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Abstract

This study models the spatiotemporal change of Birmingham’s urban heat island (UHI) using air
temperature measurements made during the HiTemp project to study the atmospheric conditions over the
city [1]. The study identifies the causative factors and their contributions to the formation of UHI, based on
a number of data used to build 2.5 D model; land cover, land use, geometrical factors and shadow layers.
The raw air temperature measurements were filtered, georeferenced and interpolated to create maps of
temperature variations. The expected influencing parameters on the development of the UHI were derived
and prepared for regression modelling. The results showed that the difference in temperature across
Birmingham city through two years of ground measurements (June 2012 — June 2014) reached up to 13.53
°C. The UHLI’s appeared daytime and night-time throughout the different seasons for approximately 56%
of the total hours during the study period. However, the high intensity events happened during the calm and
clear nights. Moreover, buildings’ shadow provided up to 2 °C reduction to the air temperature, while the
wind speed and direction are responsible for the size and distribution of hot spots. The built up area
contributed to increase the UHI, whereas, the other types of land cover and the geometrical parameters,
contributed less.

Keywords: urban heat island, high resolution measurements, spatiotemporal change, influencing parameters,
regression models

1- Introduction

The phenomenon of heat islands was first documented in 1818, when Luke Howard found an artificial excess of
heat in the city centre of London compared to the surrounding country [2]. This excessive heat has been long observed
in urban and suburban areas where air and surface temperature are higher than their adjacent rural areas. The traditional
way of measuring the Urban Heat Island (UHI) is by measuring the air temperature using a pair of meteorological
stations to calculate the Atmospheric Urban Heat Island (AUHI). Remote sensing (RS) techniques can capture the
surface temperature as an indicator of the so called Surface Urban Heat Island (SUHI) [3]. The increase in availability
of high spatial resolution satellite images has enabled researchers to study the spatial change of surface temperature
patterns, but it does not always capture the temporal variation of heat islands [4, 5]. The heat islands have been
classified based on different attributes. Cermak, et al. [6] classified the urban climate into three layers, the first layer
describes a street and its surrounding buildings, which is called the canyon layer. Second, the canopy layer extends
upwards from the surface to approximately mean building height. Third, the boundary layer is a layer of air up to 2000
meters height above the canopy layer. Voogt and Oke [7] explained that there are three types of UHI. The surface heat
island refers to the difference in surface temperature between the urban and rural areas. The canopy heat island
indicates the difference in air temperature between urban and rural areas within the canopy layer. The boundary heat
island measures the difference in air temperature between the urban and rural areas within the boundary layer. AUHI
and SUHI have different spatiotemporal behaviour, and they are two different approaches to study the UHI
phenomenon [8]. While, the expensive approach of RS is focused on the SUHI that lacks the temporal resolution; the
AUHI employs the field measurements which usually have limited spatial resolution due to limited stationary network
or mobile stations around a city [9]. This paper adopts a dense network of meteorological sensors to provide high

spatial resolution as well as high temporal resolution of AUHI measurements within the canopy layer.



Environmental Protection Agency (EPA) [10] explained that the factors that might create UHIs include: reduced
vegetation in urban areas, the thermal properties of urban material, urban geometry, anthropogenic heat emissions,
weather, and topography. Some of these factors are natural occurrences and engineers cannot control them such as
weather and geographic location. However, some other factors can be changed by design, such as the properties of
building materials. The negative consequences of UHI include increased energy consumption, greenhouse gases,
human discomfort, and impaired water quality [11]. Mirzaei, et al. [12] explained that increased peak demand,
mortality, and morbidity are the most important negative consequences of UHI. Indeed, whilst some communities
might benefit from the excessive heat in winter in terms of energy consumption, the summer penalty is much larger
and it can affect a community’s environment and quality of life [10]. Sailor [13] explained that the canopy UHI is
most relevant with respect to direct effects on building occupants, particularly in the summertime, buildings located
in or near the centre of a large city tend to have the largest energy consumption in the early morning hours. Conversely,
Berger, et al. [14] in their study concluded that hottest locations in moderate climates tend to reduce energy demands
in the wintertime. From that, the identification of UHI events in terms of location, time and magnitude would help
building designers for the more accurate simulation of building energy usage particularly for air conditioning and
refrigeration [14]. So, urban planners should take into account the impacts of UHI for future cities, and work on the
possible solutions to mitigate theme in existing cities.

The recent AUHI studies within the canopy layer presented in the literature have not used high spatial and temporal
resolution temperature together. Furthermore, they have not modelled all the important controllable factors that
potentially affect the development of UHI. For example, Busato, et al. [15] have reported their experimental results
for three years of mobile traverses, which covered prefixed paths in the city of Padua in Italy. However, this traversing
approach does not fully explain the impacts of topography and the effects of different land covers. Doick, et al. [16]
investigated the impact of Kensington Gardens a park land area in London, and the findings showed the importance
of vegetation in UHI mitigation. Nevertheless, the study also revealed the uncertainty over the variables that govern
the extent of UHI. This result supports Ivajnsic, et al. [17] who they concluded that local and regional variables have
a very important role in explaining spatial variation in mean air temperature. Whilst, large scale studies of UHI have
been based mainly on remotely sensed satellite images, they have lack the temporal variation of real time land surface
temperature [18-21]. A study by Ho, et al. [22] assessed the ability of three remote sensing-based regression models
to map the peak daytime air temperature used a dense observation weather stations. However, this study was very
limited temporarily as it used only six satellite images and focused on extreme events of air temperature. To address
this deficiency, a novel project called HiTemp has been undertaken by The Birmingham Urban Climate Laboratory
(BUCL) funded by The Natural Environment Research Council (NERC) [1]. It has provided near real time data from
one of the densest urban meteorological network of automatic weather stations worldwide [23]. This project is ongoing

since June 2012, and covers the entire conurbation of Birmingham.

The aim of this research is to model the spatial and temporal variation of UHI using a dense network of
meteorological sensors, and to investigate the influence of a number of important influencing parameters on the AUHI
formation. Accordingly, the major objectives of the research are divided into three themes time, location and
parameters. The temporal resolution of the data starts from hourly basis to monthly time increment, whereas, the
spatial resolution relies on the distribution of HiTemp stations’ locations. The influencing parameters are grouped into
land cover/land use, geometrical and meteorological factors and these parameters will be tested to investigate their
impact on the UHI.



2- Methodology

A. Study area
Birmingham is the largest populated local authority in the UK, with 1,101,400 persons based on the annual mid-

year population estimate in a 2014 report published by the office for National Statistics [24]. Its conurbation extends
to around 2778 square kilometers over the West Midland [25]. Tomlinson, et al. [25] highlighted that the city used to
have only one weather station for urban areas and another station outside the city in the rural areas. The UHI studies
on Birmingham are very few in relation to its size and importance. Unwin [26] did one of the earliest studies about
Birmingham UHI by comparing the temperature measurements between a site in the city and a rural area. A maximum
of 5 °C UHI intensity was observed in settled anticyclonic conditions. Similarly, Johnson [27] found a maximum of
4.5 °C UHI intensity using a mobile traverse technique. After that, Bradley, et al. [28] used a 1-dimesional energy
balance model to capture a maximum of 4.7 °C SUHI. Recently, Tomlinson, et al. [25] identified a maximum of 5 °C
in the central business district during high atmospheric pressure periods, and also recorded cold spots in one park of

up to 7 °C lower than the city centre. So, Birmingham was considered a good site to investigate the effects on UHI’s.

B. Data
The air temperature data from the HiTemp project was provided by NERC for the purposes of this study. The

temperature readings consist of two main types of sensors: over 80 wireless Aginova Sentinel Micro (ASM) sensors
record only air temperature, while 25 Automatic Weather Stations (AWS) record the main meteorological variables
[23]. All these stations capture the meteorological data per minute, and the data obtained for this study is from June
2012 to June 2014. Fig.1 shows the HiTemp distribution of stations inside the boundary of the city, and the station
locations were obtained from the Meta data of the project. AWS and ASM are denoted with the prefix W and S
respectively as shown in Fig.1. Schools were selected to host the majority of sensors as they are relatively secure and
representative of their local environment [23]. Also, Birmingham’s schools have a good coverage of the city, and
mostly connected to Wi-Fi networks for data transmission. Furthermore, the points for sensors installed more than 20
m away from heat sources, and the ASM sensors have approximately 3 km average spacing [23]. ASM provide only
temperature data, however AWS give other meteorological data such as wind speed and direction which will be

considered alongside the analysis of the temperature data [1].
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Fig. 1 HiTemp Station locations in Birmingham

The air temperature is used as an indicator of UHI, and it is the dependent variable that will be analysed and
investigated against the predictor variables of the influencing parameters. The influencing parameters on the formation
of UHI that are used in this study can be grouped into three main categories: land cover/land use, urban geometry and
meteorology. There are other influencing parameters not modelled in this study such as the radiation fluxes and
anthropogenic activities will be investigated in future work.

i. Land cover/land use

Four land cover/land use data sets of Birmingham city have been used to capture all the variations of the physical
environment such as buildings, pavements, parks and water. The first set of urban data is the Ordnance Survey (OS)
Master Map Topography Layer which contains information about the objects on the ground divided into themes and
descriptive groups [29]. The version of the OS vector data updated in June 2015 has been used as it includes data
stored in geodatabases useful for GIS urban mapping as detailed in Fig.2 and Fig.3. The descriptive groups are more
detailed collections of the generalised themes, and it is feasible to examine the influence of both. A descriptive group
is the primary classification attribute of a feature, which assigns a feature to one or more of 21 groups [30]. Whilst, a
theme is a set of features that have been grouped together for the convenience of customers and to provide a high-
level means of dividing the data on the layer coherently or logically. As a result, one classification might be more

sensitive to air temperature change than the other.
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Fig. 2 Descriptive group of topography layer adopted from [20]
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The second set of data is the

land use map including low density urban fabric classified by the European

Environment Agency based on SPOT 5 images (2010) and city map (2008). These high resolution classes as shown

in Fig.4 were downloaded from the European Urban Atlas and it is available for large urban zones with more than
100000 inhabitants as defined by the Urban Audit [31].
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Fig.4 Urban Atlas of land use adopted from [21]

The third set of data classifies the differing urban land use to eight categories, and it splits the urban fabric into

multiple categories allowing more in depth comparison [25]. It uses data from OS and the UK Center for Ecology and

Hydrology (CEH) classified by a principle component analysis and cluster analysis [32]. The classification scheme

was based on 27 different input attributes and the output spatial resolution is a 1 km? grid showing similar urban land

morphology (for more details see [32]). The result map of this approach is shown in Fig.5, which consists of eight

categories urban land use classification derived per pixel based on their common land use. It can be seen that they city

centre is classified as urban or transport, and most of the villages and farms are close to the city’s boundary.
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Fig. 5 Spatial distribution of land classification[25]

The fourth data set is high resolution raster images (25 cm) obtained from the Ordnance Survey based on a licensed
agreement for the purpose of this study [33]. This dataset is employed to georeference other data layers and interpret
the classification of the mentioned land cover/land use maps with the help of the ArcGIS online basemap.
These basemaps and reference layers are freely available to anyone and include World Imagery, World Street Map,
World Topographic, Ocean Basemap, and more [34]. Fig.6 gives an example of images of locations identified in Fig.1

using the high resolution OS images.

Fig. 6 OS high resolution maps (a) City Centre, (b) Sutton Park, (c) Sandwell Valley and
(d) Woodgate Valley Country Park at 1:2500 scales


http://www.esri.com/PageNotFound.aspx?item=web%3a%7b25B58905-6FA5-486D-855D-03C3454D2ADD%7d%40en

ii. Urban Geometry

Two digital elevation models were prepared to derive the geometrical factors (such as sky view factor and shadow
patterns); the Digital Surface Model (DSM) and Digital Terrain Model (DTM) as shown in Fig.7. The 1m resolution
DSM is obtained from the UK Environment Agency free of charge for academic purposes. It provides height data of
buildings and other features on the ground using airborne LiDAR technology [35]. On the other hand, OS Terrain 5
DTM is a 5 m resolution product captured as a triangulated irregular network (TIN), which is a three dimensional
model edited to exclude buildings, trees and other above ground features created within a photogrammetric

environment [30].
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iii. Meteorological data

The hourly meteorological variables not available from the HiTemp have been acquired from The Centre for
Environmental Data Archival (CEDA). CEDA is a data center for the atmospheric sciences run by the Natural
Environment Research Council (NERC). Rainfall, cloud cover, solar radiation and soil temperature data for ground
stations in Birmingham were downloaded from the Met office Integrated Data Archive System (MIDAS) catalogue
[36].

C. Method
Most of the input data required format conversion, extent extraction and resampling to be handled and overlaid

with other layers in ArcGIS and other software. GIS applications have been commonly used to represent the current
status and plan the future of the urban environment, as they are well suited to address spatial data and visualization
issues associated with multiscale geographical data [37]. Wong, et al. [38] employed the integration of GIS, GPS and
logging sensors in microclimate monitoring to study impact of environmental and human factors on urban heat in



Hong Kong. Furthermore, ArcGIS and ENVI were coupled to investigate and identify land use types which had the
most influence to the increase of ambient temperature in Singapore [39].

Initially, the air temperature data is a raw data divided into daily files for individual stations. Erroneous readings
were identified from flags assigned to each observation provided by the BUCL guide, and omitted. Temperature
records were extracted from each station for a specific time with the coordinates and elevation. These text files were
exported to ArcGIS to be converted to feature class and raster images by Inverse Distance Weighting (IDW). A
statistical and spatial analysis was then performed to find the high intensity urban heat island hours. The hourly time

scale is sufficient for the purpose of this study, and any unexpected values were investigated.

The land cover data was extracted to the extent of the study site after converting its format to raster images. Also,
a data extractor tool called CEDA Web Processing Service (WPS) was used to extract the meteorological data from
MIDAS for the time period and spatial range of the study. The high resolution DSM model and OS Mastermap was

built by mosaicking the 1 square kilometre grids and converting the formats to raster images.

The next stage is processing and modelling the influencing parameters. Land cover data was extracted to include
all the various physical parameters. Then, geometrical factors such as Sky View Factor (SVF), visible sky and terrain
view factor were derived using the DSM as input to the free and open source Quantum GIS (QGIS). Shadow patterns
and illumination images were constructed for the days of high UHI intensity. The last stage of the method is building
multiple linear regressions, where the relationship between air temperature and the variables (influencing parameters)
can be explored. After building and running the regression models using Microsoft Excel, the models are enhanced
using backward elimination method until a significant model was found. The backward elimination method is an
economical procedure to choose the best regression equation by removing the variable being investigated that has the
highest P value until the model becomes significant [40]. The P value (or the observed significance level) is the
smallest fixed level at which the null hypothesis can be rejected [41]. A variable is considered significant if its p-value
is less than 0.05 at a confidence level 95%, and the relationship becomes highly significant if the p-value is less than
0.01.

3- Results and discussion

A- UHI temporal change
The historical air temperature data (1990-2014) for the city centre of Birmingham was acquired from the Met

Office [36] for the purpose of validating the use of HiTemp data from June 2012- June 2014. Fig.8 draws the averages
of the maximum and minimum air temperatures with their trends for the period (1990-2014). The mean of the
maximum and minimum for the 25 years was 13.01 and 6.91, respectively, with standard deviations of 0.75
(maximum) and 0.77 (minimum). The means of the maximum temperature for the 2012-2014 years were 12.83, 12.40
and 13.30, and for the minimum were 6.36, 6.96 and 7.52 respectively (all temperatures in °C). The averages of the
temperatures during the period 2012-2014 lie within the mean and the standard deviation of the 25 years historical
data. So, this 2 years (HiTemp Project) period can be considered typical for the period covered by the historical data.
However, the averages of the maximum and minimum air temperatures during the period (2012-2014) for the collected

data are 12.19 and 9.68 with standard deviations 5.30 and 5.72 respectively.
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Fig. 7 Historical air temperature of Birmingham City

The data was analysed per hour to summarise the variation of UHI, then monthly statistics were calculated to show
the seasonal change of temperature patterns. Also, extreme events were identified with the climatic condition and hot
spots’ spatial distribution was conducted. The hourly statistical analysis of UHI for 2 years of measurements has
demonstrated that around 56% of total 17520 hours gave an air temperature variation more than 1.5 °C in the city of
Birmingham. This was used to set a threshold of 1.5 °C difference in temperature as a minimum variation to indicate
the UHI’s presence. Interestingly, the highest UHI intensity was in September, at 13.5 °C, and the lowest intensity 5
°C was in January. However, the highest average temperature 3.9 °C was monitored in July, whereas, the lowest
average was in January by 2.3 °C. Besides, the longest hours of occurrence of an UHI were in June by 1323 hours,
and the shortest, 471 hours of occurrence were in February.

Table 1 Statistical summary of UHI analysis

Statistics\Month | Dec. | Nov. | Oct. | Sep. | Aug. | Jul. | Jun. | May | Apr. | Mar. | Feb. | Jan.
Count(hr) 719 | 853 | 715 | 806 | 727 | 686 | 1323 | 1184 | 1104 | 854 | 471 | 476

Ave. UHI (°C) 2.5 2.6 2.5 3.5 3.3 3.9 3 3 2.8 2.8 24 2.3

Max. UHI (°C) 9.1 6.3 68 | 135 | 76 | 134 | 96 | 10.7 | 7.9 124 | 6.7 5

Moreover, UHI events with intensity over 10 °C showed that it can happen in the evening, night or early morning
times as detailed in Table 2. Table 2 includes the date and time of the highest UHI events over 10 °C with the averages
of wind speed, also the times of sunrise and sunset were added to distinguish between the day and night [42]. The
extreme events (over 10 °C) are listed in table 2 in descending order, regardless, of the dates of occurrence, to show
their magnitude and time. It is important to notice that none of the highest intensity UHI (over 10 °C) coincided with
the heat wave that affected most of the UK from 3 to 23 July 2013. This might be due to the local instant effect of
UHI, while, the heat waves have larger regional influence. The UHI induces more intense heat waves through the
global warming in the long term, and the former is being referred to as either a cause or consequence of the later [43].
Met office has declared the July 2013 heat wave as the third warmest on record, and this month as the warmest and
sunniest for the whole UK since 2006 [44]. Nevertheless, the highest temperature in 2013 recorded by the Met Office
stations in Birmingham was 30.5 °C on the 1 August 2013 at 3pm [36], while, using HiTemp network the temperature
in Birmingham at the same time was 31.2 °C. Furthermore, it was not the highest temperature recorded by HiTemp

on that day, as it recorded 32.34 °C on the same day (1 August 2013) at 5pm. This difference between Met Office and



HiTemp’ readings might be due to the height of the sensors. HiTemp sensors were installed at 3 m (with exceptions
no more than 0.5m higher or lower), though, Met Office sensors almost installed 5 m above the ground level [23].
This makes the 3m high sensors be more affected by surrounding surface heat, as they are closer to the energy sources
[23]. Furthermore, the Met Office stations do not cover the full variation of the temperature due to the limited number
of stations. On the other hand, most of the extreme events in table 2 coincided with calm (< 1 m/s) or light air (1-2
m/s) wind speed as described by the Beaufort wind force scale [45]. This agrees with Roth [46] that the heat island is

greatest under light wind conditions.

Table 2 UHI intensity over 10 °C events and average wind speed

. UHI Ave,
Date Hour | Sunrise | Sunset I - Wind Speed
ntensity
(m/sec.)

04/09/2013 19 06:25 19:47 13.53 0.44
05/09/2013 17 06:26 19:45 13.46 1.52
01/07/2013 21 04:50 21:33 13.37 0.53
01/07/2013 20 04:50 21:33 13.22 0.88
01/07/2013 22 04:50 21:33 13.17 0.54
05/09/2013 18 06:26 19:45 12.74 2.04
04/09/2013 20 06:25 19:47 11.83 0.39
04/09/2013 18 06:25 19:47 11.68 0.92
03/09/2013 19 06:23 19:49 11.60 0.36
07/09/2013 18 06:30 19:40 11.56 1.13
03/09/2013 18 06:23 19:49 11.27 0.53
01/07/2013 19 04:50 21:33 11.26 1.31
01/07/2013 16 04:50 21:33 11.20 1.85
05/09/2013 19 06:26 19:45 11.04 2.13
04/09/2013 21 06:25 19:47 11.02 0.31
05/09/2013 05 06:26 19:45 10.72 0.40
05/09/2013 01 06:26 19:45 10.70 0.62
24/05/2013 11 04:57 21:11 10.67 2.31
01/07/2013 17 04:50 21:33 10.64 1.85
05/09/2013 04 06:26 19:45 10.63 0.36
05/09/2013 03 06:26 19:45 10.60 0.47
05/09/2013 02 06:26 19:45 10.56 0.47
01/07/2013 18 04:50 21:33 10.45 1.84
04/09/2013 17 06:25 19:47 10.38 0.97
04/09/2013 22 06:25 19:47 10.33 0.45
05/09/2013 00 06:26 19:45 10.25 0.67
16/09/2013 17 06:45 19:19 10.18 2.33
05/09/2013 06 06:26 19:45 10.18 0.67
04/09/2013 23 06:25 19:47 10.01 0.43

B- UHI spatial change
The UHI was found to be concentrated in the city centre when its intensity was close to the mean values, however

the extreme intensities were seen to stretch to the suburban areas due to the weather parameters in particular, the wind.
Oke [47] stated that the maximum atmospheric UHI develops 3-5 hours after the sunset in clear and calm weather.
The analysis of HiTemp data supported Oke’s [47] claim, however, high intensity UHI can happen in the early
morning, before sunset, or during the day in a cloudy weather when not much of the sun’s radiation reaches the ground
to change the surface energy balance. Fig. 9 gives examples of strong UHI’s at the city centre for each season, and the
layer name in the legend provides the date and time of the image in the format of year, month, day and hour. It can
be seen that the highest intensities of UHI appear in or around the city centre, and the size of the red spot reveals the
extent of the coverage. However, there are some spots of high intensity UHI away from the city centre; this is mainly

due to the wind speed and direction as shown in Fig.10. Furthermore, the coldest spots clearly appear in the Sutton



Park which is the largest park in Birmingham that has vegetation and trees. Fig.10 shows the wind speed and direction
for the same dates and time as Fig.9, and it can be seen that on average for the entire Birmingham area the low wind
speed coincides with high UHI intensity. Wind speed is relatively high when the hot spots are concentrated in and
around the city centre, because the presence of high buildings traps the release of heat into the atmosphere and
increases the speed of the air flow. Whilst, the wind direction does not impact on the UHI intensity, it affects the size
and distribution of the hot and cold spots. So, the UHI intensity is high for different wind directions, however, the size
and distribution of hot spots are fluctuated for the dates and times in Fig.10 especially for (2013_9_5_7). With high
wind speeds outside the city and its patterns change in direction around the city, to create sparse hot spots in the city
and away from it. To investigate the daily change of UHI, Fig.11 shows the movement of hot and cold spots over the
city in different times for a selected day where the UHI intensities are close to the average, detailed in table 1. The
heat islands concentrate in and around the city centre during the night and early morning, and then move clockwise to
Sutton Park to return to the city centre after sunset. Sunrise and sunset on the 6 October 2013 were 4:53 and 21:31
respectively [42], with average wind speed 1.33 m/s. It can be seen that when Sutton Park becomes a heat island, the
city centre works as a cool island compared with their adjacent areas. Other influencing parameters on the formation
of UHI will be investigated later in this study.
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C- Geometrical paramters derivation
The derivation of the geometrical parameters provided layers of sky view factor (SVF), visible sky (VS) and terrain
view factor (TVF). The SVF and VS are dimensionless measures to estimate the visible area of the sky from an earth
viewpoint [48], while, TVF is the opposite to them [49]. Fig.12 shows the variation SVF, VS and TVF through the
entire city of Birmingham. Gal, et al. [50] have verified that the use of high resolution DEM as very useful to obtain

a general picture of the geometrical size and shape of an urban environment.



The results showed that the SVF (0-1) and VS (1.9-100) values are low in the city centre and within dense trees areas
but high in the open spaces. Conversely, the values of TVF are high in the city centre and low in the open spaces, due

to the presence of high buildings in the city centre which do not exist in the open areas.

Pairs of stations close to each other have been chosen to investigate the impact of shadow patterns on air
temperature. To be sure that no other functions are responsible for variations in temperature, it is necessary to compare
stations that are close together, thus eliminating other variables. Another challenge is that the shadow is time
dependant and varies significantly during the day. For these reasons, the effect of shadow on UHI formation has been
investigated separately from other parameters. The hill-shade tool in ArcGIS creates a shaded relief from a surface
raster by considering the illumination source angle and shadows [51]. The shadow areas can be distinguished by the
black colour (Fig.13), and the areas of minimal or no shadows are scaled in shades of grey (1-254). The analysis of
level of shadow did not show significant correlation with the air temperature. However, the presence of shade reduced
the air temperature by up to 2 °C, by comparing the air temperature of a station in the shade and with one in no shade.
Stations in Fig.13 a & b recorded lower temperatures when they are under shade compared to those exposed to the
sunshine. Fig.13 ¢ & d give examples when the shade moves from one station to another, and in both cases the station
under the shade was slightly cooler than the one exposed to the sunshine. Moreover, all the pairs of stations in Fig.13
did not show significant variation of temperature measurements when they are under the shade or exposed to the

sunshine at the same time. So the degree of illumination does not have a noticeable impact on the temperature’s

readings.
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D- ldentifying influencing parameters
The modelling of the relationship between air temperature and influencing parameters was undertaken using

multiple linear regressions by backward elimination of non-significant parameters. The air temperature was regressed
against the land cover, land use and geometrical parameters at different times during the day and night. Days with
high UHI intensity were chosen, and only highly significant p-values (<0.01) parameters were considered. 7113
observations were input to the regression models that cover the entire city of Birmingham. Table 3 and Table 4 show
a sample output of the significant parameters on the UHI formation, and the summary statistics for the regression
during night-time is detailed. The regression models in Table 3 and Table 4 have R Square 0.7 and 0.57 respectively,
and the significant parameters were DTM, DSM, land class, urban atlas, topographic group, VS and TVF. In other
words, the elevation, buildings’ height, land cover, land use and geometrical parameters can influence up to 70% of

the UHI.
Table 3 UHI influencing parameters on 1 July 2013 at 0 am

Date and time 2013 7 1 0 | Parameter | Coefficients (dimensionless)

. L Intercept 15.711

Regression Statistics DTM -0.010
Multiple R 0.8 DSM -0.003

R Square 0.7 Land class 0.012
Adjusted R Square 0.7 Urban Atlas -0.005

Standard Error 0.2 VS 0.001



Table 4 UHI influencing parameters on 1 July 2013 at 3am

Date and time | 2013 7 1 3 | Parameter | Coefficients (dimensionless)
. . Intercept 14.696
Regression Statistics TVE 0137
Multiple R 0.8 Topo. group -0.005
R Square 0.6 DTM -0.011
Adjusted R Square 0.6 DSM -0.003
Standard Error 0.3 Urban Atlas -0.004

Furthermore, the regression was applied on the hourly data of air temperature, and the significant relationships
have been found to be coincided with high intensity UHI. Table 5 and Table 6 demonstrate the significant models
during the day; the weather in the early morning at 6 am was scattered clouds and at 2pm mostly cloudy [36]. This
clarifies the presence of UHI during the day as the clouds prevent the sunshine from reaching the ground. In this case
the situation during the day will be similar to the night-time, and the only difference is the light which does not have
noticeable impact of UHI, as proved earlier. Tables 5 and 6 demonstrate that the built up area (land class) contribute
positively to the UHI intensity, and other parameters contribute negatively. This outcome agree with the results of
Ryu and Baik [52] study that in the daytime the impervious surfaces contribute positively to the UHI, and the 3D
urban geometry contributes negatively. It can be seen that the influencing parameters do not have the same influence
during the day and night time. So, some parameters have shown to have notable impact during the night such as TVF,

which does not have significant influence during the day time.

In general, it has been shown that land cover; land use and geometrical parameters influence the day and night UHI
intensity, and can influence up to 70% of its effect. Moreover, the climatic condition can make the daytime UHIs

resemble the night-time ones, but the influencing parameters may not be the same.

Table 5 UHI influencing parameters on 1 July 2013 at 6am

Dateand time | 2013_7_1 6 | Parameter | Coefficients (dimensionless)

Regression Statistics Intercept 12.914
Multiple R 0.8 Land class 0.030

R Square 0.7 DTM -0.007
Adjusted R Square 0.7 DSM -0.002
Standard Error 0.2 Urban Atlas -0.003

Table 6 UHI influencing parameters on 1 July 2013 at 2pm

Dateand time | 2013 7 1 14 | Parameter | Coefficients (dimensionless)
Regression Statistics Intercept 17.000
Multiple R 0.64 DTM -0.009
R Square 0.41 Land class 0.056
Adjusted R Square 0.41 Urban Atlas -0.003
Standard Error 0.31

4- Conclusions and recommendations
The use of HiTemp data has improved the spatiotemporal modelling of UHI, with its high densely network of
sensors enabled producing of high spatial and temporal resolution images of UHI. Furthermore, the height of the

stations provided information on the canopy layer under the level of buildings close to the energy sources. It was



found that UHI occurs in all seasons, day and night based on the climate condition. However, the high intensity UHI
happens during the clear and calm weather. The maximum UHI intensity in Birmingham during the period of study
was 13.53 °C. The wind speed and direction have important impact on the spatial distribution of the hot spots, as well
as the extent of the UHI. The UHI occurred in the suburban areas as well as the urban areas due to the presence of
impervious surface and anthropogenic activities. The city centre showed the lowest values of SVF and VS due to high
buildings, which provided the shade to reduce the air temperature by up to 2 °C. A number of parameters’ layers
enabled the regression analysis to pick up significant relationships. The regression modelling could explain up to 70%
of the influencing parameters when laid under the components of land cover, land use, and geometrical factors. Land
class contributed positively to the UHI formation, but most land cover types and geometrical parameters had negative
correlation with UHI. More data is needed such as classified urban materials and higher resolution meteorological
data not captured by HiTemp such as soil moisture. Future work will investigate the impact of radiation fluxes on the
UHI intensity.
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