA brightness temperature (K),
and K1 and K2 are the band-specific thermal conversion constants from the metadata.

T =
K2

ln
(

K1
Lλ

+ 1
) (4)

3.5. Modelling of the UHM Indicators
3.5.1. Normalized Differential Built-Up Index (NDBI)

NDBI is a spectral index to execute a legitimate and realistic relationship between LST
and the built-up area in a city [23,49]. NDBI ranges between [−1, 1] that negative values
represent vegetation, while positive values represent built-up areas. NDBI can be calculated
using Landsat OLI data in Equation (5), in which SWIR is the short-wave infrared band
(band 6 for Landsat-8), and NIR is the near-infrared band (band 5 for Landsat-8).

NDBI =
(SWIR − NIR)
(SWIR + NIR)

(5)

3.5.2. Normalized Difference Vegetation Index (NDVI)

NDVI is the widely used and most popular index for vegetation assessment, which
ranges between [−1, 1] [25,50]. The negative values present areas predominated by clouds,
water, and snow, around-zero values suggest areas primarily occupied by rocks and barren
soil, moderate values (from 0.2 to 0.3) represent shrubs and meadows, and large values
(from 0.6 to 0.8) represent temperate and tropical forests. NDVI can be calculated in
Equation (6) by using the red and near-infrared (NIR) bands [51], where NIR is the near-
infrared band (i.e., band 5 for Landsat-8) and R is the red band (i.e., band 4 for Landsat-8).

NDVI =
(NIR − R)
(NIR + R)

(6)

3.5.3. Sky View Factor (SVF)

SVF is the ratio between the radiation received in the plane and the radiation envi-
ronment of the entire hemisphere [52], which is an important index combining building
height and building density. The spatial distribution of SVF is closely related to the urban
morphologies impacting the urban thermal environment [53]. SVF ranges from 0 to 1, and
a larger value indicates a broader-view sky. The SVF is calculated from a particular place
while considering all nearby obstructions to the sky hemisphere [54]. SVF can be calculated
based on Equation (7):

SVF = 1 − ∑n
i=1 sinγi

n
(7)

3.5.4. Area Solar Radiation (ASR)

Solar irradiation varies significantly over spatio-temporal domains in a city [55], which
is considered to be an important heat source of UHIs that occur during the daytime. To
take this effect into consideration, the accumulation of solar irradiation is simulated by
using the Areal Solar Radiation toolset in ArcGIS Pro [56] which models the effects from
urban morphology and atmospheric conditions quantified by transmittivity (t) and diffuse
proportion (d). Specifically, t was calculated in Equation (8) by using the proportion of
the specific days that were clear, partly cloudy, and cloudy (Pclear, Ppartlycloud, and Pcloudy),
assuming the three weights are 0.70, 0.50, and 0.30, and d is calculated based on Equation (9)
that the three corresponding weights are 0.20, 0.45, and 0.70 [57].

t = 0.70Pclear + 0.50Ppartlycloud + 0.30Pcloudy (8)
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d = 0.20Pclear + 0.45Ppartlycloud + 0.70Pcloudy (9)

3.5.5. Building Indicators

In addition, four building indicators are proposed to delineate the urban morphology,
including building height (BH), building density (DEN), open space area (OSR), and floor
area ratio (FAR), which are essential indicators in urban planning. In particular, BH is a
measure of a region’s average building height (Equation (10)), DEN is the percentage of
all building footprints in a district (Equation (11)), OSR is the amount of outdoor open
space relative to the total floor area (Equation (12)), and FAR measures the total volume of
regional buildings (Equation (13)). In the equations, n represents the number of buildings,
Hi is the height of a building, Ai represents the base area of the buildings in a grid cell, and
Al is the area of a grid cell.

BH =
∑n

i=1 Hi

n
(10)

DEN =
∑n

i=1 Ai

Al
(11)

OSR =
∑n

i=1 Ai × Fi

Al − Ai
(12)

FAR =
∑n

i=1 Ai × Fi

Al
(13)

4. Empirical Investigation
4.1. Study Area

The Kowloon district in Hong Kong has a population of over 2.24 million people [58]
in an area of about 46.95 km2 [59], making it one of the world’s most densely populated
areas. Since the Hong Kong Government has established an initiative to convert the east
part of Kowloon (i.e., Kowloon East covering an area of 3.74 km2, as shown in Figure 2)
from bare land to a commercial and business district [60], it is critical for urban planners
to make this region thermally comfortable, considering that the UHI effect is a significant
phenomenon in Hong Kong that has made several adverse impacts to the society [61,62].
As a result, it is appropriate for this study to construct a UHM prediction model based on
the observation of the Kowloon district and evaluate the UHI effect in the planned urban
area of Kowloon East.
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4.2. Data Collection

This study collected a series of datasets adaptive to the proposed model. To observe
seasonal UHI effects under the same atmospheric condition, this study selects four sunny
days in four different seasons with few cloud-cover, based on the weather records obtained
from the Hong Kong Observatory [63]. The four days are on 1 April 2018 (in spring),
20 August 2017 (in summer), 14 November 2019 (in autumn), and 2 December 2020 (in
winter), all of which had stable weather without the influence of strong wind and typhoon
during the past 24 h. Since cloud cover can determine transmittivity and diffuse pro-
portion conclusively and hence influence solar irradiation significantly, historical cloud
cover data for the corresponding days is obtained from World Weather Online [64]. Then,
Landsat-8 satellite images captured at 10:58 am are downloaded from the United States
Geological Survey [65] to compute LSTs.

To build a UHM estimation model considering the effects of urban morphology,
building footprints (17,296 buildings in total) enriched with the height attribute in the entire
Kowloon area are obtained from the Lands Department of the Hong Kong Government.
To predict UHMs of the constructed Kowloon East area, the master plan of buildings in
Kowloon East, including the building blocks and the height attributes, is also obtained from
the Station Planning Portal 2 [66]. In addition, The Lands Department provided the Digital
Surface Model (DSM) covering the whole Kowloon area so that the SVF can be calculated
at a resolution of 10 m. Since different local climate zones may affect UHM differently, the
LCZ dataset [67] is obtained for investigating UHMs in the group of LCZs. According to
the dataset metadata, the overall LCZ classification accuracy in Hong Kong is 0.749 and
the built-up area accuracy is 0.941. The model is built with an integration of the spatial
database management system (DBMS) and ArcGIS Pro.

4.3. Data Pre-Processing
4.3.1. Mapping of the LCZs and SVFs

There are 3048 grid cells (i.e., 3048 data samples) in Kowloon when the statistical grid
cells are at 100 m resolution. Eleven types of LCZs are identified in the Kowloon area,
with built-up types (LCZs 1-6, 8, and 10) counting for 2772 grid cells (91% of the area) and
land-cover types (LCZs A, D, and E) counting for 276 grid cells (9% of the area), as shown in
Figure 3a and Table 1. The mean LST for LCZ-D in central urbanized Kowloon was chosen
as the referenced rural temperature to calculate UHMs as it represents vegetation in urban
areas. Also, SVFs are computed and presented in Figure 3b. Based on this, the average
UHM in each grid cell is obtained by calculating the LST difference between LCZ-D (i.e.,
low plants) and the others.
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Table 1. Statistics of the identified LCZs.

Types Zones Description Counts Proportion

Built-up types

LCZ-1 Compact highrise 590 19.36%
LCZ-2 Compact midrise 569 18.67%
LCZ-3 Compact lowrise 237 7.78%
LCZ-4 Open highrise 797 26.15%
LCZ-5 Open midrise 85 2.79%
LCZ-6 Open lowrise 5 0.16%
LCZ-8 Large lowrise 225 7.38%
LCZ-10 Heavy industry 264 8.66%

Land-cover
types

LCZ-A Dense trees 70 2.30%
LCZ-D Low plants 59 1.94%
LCZ-E Bare rock or paved 147 4.82%

The planned urban area of Kowloon East is about 3.2 km2, which will provide about
2 million square meters of building area for residences, offices, and hotels [68]. Based on
the LCZ classification rules, there will be four LCZs in the Kowloon East area as shown in
Figure 4a, including 27.27% LCZ-4, 13.64% LCZ-5, 33.15% LCZ-6 in built-up types, and
25.94% LCZ-D in land-cover types (Table 2). Meanwhile, the future SVFs are presented in
Figure 4b. Thus, 374 grid cells with 100 m resolution are generated so that all the indicators
are spatially associated in the DBMS. Based on this, UHMs in the planned area can be
estimated when spatial regression models are built.
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Table 2. Statistics of the future LCZs.

Type Zone Description Count Proportion

Built-up type
LCZ-4 Open highrise 102 27.27%
LCZ-5 Open midrise 51 13.64%
LCZ-6 Open lowrise 124 33.15%

Land-cover type LCZ-D Low plants 97 25.94%

4.3.2. Mapping of UHMs in Kowloon

Figure 5 presents the spatial distribution of UHMs in Kowloon on four representative
days to indicate four different seasons, which shows that Kowloon has a heterogeneous
distribution of UHMs and the maximum UHM is at 7.66 ◦C. It also clearly demonstrates that
high UHMs are mainly located in Kowloon East that is being transformed from bare land
to built-up areas and in Hung Hom with a large area of concrete surfaces, while low UHMs
are concentrated in city parks (e.g., the Kowloon Park) and mountain forest (e.g., Lion Rock
Country Park). In spring and autumn, the spatial distribution of UHMs is quite similar
to each other. In comparison, UHMs exhibit apparent distinctions in summer and winter
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that UHMs range between 2.73 ◦C and 4.38 ◦C in summer, while UHMs are between 0 ◦C
and 1.08 ◦C in winter. This suggests that the daytime UHI effect is the most significant in
summer in Hong Kong than in the other three seasons. There can be two reasons. First, the
study area can accumulate a large amount of heat from solar irradiation quickly during the
daytime in summer, which increases the impervious land surface temperature significantly.
Second, buildings and vehicles use air conditioners extensively that generate and release
more heat into the air in summer, which exacerbates the UHI effect.
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4.3.3. Mapping of Area Solar Irradiation

Based on the cloud cover statistics, transmissivity and diffuse proportion are com-
puted to estimate the spatial distribution of solar irradiation accurately (Table 3), and the
four seasons are classified as spring from March to May, summer from June to August,
autumn from September to November, and winter from December to the following Febru-
ary. The large transmittivities and small diffuse proportions imply that the four days were
cloud-free, therefore solar irradiation could be one of the most important heat sources
of the investigated UHIs. It is because LSTs were computed based on Landsat-8 thermal
images that were acquired at nearly 11 am in the local time. Based on the corresponding
atmospheric condition, solar irradiation on the planned urban surfaces can also be accu-
mulated from early morning to the time instant when the satellite image is acquired on
the four days (Figure 6), which will be used to predict the UHMs when the multivariate
regression model is established.
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Table 3. Atmospheric condition corresponding to the dates of the Landsat-8 imagery.

Seasons Dates
Radiation Parameters

Transmittivity Diffuse Proportion

Spring 1 April 2018 0.62 0.30
Summer 20 August 2017 0.70 0.20
Autumn 14 November 2019 0.70 0.20
Winter 2 December 2020 0.62 0.30
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5. Results
5.1. Identification of the Influential Indicators

It is supposed that the proposed eight indicators can affect UHMs in four seasons with
varying significance. To determine the correlation between the indicators and the UHMs
across the 3048 grid cells in the study area, multivariate regressions are made on each of the
four days independently and the statistics are presented in Table 4, where R is Pearson’s
correlation coefficient, PR denotes Partial R, and p is significant level. It is important to
notice that this study has also computed the tolerance (O) and the variance inflation factor
(VIF) to examine the multicollinearity. It is found that there is no apparent collinearity
between the indicators because O is larger than 0.1 and VIF is smaller than 10 [69,70]. Since
BH (i.e., building height) and OSR (i.e., open space ratio) have significances (p) larger than
0.05 on all four days, BH and OSR will not be considered as the influential factors to the
UHM, leading to the determination of the remaining six indicators that affect UHIs.
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Table 4. Summary of the linear regressions between UHM and the eight indicators.

Season Coef. NDBI NDVI SVF ASR DEN FAR OSR BH

Spring

R 0.5500 −0.1930 0.0240 0.2570 0.0540 0.0060 0.0100 −0.1000
PR 0.561 0.386 −0.119 0.084 0.078 −0.020 0.010 −0.065
p 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.5870 0.2800
O 0.288 0.293 0.275 0.275 0.142 0.619 0.993 0.131

VIF 3.467 3.409 3.632 3.631 7.024 1.615 1.007 7.616

Summer

R 0.6200 −0.4780 −0.1510 0.1520 0.2250 0.1260 0.0140 −0.0550
PR 0.397 0.138 −0.167 0.243 0.168 0.040 0.048 −0.146
p 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0080 0.0270
O 0.194 0.199 0.289 0.364 0.178 0.520 0.995 0.148

VIF 5.154 5.026 3.464 2.751 5.611 1.922 1.005 6.742

Autumn

P 0.6930 −0.4030 0.0960 0.2170 0.0750 0.0000 0.0110 −0.1970
PR 0.618 0.236 0.054 0.058 0.146 −0.062 0.032 −0.122
p 0.0000 0.0000 0.0030 0.0010 0.0000 0.0000 0.0780 0.0010
O 0.284 0.251 0.262 0.267 0.142 0.619 0.992 0.131

VIF 3.517 3.987 3.811 3.74 7.036 1.614 1.008 7.637

Winter

R 0.5000 −0.2670 0.2130 0.3300 −0.0130 −0.0980 0.0320 −0.2020
PR 0.540 0.313 0.053 0.182 0.149 0.025 0.049 −0.133
p 0.0000 0.0000 0.0030 0.0000 0.0000 0.0000 0.0060 0.1670
O 0.183 0.169 0.234 0.255 0.179 0.512 0.995 0.146

VIF 5.457 5.933 4.271 3.929 5.601 1.955 1.005 6.846

5.2. Distribution of the Indicators across LCZs

Figure 7 depicts the distribution of the proposed indicators (in the y-axis) across eleven
types of the LCZs (in the x-axis) on 20 August 2017. Figure 7a,b show that NDBI and NDVI
exhibit an inverse distribution. Specifically, NDVI increases from compact highrise (LCZ-1)
to open lowrise (LCZ-6), with a relatively low distribution in open midrise (LCZ-5), similar
to NDBI. Note that the distribution of NDBI and NDVI in LCZ-E is distinct from the other
land cover types because it is located in the bared rock and paved surface. In comparison,
SVF shows an upward trend for LCZs from the left to the right side of the x-axis in Figure 7c.
In detail, SVF has a wide range between 0.25 and 0.95, and the 50th percentiles increase
stably from LCZ-1 to LCZ-4, which corresponds to the built-up area changing from compact
highrise to open highrise that makes solar irradiation (SAR) increase accordingly, as shown
in Figure 7d. Meanwhile, the land-cover LCZs primarily covered by vegetation have the
highest SVF at around 0.9, which indicates the reasonability that ASR is significantly large
in LCZ-E because it is covered by bare rocks or paved surfaces with few buildings and
plants. For DEN and FAR, they present the same downward trend in Figure 7e,f. Even
though DEN and FAR distributions are condensed in a narrow range, there is still a clear
trend with the change of the LCZs. When the density of buildings decreases with fewer
stories, the DEN and FAR values decrease continuously.

5.3. Correlation Analysis between the Indices and UHMs

Since there are no or very few buildings in the land-cover LCZs, applying building-
related indicators to land-cover LCZs may impede constructing a robust regression. Also,
built-up LCZs and land-cover LCZs describing various landscapes can affect UHMs differ-
ently. Thus, two regressions are built for the two types of the LCZs, respectively. It has been
suggested that PR should be a better way to depict the association between two variables
because PR measures the strength and direction of the association while controlling for the
effects of other variables [71,72]. As a result, in the presence of multivariate changes, PR is
expected to capture relationships between the indices and UHMs more reliably. The results
suggest that all the six indicators and five LCZs can be used for built-up areas (Table 5)
and two indices can be used for land-cover areas (Table 6) to construct multivariate regres-
sions with UHM because there is no apparent multicollinearity based on O and VIF and
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their correlations (R denoting Pearson’s R and PR denoting Partial R) are significant with
p < 0.05.
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Table 5. Correlations between UHMs and the indicators for built-up LCZs.

Season Coef. NDBI NDVI SVF ASR BH FAR LCZ-2 LCZ-3 LCZ-4 LCZ-8 LCZ-10

Spring

R 0.457 0.001 0.071 0.286 −0.138 −0.038 0.075 0.194 −0.162 −0.201 0.232
PR 0.499 0.324 −0.060 0.139 −0.032 0.000 0.081 0.144 −0.027 −0.212 0.145
p 0.000 0.000 0.000 0.000 0.000 0.023 0.000 0.000 0.000 0.000 0.000
O 0.373 0.299 0.258 0.285 0.648 0.743 0.679 0.748 0.441 0.520 0.658

VIF 2.682 3.346 3.874 3.506 1.543 1.346 1.473 1.337 2.266 1.924 1.519

Summer

R 0.522 −0.304 −0.102 0.154 −0.127 0.073 0.204 0.196 −0.357 −0.219 0.254
PR 0.430 0.201 −0.063 0.250 −0.057 0.034 0.114 0.136 −0.074 −0.326 0.120
p 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
O 0.210 0.199 0.278 0.377 0.660 0.741 0.674 0.747 0.463 0.526 0.660

VIF 4.752 5.017 3.592 2.650 1.516 1.350 1.484 1.339 2.158 1.901 1.516

Autumn

R 0.584 −0.207 0.182 0.333 −0.276 −0.065 0.110 0.169 −0.342 0.032 0.299
PR 0.560 0.263 0.058 0.109 −0.107 0.013 0.130 0.114 −0.084 −0.102 0.198
p 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.048 0.000
O 0.351 0.256 0.247 0.269 0.657 0.742 0.679 0.752 0.450 0.503 0.652

VIF 2.851 3.910 4.053 3.722 1.522 1.347 1.472 1.331 2.222 1.988 1.533

Winter

R 0.382 −0.096 0.286 0.433 −0.249 −0.098 0.097 0.159 −0.272 0.115 0.237
PR 0.481 0.338 0.033 0.212 −0.039 0.013 0.175 0.155 −0.086 −0.017 0.159
p 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
O 0.227 0.183 0.235 0.259 0.661 0.740 0.678 0.755 0.464 0.512 0.654

VIF 4.406 5.476 4.260 3.868 1.513 1.351 1.474 1.325 2.155 1.952 1.529

For built-up LCZs, it is found that NDBI, NDVI, ASR, and DEN have a positive
correlation with UHM, whereas FAR and the five LCZs have a negative correlation with
UHM on the four representative days (Table 5). This means that buildings (NDBI and
DEN), barren soil (low values of NDVI), and solar irradiation (ASR) can all increase UHMs,
whereas large floor area ratios (large values of FAR) and five LCZs (compact highrise,
compact midrise, open highrise, open lowrise, and large lowrise) can all decrease UHMs,
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regardless of seasonal changes. For land-cover LCZs, NDVI has a strong and negative
correlation with UHM, whereas ASR has a strong and positive UHM throughout the year
(Table 6). This means that vegetation and solar irradiation have strong effects on UHIs that
can mitigate and intensify the UHMs.

Table 6. Correlations between UHMs and the indicators for land-cover LCZs.

Date Indicator R PR p O VIF

Spring NDVI −0.852 −0.776 0.000 0.688 1.453
ASR 0.644 0.388 0.000 0.688 1.453

Summer
NDVI −0.889 −0.803 0.000 0.591 1.692
ASR 0.696 0.363 0.000 0.591 1.692

Autumn
NDVI −0.907 −0.910 0.000 0.959 1.043
ASR 0.339 0.376 0.000 0.959 1.043

Winter
NDVI −0.834 −0.832 0.000 0.958 1.044
ASR 0.353 0.338 0.000 0.958 1.044

It is worth noting that the correlation between SVF and UHM is weak and negative
in April and August, but weak and positive in November and December (Table 5). It can
be explained that solar radiation has a large elevation angle in Hong Kong from April to
August, so an open space with a large SVF helps disperse the heat and thus decrease LSTs,
resulting in a lower UHM. In contrast, solar radiation has a small elevation angle from
November to December so that an open space accumulates more solar heat without many
shadows from surrounding buildings and thus increases LSTs, leading to a higher UHM.
One study confirmed this phenomenon in Hong Kong [20] that open space disperses heat
quickly although the emission of longwave radiation from buildings increases in spring
and summer and open space absorbs solar energy more readily even though solar radiation
intensity is lower in autumn and winter.

6. Building Spatial Regression Model

Based on the analysis in Section 5.3 that the correlation between UHM and each
variable is significant and there is no multicollinearity, it presents established multi-
variate regressions used to estimate UHMs in built-up areas (denoted by UHMB) and
land-cover areas (denoted by UHML) in four seasons (i.e., Equations (16)–(19) for spring,
Equations (20)–(23) for summer, Equations (24)–(27) for autumn, and Equations (28)–(31)
for winter), where X1 (Equation (14)) and X2 (Equation (15)) are two matrices for land-use
LCZs. The correlation trends revealed by PR in Tables 5 and 6 are consistent with the
coefficient matrices of C1 and C2. The regressions show that NDBI and NDVI are two
indicators that significantly increase UHMs in the built-up LCZs, as the two corresponding
coefficients are significantly larger than the others. The results also reveal that SVF and
ASR are two important factors that cause UHIs during the daytime, which is different from
UHIs formed by longwave emission from the ground at night [52,73]. Notably, the NDVI
coefficient for UHMB is positive but the coefficient for UHML is negative. This is because
NDVI values are low in built-up LCZs (Figure 8) that represent barren soil but high in
land-cover LCZs that correspond to vegetation, resulting in an inverse influence on UHMs.

X1 = [NDBI NDVI SVF ASR BH FAR] (14)

X2 = [LCZ-2 LCZ-3 LCZ-4 LCZ-8 LCZ-10] (15)

C1 = [17.959 8.542 −0.778 0.438 −0.001 1.657 × 10−5]T (16)

C2 = [0.224 0.554 −0.084 −1.013 0.568] T (17)

UHMB = C1X1 + C2X2 + 1.194 (18)

UHML = −9.159NDVI + 0.733ASR + 0.947 (19)
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C3 = [11.947 4.365 −0.714 0.559 −0.002 0.004]T (20)

C4 = [0.291 0.479 −0.203 −1.463 0.426]T (21)

UHMB = C3X1 + C4X2 + 2.603 (22)

UHML = −10.492NDVI + 0.642ASR + 2.203 (23)

C5 = [13.720 4.192 0.509 0.286 −0.003 0.001]T (24)

C6 = [0.242 0.291 −0.171 −0.326 0.526]T (25)

UHMB = C5X1 + C6X2 + 1.651 (26)

UHML = −10.205NDVI + 0.790ASR + 1.822 (27)

C7 = [18.134 7.781 0.393 0.962 −0.001 0.001]T (28)

C8 = [0.436 0.527 −0.229 −0.069 0.556]T (29)

UHMB = C7X1 + C8X2 + 0.374 (30)

UHML = −9.521NDVI + 1.331ASR + 0.954 (31)
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Figure 9 presents the predicted and observed UHMs for the whole study area with
3048 samples. It demonstrates that the red linear regression lines are almost on the diagonal
with R2 values equaling 0.522, 0.603, 0.636, and 0.549 from spring to winter, indicating
a reasonable predicting accuracy. The corresponding RMSE equals 0.912, 0.851, 0.621,
and 0.836, which are also limited to 1 degree Celsius. Figure 10 depicts predicted UHM
distributions that are quite similar to the observation as shown in Figure 5. Overall, they are
spatially consistent and quantitatively close with each other across the entire Kowloon area,
with a clear seasonal variation on the four days. Several UHM hotspots in specific urban
areas, such as Kowloon East, Kowloon Tang, and Hung Hom, are successfully predicted in
summer in Figure 10b. This means that, based on the proposed and determined indicators,
the spatial regression models can estimate UHM distributions with reasonable accuracy in
different seasons.
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Based on the new LCZs in Figure 4a, SVF in Figure 4b, and ASR in Figure 6 that will
occur in a transformed urban area and the established spatial regression models adaptive
to four different seasons as presented in Equations (14)–(31), the distribution of UHMs with
the same spatial resolution can be predicted on the four corresponding days in the Kowloon
East area. In the future, the UHI effect will be most pronounced in summer in Figure 11b,
followed by autumn in Figure 11c and winter in Figure 11d, and least pronounced in spring
in Figure 11a. It is worth mentioning that the observed UHM on 14 November 2019 is
overall 0.5 ◦C higher than on 20 August 2017, which makes the predicted UHMs in winter
slightly larger than that in autumn. Nonetheless, in Kowloon East, the future UHMs based
on the proposed master plan will be significantly lower across the four seasons when
compared to either the observed UHMs (Figure 5) or estimated UHMs (Figure 10) based on
the current urban landscape, resulting in obvious mitigation of the UHI effect. For instance,
there will be only 12 grid cells with UHMs larger than 4 ◦C in summer in Figure 11b;
while in winter, there will be several grid cells with UHMs lower than 0 ◦C in Figure 10d,
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revealing an urban heat sink phenomenon. The predicted UHM distribution suggests that
the Government’s urban reform initiative will aid in the creation of a thermal-friendly
urban environment.
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7. Discussion and Conclusions

The forecasting of the UHM distributions based on a master plan of new buildings
established by an urban reforming initiative in Kowloon East suggests that the UHI effect
will be significantly mitigated compared to current UHMs. The main reason could be that
this area will be transformed into an open space fulfilled with low plants that can effectively
cool down LSTs, according to the future local climate zones. It is crucial to reveal that NDVI
and ASR are the two most important indicators for explaining the daytime UHIs in both
the built-up LCZs and land-cover LCZs. Furthermore, different LCZs have different effects
on UHMs in the built-up area, indicating that microclimate can also be used to explain the
UHI phenomenon. Although the values of R2 are not significantly high, the established
models are accurate and reliable based on the evidence that the linear regressions between
over 3000 observed and predicted samples have high consistency with the diagonal lines
and the correlation is significant without multicollinearity.

This study established a framework for predicting UHMs based on a future urban
landscape, which can effectively aid in urban planning to create a liveable urban environ-
ment. However, three limitations could have an impact on the estimation results. First,
the spatial regression models are constantly based on a grid resolution of 100 m. This
may result in a portion of the gird cells containing a mixture of LCZs, which challenges
an accurate prediction of UHMs, particularly in densely populated areas. Second, heat
generated by vehicle flows has not been incorporated into the model, which is supposed
to be an unignorable heat source of UHIs during the daytime in Hong Kong [41]. Third,
as the study area of Kowloon is a peninsula along the coast, cold wind from the sea may
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move along the ventilation corridors between buildings, thus creating a cooling effect on
the UHI.

Future research can be conducted in four areas based on the proposed framework.
First, both solar irradiation and traffic flow can be modelled as the heat source of UHI, and
wind directions and intensities can be modelled by using computational fluid dynamic
estimations and integrated into the proposed model as a new influential factor, which is
especially important for Hong Kong, a city close to the coast. Second, with the availability
of the thermal images captured during the nighttime, the nighttime UHI effect can be
thoroughly investigated. Because the UHI formulation mechanism differs during the
day and at night, this may result in different findings and effects from the indicators.
Third, instead of building multivariate regression models, advanced machine learning (e.g.,
neural network regression and random forest) or deep learning methods (e.g., deep neural
networks) can be used to construct a robust regression model to achieve high prediction
accuracy. Fourth, further study can be directed toward optimizing the urban landscape to
mitigate the UHI effect based on a throughout understanding of the UHI phenomenon and
well-designed objective functions.

In conclusion, this study believes that solar irradiation, land use and land cover, urban
morphology, and local climate zones can all have a significant impact on the daytime UHI
phenomenon significantly. To estimate the future UHI effect in a reformed urban area,
spatial multivariate regression models adaptive to different seasons are developed and
tested. The prediction of the UHMs based on a master plan of new buildings suggests that
a thermo-friendly urban environment can be expected in Kowloon East, Hong Kong. The
proposed framework is useful for evaluating the UHI effect in urban planning and can
be used by urban planners to improve the model for optimizing the urban landscape to
further mitigate the UHI effect.
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