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ABSTRACT: The study evaluates the performance of the Conformal Cubic Atmospheric Model (CCAM) when simulat-
ing an urban heat island (UHI) over the city of eThekwini, located along the southeast coast of South Africa. The CCAM
is applied at a grid length of 1 km on the panel with eThekwini, in a stretched-grid mode. The CCAM is coupled to the urban
climate model called the Australian Town Energy Budget (ATEB). The ATEB incorporates measured urban parameters in-
cluding building characteristics, emissions, and albedo. The ATEB incorporates the land-cover boundary conditions obtained
from the Moderate Resolution Imaging Spectroradiometer (MODIS) satellite. The CCAM configuration applied realistically
captured the orientation of the city and land-cover types. Simulations of meteorological variables such as temperatures and
longwave radiation reproduced the spatial distribution and intensity of the UHI. Results show that the UHI is stronger during
summer and weaker in all other seasons. The UHI developed because of natural factors (e.g., distribution of longwave radia-
tion) and human factors (e.g., urban expansion, an increase in anthropogenic emissions, and additional heating). Because of
the city’s location along the coast, the UHI simulation could be weakened by atmospheric circulations resulting from land
and sea breezes. Mitigation methods such as applying reflective paints and revegetation of the city may increase albedo and
latent heat fluxes but reduce the sensible heat fluxes and weaken the UHI. However, the UHI may not be completely elimi-
nated since natural factors and emissions constantly influence its development.

SIGNIFICANCE STATEMENT: The outcome of this study could be particularly valuable for municipalities in their
disaster management planning since the occurrence of UHIs can cause heat-related diseases such as heatstrokes and
even fatalities, especially for the elderly, in cities. Increases in temperatures also lead to higher demand for air condi-
tioners, which in the long term lead to higher demand and pressure on the electricity grid system as well as increased
costs for the individual. As higher temperatures increase heatwave events, increases in anthropogenic emissions also re-
sult in degraded air quality that impacts health. UHIs impact human lives and can cause deterioration in health when
individuals experience high temperatures in summer. Warmer temperatures also reduce energy demand (and in the
long term assist with global environmental restoration).
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1. Introduction

Currently, more than 50% of the world’s population lives in
cities (Oleson et al. 2011; Pokhrel and Lee 2011; Han et al.
2014; Heaviside et al. 2017; Zhang et al. 2022; Barrao et al.
2022). Because of increasing urbanization, this number is pro-
jected to increase to more than 60% by the mid-twenty-first
century (Walsh et al. 2013; Garuma 2018). Growth in urbaniza-
tion has resulted in increases in infrastructure requirements in
cities, including transportation, water, and power supply (Baklanov
et al. 2018; Garuma 2018). The development that is associated with
urbanization leads to the modification of surfaces from natural
to artificial, such as concrete and asphalt surfaces (Ramamurthy
et al. 2014), and increased requirements for heating. While this
may represent progress, one of its consequences is that vegetation

cover in cities has been reduced. This has also resulted in
increased anthropogenic emissions of greenhouse gases and
modified radiative forcing. Urbanization contributes to global
warming and may influence climate change and result in the
development of urban heat islands (UHIs; Nuruzzaman 2015;
Lehoczky et al. 2017; Chapman et al. 2019). Thus, urban growth
causes an increase in nighttime temperatures, which results in
the development of UHIs (Karl et al. 1993; Hughes and Balling
1996; Sharma et al. 2016; Wang and Li 2017; Grimmond et al.
2011; Bohnenstengel et al. 2011; Lemonsu et al. 2023).

Artificial surfaces found in urban areas absorb shortwave
radiation and radiate longwave at the end of the electromag-
netic spectrum. This is attributed to the materials’ storage
heat flux density, which is the net flow of heat per unit area,
into or out of the material (Lipson et al. 2017). The situation
is reversed in rural areas where higher vegetation constitutes
a higher albedo, and a larger portion of the incoming short-
wave radiation is reflected. Consequently, the heat stored in
rural areas during the day is less than the heat stored in urban
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areas (Baklanov et al. 2018; Garuma 2018; Lehoczky et al.
2017), and thus, rural areas do not radiate as much longwave
radiation as the urban areas. Since increases in atmospheric
temperatures are caused by the absorption of longwave radia-
tion, cities become warmer by an average of 28C (Chapman
et al. 2019) than the surrounding rural areas, creating the
UHI (Baklanov et al. 2018; Garuma 2018; Lehoczky et al.
2017; Luhar et al. 2014;Walsh et al. 2013; Taha 1997; Nuruzzaman
2015; Bohnenstengel et al. 2011). When temperature difference
between urban and rural areas during nighttime is highest, this
metric is used as a measure of UHI intensity (Heaviside et al.
2017; Zhang et al. 2022).

Wilby (2008) studied UHI intensity and air quality over the
city of London. The UHI intensity was defined as the daily
minimum temperature difference between a station within
the city and in a rural area. An intense nocturnal UHI was de-
fined as occurring when the temperature difference between
rural and urban exceeds 48C. The UHI was also found to be
higher under clear sky conditions, low humidity, and low wind
speed (Wilby 2008; Heaviside et al. 2017; Zhang et al. 2022).
Heaviside et al. (2017) studied/reviewed the UHI over the city
of London and its impacts on health during heatwaves. During
an intense/extreme UHI, nighttime temperature difference be-
tween urban and rural areas was found to be 58–108C in larger
cities, in agreement with Bohnenstengel et al. (2011), Heaviside
et al. (2017), and Barrao et al. (2022).

Zhang et al. (2022) studied the UHI intensity over the moun-
tainous city of Chongqing, China, with a focus on the tempera-
ture difference between rural and urban stations. The study
found greater nighttime warming in urban than in rural areas,
resulting in an average UHI intensity of 1.58C for the mountain-
ous city of Chongqing after 2015. The study found that urbani-
zation has a statistically significant influence on daily minimum
temperatures. The positive temperature trend is found to be
higher during spring and summer months over urban areas.
Coutts et al. (2007) studied the UHI over the city of Melbourne,
Australia, using different urban density levels, namely, the cen-
tral business district and high-, medium-, and low-density as
well as rural areas. The study found a large difference in the la-
tent heat flux between rural and urban areas due to more vege-
tation cover and water storage in rural areas.

Lemonsu et al. (2023) studied the urban climate over Paris,
France, using a high-resolution CNRM-AROME model at a
resolution of 2.5 km driven by European Centre for Medium-
Range Weather Forecasts (ECMWF) interim reanalysis (ERA-
Interim) data. The study showed that a higher-resolution model
captures urban-scale events such as the UHI very well. The
study also confirms that high-resolution climate models that in-
corporate specific urban surface processes could be used to di-
agnose climate and its impacts at city scale and their evolution
in a changing climate. Urban heating leads to cities becoming
more vulnerable to extreme weather (Schleussner et al. 2016)
and climate change impacts (Chen et al. 2014; Mirzaei 2015;
Garuma 2018; Chapman et al. 2019; Lipson et al. 2018). The
UHI is exacerbated by air pollutants from industries, power
generation, air conditioners, and exhaust gases since they in-
crease anthropogenic heating (Yang et al. 2013; Nuruzzaman
2015; Zhang et al. 2022). The UHI results in compromised

health (Zhang et al. 2022; Barrao et al. 2022) of the urban pop-
ulation, through exposure to higher temperatures during heat-
waves, leading to respiratory illness, hospitalization, and death
(Heaviside et al. 2017). Heatwaves also intensify the tempera-
ture difference between rural and urban areas during UHIs
(Barrao et al. 2022).

Although UHI intensity and magnitude impact cities and
have been studied in other global cities, they have not been
modeled over South African cities. Therefore, it is important to
study UHIs and the different mechanisms responsible for their
formation using both observations and high-resolution atmo-
spheric models set up with urban-scale features (Wang and Li
2017; Garuma 2018). Urban climate models (UCMs) are cou-
pled to regional atmospheric models to investigate the dynam-
ics of the urban climate resulting from global emission
scenarios and could be used for urban planning (Thatcher and
Hurley 2012). Initially, UCMs were developed from slab mod-
els with urban settings viewed as a concrete plate composed of
a modified roughness length and thermal properties (Luhar
et al. 2014) suitable for simulating urban energy budget
(Thatcher and Hurley 2012). With advances in technology and
innovation, UCMs were further developed, taking into account
the energy budget from roofs, roads, and walls (Luhar et al.
2014; Masson 2000). Currently, these models are built in a man-
ner that incorporates all the urban physical parameters such as
heat fluxes, radiation, and anthropogenic emissions, as also
done in the model applied in this study, the Australian Town
Energy Budget (ATEB; Masson 2000; Thatcher and Hurley
2012; Luhar et al. 2014; Garuma 2018).

The UHI existence has been inferred indirectly from ob-
served temperature trends in South Africa. Specifically, obser-
vation studies show that temperatures have increased in South
African cities more rapidly than in rural areas due to the UHI
effect (Kruger and Shongwe 2004). They found a statistically
significant warming trend of minimum temperatures by 0.348C
decade21 over urban stations. Historical simulations of surface
temperatures for the period 1951–2005 with a regional climate
model by Kruger et al. (2019) underestimated observed annual
average minimum temperatures by at least 0.058C decade21.

Globally, UHI simulations with UCMs were performed in
various cities. Bozonnet et al. (2007) modeled winds and
natural convection flows over the urban street in Athens.
The study found that when winds interact with local topog-
raphy, they trigger either land or seas breezes. This causes
temperature variations on both micro- and urban scales,
which move from surroundings to cities, thus causing warm air
to rise in the city due to the UHI. The UHI effect reaches its
maximum at night when wind velocity is low (Bozonnet et al.
2007), and the UHI gets dispersed during windy days. In build-
ings with air conditioners and condensers mounted on exterior
walls, the condenser produces heat and increases the UHI
within the canyons/streets (Bozonnet et al. 2007; Thatcher and
Hurley 2012). Lipson et al. (2017) applied the ATEB to study
heat conduction through urban materials. The storage heat flux
density of urban materials was found to affect environmental
stability, boundary layer profile, convection, and the UHI.
Lipson et al. (2018) developed an integrated building energy
demand and urban land surface model called the Urban
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Climate and Energy Model (UCLEM) to improve the pre-
dictability of building energy demand and to study the dif-
ferent impacts of urban planning decisions on current and
future climates.

In this study, we apply the Conformal Cubic Atmospheric
Model (CCAM) coupled to the ATEB. This model works as
both a global model and a regional climate model in stretched-
grid mode. The CCAM has been applied in many regional cli-
mate studies such as Sri Lanka (Thevakaran et al. 2016), Vietnam
(Nguyen et al. 2014), and South Africa (Engelbrecht et al. 2009,
2011, 2015; Garland et al. 2015; Muthige et al. 2018; Engelbrecht
et al. 2019).

The ATEB was developed as an urban component of a
global climate model, which takes into consideration build-
ing and street characteristics (Lipson et al. 2017). It was con-
ceptualized from the Town Energy Budget (TEB) model
developed by Masson (2000), but with some customizations
for Australia (Lipson et al. 2017). The ATEB is a microscale
model used to investigate the energy budget within an urban
canopy layer (Mirzaei 2015). In addition to the ability to re-
solve heat transfer, the ATEB includes a planetary bound-
ary layer turbulence closure parameterization (Chen et al.
2015; Thatcher and Hurley 2012). Because of its spatial scale,
the ATEB can simulate the urban canopy and separate differ-
ent energy budgets (Ramamurthy et al. 2014; Garuma 2018)
and is able to simulate urban features (Han et al. 2014) such as
the UHI (Chen et al. 2011; Garuma 2018). The ATEB also con-
siders temperature diurnal variation within the canyon by
including the west- and east-facing walls. The ATEB also incor-
porates a big-leaf model, which represents in-canyon vegetation
as well as the parameterization of air conditioners to cater for
the energy conservation (Lipson et al. 2017; Luhar et al. 2014;
Thatcher and Hurley 2012). The urban parameters are applied
to refine the urban surfaces within the UCMs (Garuma 2018)
and also influence heat removal from surfaces of buildings
(Mirzaei 2015). Similar types of experiments with ATEB set-
tings were performed by Luhar et al. (2014) over the city of
Basel, Switzerland, and also in Brisbane, Australia (Chapman
et al. 2019). Some further developments of the ATEB are de-
scribed in Lipson et al. (2018).

In this study, we interrogate these questions: 1) Does the
UHI exist over the city of eThekwini? 2) If so, can a climate
model simulate a UHI? 3) How can the improvement of land-
cover and measured urban parameters improve the simulation
of the UHI? This study is the first application of a dynamical
study of the UHI over a coastal city of South Africa. The UCM
simulation is performed at a high resolution of 1 km and is cou-
pled to a regional climate model, the CCAM as described in
Taha (1997) and Thatcher and Hurley (2012).

The study applies the model at high resolution with the expec-
tation that ingesting the land use at high resolution will result in
the model capturing the UHI impacts well to inform adaptation
and mitigation strategies. The rest of the paper is outlined as fol-
lows: in section 2, the data, model setup, and methods applied
are discussed; section 3 focuses on the results; section 4 presents
the discussion; and section 5 presents the summary and draws
conclusions from the study.

2. Methods

a. Study area

The CCAM is applied at a resolution of 1 km over the
eThekwini metropolitan municipality. The city is located along
the southeast coast of the KwaZulu-Natal province of South
Africa with its center at 29.868S and 31.028E. The city is highly
urbanized, especially along the coastline, as depicted in the
land-cover classification (Fig. 1). The city is classified as a sum-
mer rainfall region (Cook et al. 2004). The area experiences a
warm, fully humid, and hot summer climate (Cfa; Kottek et al.
2006; Engelbrecht and Engelbrecht 2016), with a minimum tem-
perature higher than 1188C (Kottek et al. 2006). Observation
studies (e.g., Kruger and Shongwe 2004) over the area (Durban
weather station) indicate a significant increase in hot nights,
with a warming trend of 0.18C decade21 for maximum tempera-
ture and 0.3468C decade21 for minimum temperature, and this
was attributed to urbanization (Hughes and Balling 1996).

For the historical period 1951–2005, observation and multi-
model mean diurnal temperature ranges show nighttime
warming over coastal areas, with a decrease in the number of
cold nights in the range of less than 22.5% decade21, which
contributed to an increase in daytime warming (Kruger et al.
2019). Future projections (2025–95) indicate a warming trend
with both representative concentration pathway 4.5 (RCP4.5)
and RCP8.5, but with stronger and more significant warming
with RCP8.5, with the number of days increasing by 12.5%
decade21, including coastal stations (Kruger et al. 2019).

b. The model

The CCAM was developed at the Commonwealth Scientific
and Industrial Research Organisation (CSIRO) by McGregor
(1996). It is both a variable and quasi-uniform resolution
model that numerically solves a set of quasi-elastic equations
in a terrain-following coordinate system (Engelbrecht et al.
2007) using a semi-implicit, semi-Lagrangian scheme (McGregor
1996). The CCAM may be applied seamlessly across differ-
ent spatial and time scales, for both weather and climate
simulations (Engelbrecht et al. 2011; Thevakaran et al. 2016;
Chapman et al. 2019). In stretched-grid mode, the model is
able to produce high-resolution simulations over the areas
of interest. The CCAM applies a CSIRO9 mass flux scheme
based on the Arakawa mass flux scheme (Arakawa 2004).
The model also applies a single-moment cloud microphysics
scheme based on Rotstayn (1997). The CCAM applies the
radiation scheme based on the Geophysical Fluid Dynamics
Laboratory Climate Model, version 3 (GFDL CM3; Freidenreich
and Ramaswamy 1999). The model applies the turbulent mix-
ing scheme represented by the turbulent kinetic energy as in
Hurley (2007). The CCAM is coupled to a dynamic land sur-
face model called CSIRO Atmosphere Biosphere Land Ex-
change (CABLE), which provides the boundary conditions
to the CCAM (Kowalczyk et al. 1994). The CCAM-CABLE
incorporates the urban climate model called the ATEB
model developed by Thatcher and Hurley (2012), and thus
incorporates urban climate processes.
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c. Data collection method

1) INITIAL AND BOUNDARY CONDITIONS

For this study, a hierarchy of model configurations was de-
veloped, with various datasets used. This includes grid lengths
of 50, 8, and 1 km applied respectively as follows:

At a global configuration of 50-km resolution, the CCAM
is run with initial and boundary conditions obtained from the
ERA-Interim data (Dee et al. 2011). The dataset has a hori-
zontal resolution of 0.758 3 0.758 and a temporal resolution of
6 hours (Jones et al. 2017) and is valid for the period 1979–
2018; however, for this study, the model is run for the period
December 2005–December 2016. The CCAM is forced at its
lower boundary with the ERA-Interim sea surface temperatures
(SSTs) and sea ice fields (McGregor et al. 2008; Engelbrecht
et al. 2009; Dee et al. 2011), while its atmospheric fields were
spectrally nudged within the ERA-Interim (Thatcher and
McGregor 2009). For this run, the CCAM is coupled to the
CCAM-CABLE at a resolution of 50 km to produce static data
such as bathymetry, topography, vegetation, and carbon cycle
fields.

At 8 km, the CCAM is initialized with the 50-km global out-
put. For this configuration, the CCAM-CABLE applies lower
boundary conditions as in the 50-km setting but including the

updated land-cover data from the high-resolution Moderate
Resolution Imaging Spectroradiometer (MODIS) satellite
(https://terra.nasa.gov/about/terra-instruments/modis), which
covers South Africa, for the period January–December
2013 (Fig. 1). The MODIS data were mapped to the Inter-
national Geosphere–Biosphere Programme (IGBP) type 1
description of land cover used by the CCAM-CABLE sys-
tem. The MODIS data have a horizontal grid spacing of
300 m.

At 1 km, the CCAM is initialized with the 8-km global out-
put. For this configuration, the CCAM-CABLE also applies
MODIS-updated land cover for lower boundary conditions,
with measured urban parameters from the city added, as it de-
fines the class of the city (i.e., low, middle, high, etc.). How-
ever, a generic class has been selected and applied (Table 1).

2) MODEL VALIDATION DATA

For model validation, the model output is validated against
two datasets. The first dataset is observations from the South
African Weather Service (SAWS) Durban (eThekwini) and
Mount Edgecombe automatic weather stations. The Durban
station is located at 29.9658S, 30.9468E, at an elevation of ap-
proximately 1.2 m above the ground and has an altitude of 14 m
above mean sea level (MSL). The model height in meters shows

FIG. 1. (left) Map of South Africa and (right) a zoom-in showing the city of eThekwini municipality over the east coast of Kwazulu-Natal,
with the MODIS satellite land cover for the period 2013. The urban and built-up areas are depicted in light red along the coastline.
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the value of 13.99 m, which agrees with the observed station
height. Mount Edgecombe station is located at 29.7068S,
31.0468E, approximately 1.2 m above the ground at an alti-
tude of 94 m MSL. The model height in meters shows the
value of 101.183 m, which is approximately 7 m higher than
the observed level. The dataset includes hourly air temperatures
and daily minimum and maximum temperatures for the period
December 2005–December 2016. The data are available at
5-min intervals. The acquired raw temperature data comprise
the daily hourly, 24-h maximum, and 24-h minimum tempera-
tures from 0100 to 0000 next day and have been averaged at a
monthly interval. The data were quality controlled, and missing
data were not filled. Because of the longitudinal location of the
study area, all of the results are carried out at UTC12 h, which
is South African standard time.

A second dataset, MODIS satellite nighttime land surface
temperature (MOD11A1.006) data with a horizontal grid
resolution of 1 km, is also used in the study. The dataset is
created using a subset of the MOD11A1 products that were
downloaded from the Google Earth Engine over the city of
eThekwini. The surface temperature distribution has an ac-
curacy of approximately 1 K. Before downloading the data,
a bitmask was applied, using the Google Earth Engine plat-
form’s JavaScript application programming interface, to en-
sure that the images are not contaminated by cloud cover.
This study only applied imagery with a high-quality flag
(QA). The MODIS data were averaged for each of the four
seasons for the period December 2012–December 2013.

d. Research process

The current CCAM experiment set up over eThekwini is
required to simulate complex coupled processes due to the in-
fluence of both sea and atmospheric processes and feedbacks,
as well as land cover and topographic features, including UHI
effects (Yan et al. 2013). For this study, a hierarchy of model
configurations was developed.

First, the CCAM was applied at a quasi-uniform resolution
of about 50 km to obtain a simulation of present-day climate,
following the experimental design of Horowitz et al. (2017).
The CCAM-CABLE, which is coupled to the CCAM, is set
up at a resolution of 50 km with a C192 (192 3 192 grid points
per panel) centered over Africa (08, 2258E), and a Schmidt
stretch factor of 0.9523 was applied. The CCAM-CABLE

produced static data such as bathymetry, topography, vegeta-
tion, and carbon cycle fields. The CCAM simulation was per-
formed and produced output at 6-hourly intervals as in
section 2c(1)(i) above.

In the second step, the CCAM-CABLE was set up at
8 km over South Africa with updated land cover as described
in section 2c(1)(ii) above. The use of updated land cover
was motivated by the initial test study with default land
cover that displayed no dynamical changes in vegetation
fraction and no changes in UHI throughout the various sea-
sons. The CCAM-CABLE was set up at a resolution of
8 km with a C192 (192 3 192 grid points centered per panel)
centered over southern Africa (2288S, 258E) and a Schmidt
stretch factor of 0.1523. This high-resolution panel spans an
area of about 1536 km 3 1536 km over southern Africa,
with a resolution gradually decreasing outside this region. The
CCAM output at 50-km resolution global simulations were sub-
sequently used to provide the initial conditions for 8-km simula-
tions, and simulation produced output every 6 h.

Third, for the urban-scale modeling at 1 km, the CCAM-
CABLE lower boundary conditions were updated using a
high-resolution MODIS land cover as in the 8-km setup.
The CCAM-CABLE was also updated with measured ur-
ban parameters and emissions from the city of eThekwini
shown in Table 1. See also, for example, Luhar et al. (2014) and
Chapman et al. (2019) for similar settings. The CCAM-CABLE
was set up with a C192 (1923 192 grid points centered per panel)
centered at (308S, 308E) with a Schmidt stretch factor of 0.019.

Stretching the grid instead of nesting the higher-resolution
model within a coarser resolution helps with avoiding well-
known nesting problems such as reflections of atmospheric waves
at the lateral boundaries (Engelbrecht et al. 2009). The CCAM
8-km output at six hourly intervals was used to provide initial
conditions for an ultrahigh-resolution urban-scale simulation.

Measured urban parameters selected are representative of
the entire urban area by averaging over factors such as heights
and widths of buildings as well as roads. In Garuma (2018),
similar types of setups were described, but with 10 different
urban classes. At this resolution, the model applied an inte-
gration time step of 18 s, with 27 vertical levels. In addition,
the model applied sigma coordinates with levels from 0.9978
up to 0.004 458 01 hPa, and the hourly output was produced to
study the UHI over eThekwini.

TABLE 1. The city of eThekwini measured urban (generic) parameters (ATEB-3) and default CCAM parameters (ATEB-1) as well
as their differences.

Units ATEB-3 (measured) ATEB-1 (default) Difference

Building heights (m) 5.86 6.00 20.14
Height to width 0.24 0.40 20.16
Vegetation fraction (%) 0.25 0.38 20.13
Building fraction (%) 0.55 0.45 0.10
Industrial emissions (W m22) 1.00 0.00 1.00
Traffic emissions (W m22) 2.62 1.50 1.12
Roof albedo 0.20 0.20 0.00
Wall albedo 0.30 0.30 0.00
Road albedo 0.10 0.10 0.00
Vegetation albedo 0.20 0.20 0.00
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e. CCAM validation

For the CCAM validation, the station observation dataset de-
scribed in section 2c(2) (i) is used. Daily hourly averages were
calculated over different seasons}that is, summer [December,
January, and February (DJF)], autumn [March, April, and May
(MAM)], winter [June, July, and August (JJA)], and spring
[September, October, and November (SON)]}using both sim-
ulations and observation datasets. The average diurnal cycle
was also calculated using both datasets. The monthly average
error was also calculated between observations and simulated
temperatures. The bias and root-mean-square error (RMSE)
are also calculated with reference to Gordon and Shaykewich
(2000) for the four seasons separately as well as for the whole
year.

The CCAM was also validated against MOD11A1.006
satellite nighttime land surface temperature as described in
section 2c(2)(ii). The CCAM output was regridded to the
MODIS grid of 1 km, and spatial correlation coefficients
were calculated for the four seasons. The extracted tem-
perature data have a similar acquisition period as the
MODIS land-cover data (Fig. 1).

3. Results

a. Surface representation over eThekwini

Results presented here are for the urban climate simulations
over the city of eThekwini at a horizontal grid spacing of 1 km
with updated land-cover and measured urban parameters.

Figure 2 depicts the default finer resolution (Fig. 2a) and up-
dated urban fraction (Fig. 2b). The updated representation of
the surface is more realistic because the simulation is able to
identify the correct orientation and spatial distribution of the
city as shown in the land-cover map (Fig. 1) and the urban frac-
tion (Fig. 2b). The model setup with the default land-cover data
shows higher values of urban fraction spatially distributed in a
southeast to a northwest direction (Fig. 2a). However, in the
simulation with updated land cover, the highly urbanized area
has a southwest to northeast orientation, with more than
90% urbanized areas located along the coastline. Accord-
ing to Lemonsu et al. (2023), such an area is considered to
be dense urban. This area spans about 308–29.88S 5 0.28 or
;20 km from north to south and about 30.858–31.058E 5 0.28
or ;20 km west to east as in Fig. 2b. The model is able to cap-
ture the dynamic monthly and seasonal variability of vegetation
cover (not shown).

b. Comparison between observed and model simulations

1) COMPARISON WITH WEATHER STATION DATA FOR

THE PERIOD 2006–16

The study applies data from the two available stations over
the city of eThekwini from the SAWS network, namely, Dur-
ban weather office and Mount Edgecombe; their location is
shown in Fig. 2. These observation data were compared with
the CCAM simulations. Model data were interpolated to the
two stations, and fortunately, at 1-km resolution, stations are lo-
cated either on model grid points or very close to the grid

FIG. 2. The CCAM 1-km representation of urban fraction for simulation with both the (a) default and (b) updated land
cover over the city of eThekwini.
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points, and therefore, no interpolation from the model grid to
the station location was necessary. Monthly averages of the ob-
served maximum, minimum, and average temperatures were
calculated over the 11-yr period. Figure 3a shows the monthly
average maximum temperature for the Durban and Mount
Edgecombe weather stations. The observed lines for Durban
and Mount Edgecombe do not converge at any point through-
out the year, with maximum temperature in Durban being
higher. The CCAM captures the intra-annual temperature cy-
cle, although with some shortcomings. The distinction between
the city and rural area is not as clear as in the observations.
The Mount Edgecombe maximum temperature is simulated to
be higher than in Durban in January, February, and June.

The monthly time series indicates that February is on aver-
age the hottest month, with temperatures ranging from 278 to
298C for both the CCAM and observations at the two stations.
The higher temperature during late summer is related to the
proximity of the two stations to the Indian Ocean, due to the
higher heat capacity of water. July is shown to be the coldest
month linked to the Southern Hemisphere winter, but with a
temperature range from 228 to 238C for both the CCAM and
observations. There is an increase in temperature from July to
December, but with highest temperature range from 258 to
278C.

The observed maximum temperature is highest at the urban
station (Durban) and is higher than the model throughout all
12 months. The CCAM temperature at the urban station is
also at least 18C higher than the observed and CCAM temper-
ature at a nonurban station (Mount Edgecombe). This analy-
sis shows that the CCAM has underpredicted maximum
temperature at the urban station and overpredicted maximum
temperature at the nonurban station, but only during summer
(DJF) and autumn (MAM).

The analysis of minimum temperature is shown in Fig. 3b.
As with maximum temperature, minimum temperature is
highest during February at both stations, and the model cap-
tures this. During summer, the lowest minimum temperature is
simulated by the CCAM at a nonurban station, during all
months. This modeled temperature is at least 28C lower than
the observed minimum temperature at this station. At the ur-
ban station, the CCAM and observed minimum temperatures
show a mixed pattern, and the model temperature is higher
than observed from March to April, whereas after July, the ob-
served is higher than the model-simulated temperature. At the
nonurban station, the CCAM simulation is lower than observed
and is also lower than at the urban station. The observed tem-
perature at the nonurban station is also higher than observed at
the urban station. The minimum temperature time series
shows that the observed temperature is higher than the
modeled temperature; this is an indication that the model
has underpredicted the minimum temperature and the mag-
nitude of the UHI.

The difference in model simulations and observations be-
tween the urban and nonurban stations is shown in Fig. 3c.
For maximum temperature, the model produces higher values
over the urban station than nonurban station throughout all
months, with values between 20.58 and 0.58C and with nega-
tive values during January, February, and June. However, the

observed maximum temperature is higher at the urban station,
with values ranging from 0.58 to 1.58C and lower values shown
during May to August. For minimum temperature, the model
produces higher temperature at an urban station, with values
ranging from 1.08 to 2.58C, as compared with a nonurban sta-
tion; higher temperature values are recorded from January to
August. The minimum observed temperature varies between
the two stations, with positive difference in the range of 08–0.58C
between January and April and December. However, the differ-
ence is negative from April to October. These values still show
that an urban station is warmer than a nonurban station, which
could have enhanced the UHI.

The diurnal cycle was also assessed to determine the behav-
ior of temperature between the model and observations during
all seasons at the two stations. All of the model output and ob-
servations were written out at UTC time before plotting the re-
sults (Fig. 4). Figure 4 shows a stronger diurnal variation during
summer (DJF) and spring (SON) at the two stations than dur-
ing autumn (MAM) and winter (JJA), with an average range of
approximately 68C. The model temperature is lower at a nonur-
ban station than at an urban station. Results also show a stron-
ger diurnal variation at a nonurban station than at the urban

FIG. 3. Comparison between the monthly observed and the
CCAM 1-km simulated screen temperatures [(a) maximum,
(b) minimum, and (c) average] over the Durban and Mount
Edgecombe weather stations for the period 2006–16.
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station. The autumn diurnal variation is also similar to the sum-
mer diurnal range, but with diurnal variation higher than 68C.
Last, winter diurnal variation is weaker, with an average range
higher than 88C. Results show that during DJF (Fig. 4a), the ob-
served temperature starts increasing from around 0200 UTC
and reaches the maximum temperature at around 1000 UTC.
This tendency coincides with maximum mixing in a convective
boundary layer (Efstathiou et al. 2018). The simulated maxi-
mum temperature agrees with observation; this also applies to
the spring season (Fig. 4d). The diurnal variation at the two sta-
tions shows some similarities between the two stations; they are
comparable during all seasons.

The stronger summer (DJF) diurnal range provides evi-
dence of the presence of a UHI over the city of eThekwini.
The winter (JJA) profile (Fig. 4c) shows a higher diurnal
range, with a range higher than 88C, which is twice that of the
summer profile. In the early hours (0000–0400 UTC), the
model temperature is higher than observed. From 0400 to
1000 UTC, both the model and observation increase and are
similar. After 1000 UTC, the observed temperature decreases
faster than the model temperature. The reason could be at-
tributed to the radiation scheme’s ability to capture the sea-
sonal variation of the UHI.

During the transition season autumn (Fig. 4b), the diurnal
range for the CCAM is at least 68C, and the observed profile
is at least 88C. The simulated minimum and maximum tem-
peratures are also higher than the observed temperatures
throughout the day. This profile is almost similar to the winter
(JJA) profile (Fig. 4c).

During the transition season spring, the diurnal range is on
average 58C (Fig. 4d). The spring profile is almost similar to the
summer profile (Fig. 4a). This is the season when the UHI
starts developing just before it intensifies in summer. When
comparing summer and spring, the behavior of the diurnal vari-
ation shows similar attributes as in studies by Karl et al. (1993).

The aforementioned study has revealed that within the city,
nighttime temperatures are higher due to the presence of the
UHI, as a result of surface modifications. This result shows
strong correlation between the model and observed, espe-
cially during summer and spring. The autumn and winter pro-
files are also in strong agreement. The higher heat storage
capacity (Bohnenstengel et al. 2011) of buildings, surface ma-
terials, and pavements leads to an increased storage heat flux
during the day (Ramamurthy et al. 2014). At night, the stored
heat is released into the atmosphere as sensible heat, which
primarily drives higher nighttime temperatures. The decrease

FIG. 4. Seasonal [(a) DJF, (b) MAM, (c) JJA, and (d) SON] diurnal variation in air temperature between the observed
and the CCAM at 1-km simulation over Durban andMount Edgecombe weather stations for the period 2006–16.
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in diurnal variation is attributed to an increase in cloud cover
and atmospheric and surface boundary conditions and is a re-
sult of global warming and an increase in greenhouse gases
(Karl et al. 1993).

The summary of the validation statistics forDurban andMount
Edgecombe stations is shown in Table 2. For minimum tempera-
ture, bias is mostly negative and low over Durban and negative
but high over Mount Edgecombe. This corresponds to lower
RMSE over Durban and higher RMSE overMount Edgecombe.
This applies to the two stations respectively, except duringMAM,
where bias was positive over Durban and negative over Mount
Edgecombe. This result shows that the CCAM underestimates
daytime heat storage and its nighttime release, which result in
more nighttime cooling, as in the Lemonsu et al. (2023) study.

In maximum temperature, bias is negative and low over
Durban, but positive and higher over Mount Edgecombe. How-
ever, bias is also on average lower over Durban than over Mount
Edgecombe. This result shows that the model underpredicts min-
imum temperature at both Durban and Mount Edgecombe.
The model has also underpredicted maximum temperature over
Durban but overpredicted maximum temperature over Mount
Edgecombe. These results show that as in Lemonsu et al. (2023),
the model performs better in an urban than nonurban station. A
bias value less than 18C indicates very good model performance,
and bias is lower in urban than nonurban due to the possibility of
the evapotranspiration response of natural areas being enhanced
by rainfall (Lemonsu et al. 2023).

2) COMPARISON OF CCAM WITH MODIS SATELLITE

DATA FOR 2012/13

This section investigates whether the modeled nighttime
UHI phenomenon is also observed by the MODIS satellite
and, if so, its spatial and temporal distributions (Fig. 5). The
CCAM output was first interpolated to the MODIS grid, and
then the spatial correlations between observed and simulated
temperatures were calculated. During summer (DJF) months,
the CCAM and MODIS nighttime temperatures show almost
similar spatial distribution of temperatures, with values higher
than 208C along the east coast over the city of eThekwini. Lower
values ranging between 168 and 208C are simulated away from
the city of eThekwini toward the inland. However, the MODIS
temperatures are at least 28C higher than the CCAM tempera-
tures (Figs. 5a,b). Both the CCAM andMODIS correctly repro-
duce the magnitude and intensity of the UHI, which covers
approximately 20 km 3 20 km spatial distribution, with an in-
tensity of approximately 48C temperature difference between
rural and urban areas. This agrees with previous studies (i.e.,
Heaviside et al. 2017; Bohnenstengel et al. 2011). These results
agree with those already disclosed or presented based on the
Durban (eThekwini) station, which reveals that the simulated
minimum temperatures are higher than observed and further
indicates that this is a general pattern across the whole high-
resolution domain. The temperature distribution resembles the
spatial distribution of the urban area observed in the land-cover
distribution (Fig. 1), whereby higher temperatures are simu-
lated in highly urbanized areas and lower temperatures are sim-
ulated away from urbanized areas.

During the autumn (MAM) season, the pattern remains
similar to summer, but temperatures are reduced by at least
28 to 48C (Figs. 5c,d). The UHI intensity is weakened, in the
range of 28C, but with higher temperatures along the coast-
lines, and it gets reduced farther inland away from highly ur-
banized areas. The winter (JJA) temperature distribution
shows a weakening of the UHI, but it is not completely de-
stroyed. This could be due to anthropogenic heating, which is
higher in winter due to increased usage of natural gas and
electricity for heating (Coutts et al. 2007). Higher tempera-
tures with values that range between 148 and 188C are evenly
distributed over most parts of eThekwini (Figs. 5e,f). Lower
values are depicted over the western half of the domain and
away from the city of eThekwini.

During spring (SON), the UHI starts to build up and
strengthens; for MODIS, the UHI is almost similar to the one
seen in autumn; this observation is in agreement with the
Wilby (2008) study, which shows that during spring and sum-
mer, the UHI becomes more intense. However, for the
CCAM, the UHI intensity is at least 28C weaker than during
autumn, with less magnitude than in MODIS (Figs. 5g,h). In
general, the CCAM UHI intensity is at least 28 lower than
those of MODIS, this could be due to CCAM underestimat-
ing the minimum temperature.

The spatial correlations between MODIS and CCAM were
also calculated; summer has the highest correlation (0.90), fol-
lowed by autumn (0.88), whereas both winter’s and spring’s
spatial correlations are 0.62, respectively. This satellite-derived
land surface temperature provides evidence of the spatial and
temporal distributions of the UHI simulated by the CCAM.

c. CCAM simulation of the UHI over the city
of eThekwini

1) UHI SEASONAL VARIATION FROM 2005–06
TO 2015–16

Improvements in land cover and measured urban settings
provide an opportunity to study the temporal and spatial at-
tributes of the UHI. Therefore, in this section, an analysis of

TABLE 2. The validation statistics for the Durban and Mount
Edgecombe weather station observations against CCAM simulations
with ERA-Interim for the period 2006–16.

Durban Mount Edgecombe

Bias RMSE Bias RMSE

Min temperature
DJF 20.83 0.93 22.51 2.53
MAM 1.29 1.39 21.58 1.70
JJA 20.44 0.96 22.99 3.11
SON 21.69 1.73 23.55 3.56
All seasons 20.42 1.25 22.66 2.81

Max temperature
DJF 20.68 0.81 0.80 1.29
MAM 20.10 0.53 1.13 1.39
JJA 20.61 0.72 0.43 0.75
SON 20.64 0.73 0.10 0.67
All seasons 20.51 0.62 0.70 1.03
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seasonal averages of meteorological variables is performed.
The screen maximum temperature simulation is displayed in
Fig. 6 and does not reproduce the spatial distribution of the
UHI seen in the land-cover (Fig. 1) and urban-fraction graphs
(Fig. 2).

During summer, the distribution of screen maximum tem-
peratures shows isolated areas with high values ranging be-
tween 288 and 308C in both urban and rural areas. This also
applies to values ranging between 308 and 328C in both ur-
ban and rural areas. There is a decline in maximum temper-
atures to values lower than 288C during all other three
seasons (autumn, winter, and spring), respectively (Fig. 6).

The nonexistence of the UHI in screen maximum temperature
confirms that the UHI is a nighttime phenomenon (Chen et al.
2014).

The CCAM-simulated screen minimum temperature is pre-
sented in Fig. 7 and surface temperature in Fig. 8. There is a
clear difference between the maximum and minimum surface
temperatures. The CCAM-simulated screen minimum and
surface temperature show the presence of the UHI with spa-
tial distributions similar to those of land cover (Fig. 1) and an
urban fraction (Fig. 2). The existence of a UHI intensity is in-
dicated by the clear difference in screen minimum and surface
temperature within the city and away from the city.

FIG. 5. The (left) CCAM screen and (right) MODIS representation of nighttime temperatures over the city of
eThekwini for the periods (a),(b) DJF 2012/13, (c),(d) MAM 2013, (e),(f) JJA 2013, and (g),(h) SON 2013. The vali-
dation period concurs with the land-cover data period.
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The UHI is more clearly simulated during summer, with
higher average screen minimum temperatures ranging between
188 and 248C (Fig. 7a). During the summer season, the UHI in-
tensity has a range of at least 48C. During autumn and spring,
the screen minimum temperatures decrease (Figs. 7b,c), but the
UHI remains visible, although weakened; however, its intensity
is slightly reduced. The strength of the UHI increases again
during spring (Fig. 7d), which is a transition season, to reach a
maximum during the summer months.

Observing surface temperatures (Fig. 8), the UHI is stron-
ger during summer, less strong during the transition seasons
(i.e., autumn and spring), and weakened during winter because
of its seasonal variation (Sannigrahi et al. 2018).

During summer months (DJF), the highest temperature val-
ues range from 308 to 328C along the coast and in some other
areas with simulated UHIs. During this season, the UHI spa-
tial coverage is similar to the distribution of land cover (Fig. 1)

and urban fraction (Fig. 2), with an intensity at least 48C, and
similar to minimum temperature. As in minimum temperature,
the UHI intensity is reduced during autumn and spring. The ur-
ban areas are characterized by artificial surfaces with high heat
capacity (Akbari et al. 2001; Nuruzzaman 2015), which strength-
ens the UHI. Note that the surface is cooler away from the
UHI as a result of increased vegetation, with higher latent heat
fluxes (Garuma 2018) and less sensible heat fluxes in highly veg-
etated areas (Taha 1997).

The UHI is also evident in net longwave radiation at the sur-
face, where a positive value points upward (Fig. 9), with en-
hanced values in the urban areas during summer, autumn, and
spring seasons. During summer and spring, net longwave radia-
tion ranges from 70 to 80 Wm22 within the UHI and is less than
70 W m22 away from the UHI. During autumn, these values are
more enhanced to values higher than 80–90 W m22 within the
UHI and values less than 80Wm22 away from the UHI.

FIG. 6. The updated CCAM 1-km simulated average maximum screen temperature over the city of eThekwini for the
periods (a) DJF, (b) MAM, (c) JJA, and (d) SON, from 2005–06 to 2015–16.
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However, during winter, there is no indication of a UHI,
but net longwave radiation values remain high, with a range
of 80–100 W m22. Garuma (2018) attributed higher values of
net longwave radiation in cities to both an increased UHI and
amplification by pollutants. From this simulation, it is obvious
that factors such as high urbanization, low vegetation, anthro-
pogenic heating, and resultant net longwave radiation (Fig. 9)
contribute to high minimum and surface temperatures, result-
ing in the development of a UHI during the summer season.

The distribution of shortwave radiation (not shown) indi-
cates that it is higher in summer over the city, with values
higher than 229 W m22. In autumn, the sun starts migrating
northward, leading to shortwave values averaging 160–180Wm22

over the city. In winter, the sun moves to the Northern Hemi-
sphere, leading to values of less than 160 W m22 over the city.
The amount of shortwave radiation starts to increase again during
autumn as the sun migrates south of the equator again, leading to
radiation in the range of 180–200 W m22, and is slightly higher

than in autumn. However, this distribution does not show the
presence of the UHI.

Net radiation (not shown), which is the difference between
shortwave and longwave, shows an agreement with longwave
radiation (Fig. 9). In summer, a UHI is depicted, with net radia-
tion averaging 140–160 W m22 over the city, showing that net
radiation is trapped within the city. During autumn, winter, and
spring, there is no sign of the UHI. However, net radiation gets
reduced in autumn, with lowest values in winter, with averages
less than 60 W m22 over the city. However, it strengthens again
in spring, with values averaging 120–160 W m22 over the city.
The distribution of longwave, shortwave, and net radiation
shows proof that the UHI is caused by natural factors such as
the distribution of radiation within urban areas.

The distribution of sensible heat flux (not shown) shows the
distribution of the UHI during all four seasons. In summer,
sensible heat flux averages 100–140 W m22 over the city. This
is opposed to latent heat flux, with values less than 60 W m22.

FIG. 7. As in Fig. 6, but for minimum screen temperature.
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Sensible heat is reduced to values of 60–80 W m22 during
autumn. During this season, latent heat flux remains similar
to summer values. Sensible heat flux is reduced to its lowest
values, less than 40 W m22, during winter. This is accompa-
nied by the lowest values of latent heat flux, which averages
40–60 W m22. During spring, sensible heat increases again to
average values of 60–100 W m22, but latent heat fluxes remain
low, with values similar to the summer profile.

The distribution of sensible heat shows that it is enhanced
by anthropogenic heating as it opposes the distribution of la-
tent heat flux. There is not much increase in latent heat during
all seasons, meaning less evaporation, an indication that there
is less water available for evaporation, thus enhancing sensi-
ble heat flux. Therefore, this result presents evidence that the
UHI is also caused by anthropogenic heating.

Vegetation fraction (not shown) was also analyzed for the
four seasons and compared with urban fraction. In summer, it
shows that areas located over the city have vegetation fraction
less than 50%. This area is dominated by urban fraction

higher than 90%. As one moves away from the city, urban
fraction is reduced to less than 10%, and vegetation fraction
increases to more than 60%. The distribution of vegetation
fraction in summer and autumn seasons remains similar. Dur-
ing winter, most parts of the domain have vegetation fraction
less than 50%, with very small areas away from the city with
vegetation fractions in the range of 60%–70%. This is almost
similar to vegetation distribution during spring, but there is a
slight increase in vegetation fraction of 50%–60% in some
areas away from the city.

2) UHI SEASONAL DIURNAL VARIATION FOR

2005–06 TO 2015–16

In this section, the seasonal diurnal variation of surface var-
iables is analyzed. This examination indicates a 24-h variation
of the meteorological variables over the city. Figure 10 shows
the diurnal variation of surface temperatures, boundary
layers, net longwave and net shortwave radiation, and latent

FIG. 8. As in Fig. 6, but for surface temperature.
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and sensible heat fluxes, respectively. The surface tempera-
ture profile shows a similar diurnal variation pattern during
all seasons (Fig. 10a), but with various strengths. The summer
and autumn profiles are almost similar and are stronger (less
variation) than the winter and spring profiles, respectively.
The summer and autumn profiles have a range of at least 88C,
whereas the winter and spring profiles have a range of at least
108C, respectively. The summer and autumn profiles are at
least 38C higher than the spring profile and at least 58C higher
than the winter profile. All these profiles show that during
late hours (after 1600 UTC), excess heat is not released by the
surface, which contributes to the UHI. Kruger and Shongwe
(2004) attributed negative diurnal variation of temperature in
stations over South Africa to increasing minimum tempera-
ture (hot/warm nights) because of urbanization. Also, Karl
et al. (1993) and Hughes and Balling (1996) mentioned that
over South Africa, diurnal variation of temperature strongly
decreases in spring and strongly increases in autumn as a re-
sult of an increase in nighttime temperature. An increase in

gases such as CO2, sensible heat fluxes, and evaporation reduce
the diurnal range of temperature (Karl et al. 1993). The current
CCAM results agree with previous findings (e.g., Hughes and
Balling 1996) that increased urbanization is responsible for the
reduction in diurnal variation of temperature.

The daytime variation of the planetary boundary layer is de-
picted in Fig. 10b, whereby profiles are similar during all sea-
sons. However, the DJF profile is at least 100 m less than other
profiles. The diurnal variation ranges from 350 to 400 m in the
morning and between 850 and 1000 m in the afternoon, leading
to a range of approximately 600–650 m. The diurnal variation
of net longwave radiation at the ground (positive, up) is shown
in Fig. 10c. Its diurnal range is strongest in summer, with the
lowest range of 35 W m22. This is followed by the transition
seasons autumn and spring, with a range of 40 W m22. Winter
has the highest diurnal variation, with a range of 40 W m22.
The diurnal variation of sensible and latent heat fluxes is,
however, not shown. For sensible heat fluxes, a strong varia-
tion exists during spring, with a range of 6170 W m22,

FIG. 9. As in Fig. 6, but for net longwave radiation at the ground (positive is up).
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followed by summer (640 W m22), autumn, and lastly win-
ter (,130 W m22).

For latent heat, the diurnal cycle varies with seasons, with a
strong variation during summer (75–210 W m22; range is
6135 W m22), followed by a less significant variation in au-
tumn (100–200 W m22; range is 100 W m22) and spring
(85–170 W m22; range is 85 W m22), and last a minor varia-
tion in winter (100–150 W m22; range is 50 W m22). For both
the sensible and latent heat fluxes, all the values are lower than
values found in Luhar et al. (2014). Changes in diurnal variation
have been attributed to increased cloud cover and its changes
since it reduces incoming solar radiation during the day, which
reduces maximum temperature and increases net longwave ra-
diation at night, increasing nighttime temperature and reducing
its diurnal variation (Easterling et al. 2000). Kruger et al. (2019)
found that changes in minimum and maximum temperatures af-
fect diurnal variations as a result of the influence of either local
or microscale climate.

All of these simulation results confirm the presence of a
nighttime UHI over the city of eThekwini during summer,
whereby the ground and building materials hold onto more
solar energy during the day (Lipson et al. 2017), instead of

releasing it, with a lower rate of radiant cooling at night
(Wilby 2008). Equally, the availability of anthropogenic heat-
ing from air conditioners increases heat in the cities. How-
ever, the existence of atmospheric circulations such as sea
breezes could have reduced the strength of the UHI. Of inter-
est was that the 2015–16 seasons experienced the strongest El
Ñino over the 11-yr period (Blamey et al. 2018). Therefore,
there might be a relationship between the UHI and El Ñino,
as El Ñino is known to lead to reduced rainfall and almost
certainly higher surface temperatures. From this comparison,
it is shown that the current CCAM setup is capable of simu-
lating the urban climate of eThekwini and could be applied in
future simulations.

4. Discussion

In this study, the climate of the UHI during the period
2005–16 is discussed. The UHI was simulated by the CCAM,
coupled to the land surface model, called CABLE. The
CCAM-CABLE allows for the user to change land cover; the
system has an option of 17 IGBP vegetation classes ranging
from water bodies to various land-cover types. CABLE includes

FIG. 10. The updated CCAM 1-km simulated diurnal variation of (a) surface temperature, (b) boundary layer pro-
file, (c) net longwave at the ground (positive is up), and (d) net shortwave radiation at the ground (positive is down)
over the city of eThekwini for the periods DJF, MAM, JJA, and SON, from 2005–06 to 2015–16.
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an option to apply measured urban parameters, such as building
characteristics, emission sources, and reflectivity.

The land cover was updated to reflect land use on the
ground. The updated land-cover and urban parameters were
found to have an influence on UHI intensity. First, when the
model was run with the default land cover and urban setting
switched on, there were no dynamical changes in vegetation
throughout the season and no dynamical changes in the simu-
lated UHI. Second, when the land cover was updated and ur-
ban setting switched off, the UHI was not reproduced; there
were no dynamical changes in vegetation throughout the sea-
son, and no distinguished UHI was simulated. In this study, it
is shown that the city is 90% urban and is considered dense
urban (Lemonsu et al. 2023); vegetation cover is lower, and
there are more impervious materials, which increases the
UHI and its intensity, which agrees with previous findings
(e.g., Sannigrahi et al. 2018). Therefore, increasing vegetation,
ventilation, and greening of urban spaces (Heaviside et al.
2017; Zhang et al. 2022) improve the development of daytime
boundary layers since they alter the surface energy balance
(Sharma et al. 2016), cool the urban space, and increase evapo-
transpiration. In cities, sensible heat and heat storage domi-
nate in summer, and latent heat is small, which influences the
UHI (Coutts et al. 2007). More vegetation within the canyon
(in-canyon vegetation) helps with reducing urban tempera-
tures, as vegetation absorbs both longwave radiation and sen-
sible heat fluxes from roads and walls, thereby increasing
latent heat (Thatcher and Hurley 2012).

In this study, albedo from roofs, walls, and roads is similar
to the default albedo (0.2); an increase in albedo should de-
crease the intensity of the UHI. Previous studies have shown
that darker materials cause an increase in surface tempera-
tures in cities (Nuruzzaman 2015), with temperatures at least
28C higher than in rural areas (Taha 1997; Garuma 2018;
Chapman et al. 2019). The application of lighter and brighter
colors increases the albedo to values higher than 0.25, which
could, therefore, reduce temperatures by at least 48C in cities
(Garuma 2018; Taha 1997), thereby eliminating the UHI and
reducing energy demand for both heating and cooling. Colors
that are heat resistant could be applied to roofs to provide the
necessary cooling. Alternatively, rubber materials could be
used at no extra cost instead of changing colors. For this
study, albedo was lower than 0.25, which could have helped in
reducing the UHI intensity. Previous studies have shown that
the impact of emissivity on the thermal behavior of urban ma-
terials is greatest at night, and reflectivity is more relevant
during the day (Synnefa et al. 2006). For this study, both emis-
sions from industries and traffic were higher than in the de-
fault model setup; such an increase in anthropogenic emission
results in higher temperatures in urban areas, strengthening
the UHI intensity.

The city is located over the east coast of South Africa and
is bounded by the warm Indian Ocean. Previous studies have
shown that the proximity of cities to water bodies such as
lakes and the ocean results in the development of sea or lake
breezes, which act as UHI-mitigating factors (Sharma et al.
2016). In this study, we found the UHI has an intensity in the
range of 28–48C, and in large cities, the UHI intensity could

range from 58 to 108C (Heaviside et al. 2017; Grimmond et al.
2011); therefore, the ocean could have played a role in reduc-
ing the UHI intensity.

The study shows that the CCAM is able to capture the spa-
tial and temporal distributions of the UHI by reproducing the
times series of seasonal variation of temperatures over both
nonurban and urban stations in the eThekwini municipality.
The results also indicate that the highest average monthly
temperature is observed and simulated in February. February
represents the end of summer in the Southern Hemisphere
due to the latitudinal variation of the position of the sun. The
proximity to the warm Indian Ocean is also thought to have an
influence on the temperature in eThekwini in both the urban
and rural settings. The observed temperature is higher at the
urban station during summer, with a range of 08–0.58C for mini-
mum temperature and 0.58–1.58C for maximum temperature.

The diurnal variation is strongest during summer, especially
at the urban station as compared with the nonurban station,
with an average range of 68C, and is almost similar to the one
in spring before the UHI strengthens again. During July, the
temperature is the lowest, when the city receives the lowest
radiation as the sun moves to the Northern Hemisphere in
winter. The diurnal range in winter is weakest, with an aver-
age of 88C or more, and is almost similar to the autumn pro-
file. Still, an urban station shows higher values as compared
with a nonurban station.

The comparison between CCAM and MODIS data also
shows that during summer the UHI intensity is on average 48C
between urban and rural. The UHI intensity is reduced during
all other seasons, although MODIS temperature is warmer than
CCAM. Likewise, the highest correlation was found between
MODIS and simulated minimum temperatures in summer.

The CCAM simulation of maximum temperatures did not
provide any evidence of a UHI. The reason could be that day-
time temperatures are dependent on the amount of received
shortwave radiation and topography, where higher tempera-
tures develop in low topography and low temperatures in
higher topography (Maisha 2014). Also, the convective bound-
ary layer or turbulent exchange in the near-surface layer dur-
ing the day contributes to the dissipation of the UHI (Zhang
et al. 2022).

The current CCAM climate simulations of surface parameters
such as temperature (minimum and surface), longwave radia-
tion, and boundary layer profile provide evidence of the exis-
tence of the UHI over the city of eThekwini. The magnitude of
the area covered by the UHI stretches about 20 km (west to
east) and 20 km (south to north) and is similar in distribution to
land cover and areas that are more than 80% urbanized.

In minimum temperature simulation, the UHI intensity
shows its dominance during summer, where the city tempera-
ture is on average 48C more than in rural areas. This is in
agreement with findings by Wilby (2008). This pattern is also
shown in surface temperature, but with a slightly different in-
tensity pattern shown in minimum temperature. This is shown
by the more intense UHI seen away from the ocean, which
could be due to the effects of land and sea breezes, which have
diluted the UHI closer to the coastline. The UHI is then weak-
ened during autumn and spring and is almost nonexistent
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during the winter season. The UHI is oriented in a southwest-
to-northeast orientation, most distinguished along the coastal
area, and resembles the distribution of both the land cover
and the urban fraction.

The UHI also follows the pattern depicted by the longwave
radiation, especially during summer; this is the result of short-
wave radiation being trapped by urban structures as longwave
radiation and not released at night. The distribution of long-
wave radiation has led to an increase in both surface and mini-
mum temperatures, with theUHI intensity of urban temperatures
at least 48C higher than in rural areas (Grimmond et al. 2011;
Heaviside et al. 2017), also in agreementwith studies by, for exam-
ple, Taha (1997) and Garuma (2018). Away from urban areas,
there is an increase in vegetation and a reduction in artificial
materials, thereby reducing both the surface and minimum
temperatures. There is also increased evapotranspiration, and
trees absorb more carbon dioxide. Large tree canopies help in
reducing heat as they intercept light (Nuruzzaman 2015),
thereby reducing theUHI.

An analysis of diurnal variation of various meteorological
variables such as temperature, boundary layer, longwave and
shortwave radiation, and sensible and latent heat fluxes con-
firms the strength of the UHI. In summer, the diurnal varia-
tions of temperature, boundary layer, longwave radiation, and
sensible heat fluxes are strongest.

From this study, two elements that contributed to the de-
velopment of the UHI were identified: (i) natural factors and
(ii) man-made factors. With natural factors, the distribution
of longwave radiation was identified (Coutts et al. 2007),
whereby an increase (decrease) in radiation was found to en-
hance (reduce) the development and the strength of the UHI.
Also, regional atmospheric circulations could have played a
role in the enhancement of the UHI. Blamey et al. (2018) in-
dicated that the El Niño climate pattern (with unusual warm
ocean waters) dominated the South African weather during
the year 2015/16. It impacts moisture transport over the re-
gion, whereby the weakening of onshore moisture flow over
the south Indian Ocean contributes to dry conditions (Blamey
et al. 2018). Man-made factors including urban expansion and
increased anthropogenic heating within the city influenced
the spatial and temporal distributions of the UHI (Wang and
Li 2017; Coutts et al. 2007).

These simulations have shown that an increase in both spa-
tial and temporal resolutions improved the spatial distribution
of the UHI. On average, the formation of a UHI was not very
strong; it has an average of 48C. Heaviside et al. (2017) and
Bohnenstengel et al. (2011) have shown that the UHI inten-
sity is between 58 and 108C in larger cities, but also in extreme
cases. This could be due to the location of the city, which is lo-
cated along the warm east coast of South Africa, along the
warm Indian Ocean. In this case, mesoscale circulations could
result in the development of sea breezes. Such circulations are
dominant mesoscale systems over coastal areas and are re-
sponsible for the dilution of the UHI (Taha 1997; Pokhrel and
Lee 2011; Lehoczky et al. 2017; Arrillaga et al. 2018). Also,
water bodies provide evaporation and reduce surface temper-
atures. Taha (1997) indicated that in higher latitudes the UHI
reduces energy demand for heating as compared with lower-

latitudinal areas since UHI increases lead to higher demand
for cooling systems.

The current study has shown that the CCAM is able to re-
produce the UHI over eThekwini as it captures the spatial and
temporal distributions of the UHI. The UHI was found to be
caused by factors such as increased urbanization, increased
greenhouse gas emissions, reduced vegetation in cities, and cli-
matic conditions (Nuruzzaman 2015). The current study has
also proven that the CCAM system could be used as a tool to
model urban climate at any geographical location around the
globe and at any time scale. The current model configuration
and results, therefore, support earlier findings by Reichler and
Kim (2008), who attributed climate model performance to de-
velopments such as more realistic model parameterizations
and finer resolution.

According to previous studies, as a result of increased urbani-
zation, there is an increase in the Bowen ratio, because sensible
heat fluxes increase (because of strong surface heating) as com-
pared with latent heat fluxes, as a result of a reduction in sur-
face moisture (Coutts et al. 2007), as well as the replacement of
natural vegetation by artificial surfaces (Ramamurthy et al.
2014). This has also resulted in the enhancement of the UHI.

The current study is essential because the occurrence of UHIs
in cities has a catastrophic impact on human lives, and therefore,
this kind of study assists city planners when developing modern
cities. Therefore, it enables researchers in urban climate studies
to understand how atmospheric circulations impact city climates.
The UHI is due to both natural factors and anthropogenic emis-
sions; therefore, numerical and climate modelers could use this
study to understand that radiation parameters and emissions
from cities, along with urban modification, including removal of
natural surfaces, are important in physical parameterization.

In this study, there were some limitations, which are listed
as follows. The study area has limited observation stations
and incomplete data, which limit the study. When the CABLE
parameters were changed from default to the updated/measured,
the realistic orientation of the city is updated, as well as the
dynamic change of vegetation with cites. This was, however,
not correctly shown in default land cover. Therefore, for ur-
ban modeling, not having the required and latest land-cover
data impacts the results of the modeling studies. In Africa,
this dataset is, however, not so easy to find, except from
large global centers. Therefore, in this study, we made an
effort to get these measured data and customize them for the
CCAM-CABLE to read before preparing surface parame-
ters. Another limitation to this study is that UCM allows for
only one class of urban parameter to represent the entire
grid during simulations. Therefore, due to the complexity of
urban-scale simulation, large computing resources are re-
quired to successfully complete the model runs. The urban
model study requires large computing resources, and for
countries without such computing resources, this has a detri-
mental effect on high-resolution modeling studies.

From the current studies, the realistic simulation of the UHI
with ERA-Interim provides an opportunity to run the model at
high resolution and project the future occurrence of the UHI us-
ing CMIP5 and CMIP6. Such future projections will be used to
assist disastermanagement with the dissemination of information
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on extreme weather and climate events over the cities. However,
it is important for the modelers to update the land-cover and ur-
ban parameters to realistically simulate city climate in future.

5. Conclusions

The study was aimed at evaluating the performance of the
CCAM 1-km setup in simulating the UHI over the city of
eThekwini during the current climate (2006–16). The CCAM
setup at 1 km was coupled to a land surface model (CCAM-
CABLE), which takes into consideration updated land-cover
and measured urban parameters. During the simulations, the
urban scheme was turned on. The two changes allowed for a
realistic simulation of the UHI: (i) the updated land-cover
data, which assist in capturing the true seasonal variability of
vegetation as compared with the default setup, which shows
no such variability, and (ii) the measured urban parameters,
where a generic option was selected. The measured parame-
ters allow for realistic simulation of UHI intensity; an overes-
timation of these values could have resulted in greater UHI
intensity, such as in a medium urban or highly urbanized city.
All these parameters show the true spatial distribution of the
city, located along the warm east coast of South Africa, as
compared with the default setup. The city is located at ap-
proximately 29.98S, which is very close to the subtropical
high-pressure belt (308S). The urban fraction shows that the
city is more than 80% urbanized and covers an area of around
20 km3 20 km.

The monthly variation of temperature shows that the
CCAM underforecast the average maximum temperature by
at least 28C and overforecast the average minimum tempera-
ture by at least 38C when compared with observation. An
analysis of temperature diurnal variation shows that it is
strong in summer, with a range between maximum and mini-
mum values of around 68C due to UHI intensity.

Comparison between CCAM andMODIS temperature val-
ues shows the UHI intensity is at least 48C higher in urban
areas than rural areas during summer. This in in agreement
with previous studies such as Grimmond et al. (2011) and
Heaviside et al. (2017). The UHI intensity is reduced in au-
tumn and winter but starts growing during spring, and this is
in agreement with a study by Zhang et al. (2022).

The CCAM climate simulations show no UHI in daytime
maximum temperature, as this is a nighttime event. The UHI
is shown in minimum and surface temperatures during sum-
mer; its intensity is at least 48C. The UHI intensity is also seen
in longwave radiation during summer, with a difference of at
least 10 W m22 in urban as compared with rural. The UHI
spatial distribution is similar to the urban fraction and land-
cover distribution. The UHI also exists during both autumn
and spring, but with reduced intensity; however, it gets re-
duced during the winter season.

This study shows that both shortwave and longwave radia-
tion play a role in the development, spatial distribution, and
intensity of the UHI. Since shortwave is received at the sur-
face during the day, it gets absorbed in cities, and during
nighttime, longwave radiation is released back into the atmo-
sphere. However, this study shows that longwave radiation is

only reduced in rural areas and is retained by urban surfaces,
including roads and buildings in cities. The combination of
longwave radiation and anthropogenic heating raises the sur-
face temperature and increases the intensity of the UHI. In
this study, we can conclude that changes in land cover and ur-
ban parameters have assisted in simulating and identifying the
UHI over the city of eThekwini.

Results of this study will further assist the municipality in
deriving strategies to mitigate the impacts of climate change
and also for modern urban design. This includes the use of
materials with high reflectivity or emissivity, as they promote
cooler surfaces (Taha 1997); green spaces; and water features
(Wilby 2008; Heaviside et al. 2017; Zhang et al. 2022).

Future research studies will include simulation of the pro-
jected urban climate of eThekwini and the occurrence of the
UHI under enhanced anthropogenic emissions using the dif-
ferent emission scenario data from the IPCC report and as-
sessment of the influence of atmospheric flow dynamics such
as land and sea breezes in the distribution of a UHI. We also
recommend that similar studies be conducted over other
South African cities to help the government with its imple-
mentation of the District Development Model.
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