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Abstract 

The objective of this paper is to investigate the effect of 

urban spatial characteristics, particularly spatial 

heterogeneity, on urban microclimate through a case 

study of the Greater London area. GIS data and land 

surface temperature (LST) data are used to investigate 

relationships between urban spatial characteristics and 

urban microclimate.  Two sets of correlation analyses 

based on the Spearman’s rank correlation coefficient are 

carried out to understand underlying relationships among 

urban spatial variables and examine the impact of 

individual urban variables on urban climate. The case 

study shows that spatial heterogeneity measures, namely 

variation in street width, building surface area and 

building footprint, have a substantial effect on urban 

microclimate. The case study demonstrates that, in 

addition to average spatial measures relating to urban 

density and land use, spatial heterogeneity in the urban 

form is another important aspect to be considered in urban 

climate studies. 

Introduction 

One of the key input parameters in the simulation model 

is weather conditions used as the boundary conditions to 

predict building energy performance. Owing to the 

increasing urbanisation, weather conditions around a 

building substantially vary depending on the urban 

context. The urban fabric including buildings and 

infrastructure impacts airflow patterns around a building, 

creates mutual shading, and traps heat fluxes in an urban 

thermal mass. As the result, urban surroundings of a site 

impact local air temperatures, wind speeds, wind 

pressures, and shading effects on buildings, all of which 

have been recognised as important variables that directly 

impact a building’s energy consumption (Quan et al. 

2015).  

Indeed, an extensive field measurement study found that 

the variation in local air temperatures within the Greater 

London area ranged up to 4.6°C for the same hour on the 

hottest day in August (Kolokotroni et al. 2009). A 

simulation study of a typical office building with these 

local air temperature measurements suggested that the 

annual cooling load in a very high density urban area 

increases by 25% and the urban heating load is reduced 

by 22% due to the raised ambient temperature alone 

(Kolokotroni et al. 2007). Another simulation study found 

that the net mean bias error of energy predictions is 

reduced by half when variability in microclimate 

conditions is incorporated in energy predictions (Quan et 

al. 2015). 

Urban climate models have been developed to provide 

microclimate information with consideration of the urban 

surroundings around the site.  Bueno et al. (2013) 

developed an urban weather generator based on the urban 

canyon model to calculate air temperatures from 

measurements at a weather station. Sun et al. (2014) 

quantified uncertainties associated with air temperature 

and wind speed variables in a building simulation model 

with use of the Community Land Model (one of the 

atmospheric models). Atmospheric models have been 

widely used to investigate the effect of variable urban 

contexts on urban climate. In these models, complex 

spatial relationships in the urban form are approximated 

by a concept of urban canyon that parameterises the urban 

geometry by three geometric variables (i.e., canyon height, 

canyon ratio, and building length-to-width ratio) in 

combination with associated surface thermal properties 

(e.g., conductivity, emissivity, and heat capacity) (Oleson 

et al., 2008b). The urban canyon concept was intended to 

capture the overall effect of urbanised land surface for 

predicting urban climate conditions at the aggregated 

spatial resolution (typically a few hundred metres). The 

models based on the urban canyon concept have been 

used and validated to compare urban climate conditions 

of different cities with distinctively different urban 

densities (Oleson et al. 2008a).  

In the urban canyon concept, all buildings are assumed to 

have an identical geometry and be regularly distributed 

over the urban domain. This may be sufficient to represent 

different urban densities in an approximated form, but 

does not reflect variation observed in the real urban form. 

In reality, various buildings with different shapes and 

heights and urban features are irregularly spread over 

urban area. So far, however, a majority of urban climate 

studies have used the uniform urban form with the same 

building shape, height, and density to investigate the role 

of urban surroundings in the microclimate.  

The objective of this study is to investigate the role of 

spatial heterogeneity in the microclimate through a case 

study of the Greater London area. GIS data is used to 

analyse the spatial characteristics of the selected area on 

the basis of urban variables in accordance of the urban 

canyon concept and other measures that represent spatial 

heterogeneity. Owing to the limited air temperature 

measurements available for the studied area, land surface 

temperature (LST) measurements are used to analyse the 

role of spatial variation on the urban climate. Correlation 
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analyses are carried out to investigate relationships 

between urban spatial variables and microclimate. 

This study aims to fill a knowledge gap in understanding 

the effect of real urban contexts on microclimate. So far, 

the effect of urban characteristics on microclimate has 

been investigated mainly in terms of the urban density. 

This study investigates ways to characterise urban spatial 

heterogeneity and conduct a proof-of-the-concept study to 

examine the suitability of the urban canopy and the role 

of spatial heteogenuity in actual microclimate conditions. 

Methodology 

This paper investigates the effect of urban spatial 

characteristics on microclimate through a case study of 

the Greater London area. Correlation analyses are 

performed to identify individual spatial variables that 

substantially impact urban microclimate. Spearman’s 

rank correlation coefficient is selected as a correlation 

measure because it allows for measuring the strength and 

direction of association between two variables without 

assuming a particular trend between them. Ideally, air 

temperature is a direct microclimate indicator for urban 

heat island effect. However, we were only able to obtain 

local air temperature data for 16 locations in London from 

the Met Office integrated data archive system (CEDA, 

2018). Alternatively, we selected land surface 

temperature (LST) as a surrogate indicator to local air 

temperature for the following reasons; LST data are 

generated directly from satellite images with high 

accuracy and include many data points evenly distributed 

across the entire urban area of interest; LST is highly 

correlated with air temperature as shown in existing 

studies (Vancutsem et al. 2009, Schwarz et al. 2012). 

These studies found that Spearman correlations between 

LST and air temperatures were as high as 0.85. As a result, 

LST has been commonly used in many studies to 

investigate the heat island effect.  

Land surface temperature  

We obtained the LST data from MODIS/Terra Land 

Surface Temperature and Emissivity product (MOD11A1) 

(LP DAAC, 2018). This data product provides LST on 

daily, daytime, and night-time average, generated from a 

5-minute intervals data product (MOD11_L2). It provides 

per-pixel temperature at the resolution of 1 kilometre (1 

km grid). As the Greater London sits between two swaths 

of dataset, we decided to use the west side of 1381 km2 

area, central London, for our case study as shown in 

Figure 1. We selected two days, one in winter time (23 

December, 2016) and one in summer time (19 July, 2016) 

for analysis. For each day, we obtained 1381 spatially 

averaged data points of LST at the resolution of 1 km2 for 

both daytime and night time. Table 1 provides a statistical 

summary of the LST data for each period. In the summer, 

the mean LST during daytime is significantly higher than 

that during the night-time, with a difference of 13.30 ℃, 

whereas for winter period the difference between the 

daytime and night-time is 6.36 ℃ . In terms of the 

variation of LST across the entire urban area, the summer 

daytime showed the largest variation, ranging between 

29.47℃  and 41.51℃ . The ranges of the other three 

selected time periods are much smaller, 5.48℃, 2.94℃ 

and 6.30℃ for the summer night-time, winter daytime 

and winter night-time, respectively. Standard deviations 

of LST of the test locations also showed that more 

variation in the LST across the urban area was observed 

in the summer daytime, followed by the summer night-

time, winter daytime, and winter night-time.   

 
Figure 1: GIS data of London overlapped with LST data 

points used in this study. 
 

Table 1: LST data for the selected periods (unit: ℃) 
 

Period 

 

Mean Min Max Std. 

Dev. 

Summer daytime 36.70 29.47 41.51 2.71 

Summer night-time 22.40 19.03 24.51 1.00 

Winter daytime 5.94 4.41 7.35 0.68 

Winter night-time -0.42 -2.67 3.63 0.94 
 

Urban spatial variables 

Urban spatial characteristics, namely urban geometry, 

have been long identified as one of the key factors 

contributing to UHI (Bärring et al. 1985, Oke 1981).  On 

the basis of the literature review, we developed a list of 9 

fundamental spatial variables as summarised in Table 2. 

Fundamental variables are defined as basic and 

independent variables that are directly derived from GIS 

data. The list comprehensively represents major spatial 

characteristics of building geometry, streets (defined as 

distances among buildings in this study), and land use.  
 

Table 2: List of fundamental spatial variables 
 

Var. Description 

NB Number of buildings in a site 

ABH Average of building heights in a site (m) 

ABR Average of building ratios (width/length) in a site 

ABF Average of building footprint areas in a site (m2) 

PA Pervious area, including green space and soil, in a 

site (m2) 

MS Manmade surface area, including roads, 

buildings, and impervious pavement, in a site 

(m2) 

ASW Average of street widths in a site (m) 
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ABS Average of building surface (envelope) areas in a 

site (m2) 

All of the listed variables are derived and computed from 

GIS data in the format of shapefile provided by EDiNA 

Digimap that contains urban geometries for every city in 

UK (EDiNA 2017). The shapefile is read in ArcMap 10.5 

and outputted into Python 2.7 for data processing and 

analysis. For each of 1381 LST data points across Greater 

London area, the variables listed above are derived and 

computed at the same spatial grid, corresponding to the 

LST data point.   

All the variables in the list above indicate the overall 

spatial characteristics of the entire site area (1km-by-1km 

grid area) by using the average value or the total value of 

all individual urban components in the site area. Number 

of buildings (NB) is an important indicator that suggests 

urban density, and it simply counts all building objects per 

grid in the shapefile. Average building height (ABH) is 

another important indicator of urban density, and it is 

calculated as the arithmetic mean of heights of all 

buildings in a site. However, EDiNA data gives two 

height values (i.e., maximum and the minimum) per 

building, and we used the average value of the two as an 

individual building height. Average building ratio (ABR) 

is the arithmetic mean of all building ratios, defined as 

building width (shorter distance) divided by building 

length (longer distance). Sometimes it is difficult to 

calculate building width and length when the shape of the 

building is not rectangular, for example, polygon shape 

buildings. For this type of buildings, we instead estimate 

a building ratio by using the maximum distance of any 

two vertexes on the building footprint outline as the 

building length and using minimum distance as the 

building width. In the shapefile, urban area is categorized 

into “buildings”, “roads, tracks and path”, “structures”, 

“land” and “water”. Manmade surface area (MS) is 

calculated by summing up areas that fall into the 

following categories: “buildings”, “roads, tracks and path” 

and “structures”. Pervious area (PA) is calculated by 

summing up areas falling into “land” and “water” 

categories. In this calculation, all areas in the land 

category are assumed to be pervious. In fact, we found out 

that “land” is mostly parks, garden and soil area, and very 

few unidentified area without indication of land use types. 

Average street width (ASW) is calculated by dividing the 

“roads, tracks and path” area by the total length of roads. 

It is worth mentioning that the category of “roads, tracks 

and path” only includes the street pavement area whereas 

the urban canyon concept uses the distance between 

buildings as an urban canyon. ASW based only on the 

street pavement area properly represents the distance 

between the buildings sitting opposite on the street in high 

density areas such as city centre in which buildings fully 

occupy their lots. However, in residential areas there are 

often green spaces or setbacks on both sides of the road. 

Hence, the method may slightly underestimate the street 

width in residential areas.  Nevertheless, it is still suitable 

to examine the relative importance of street width in 

explaining variance in the microclimate through 

correlation analyses. Building surface area is the total area 

of all building walls and roofs. However, due to the 

limitation of the GIS data, slope roof area is difficult to 

accurately obtain. Here we assume all the buildings have 

flat roofs. In fact, in the studied London area, a large 

portion of buildings have flat roofs unlike suburban areas 

in which sloped-roof residential buildings are common. 

All the urban variables are calculated using the GIS data 

and processed by Python 2.7. Table 3 shows the statistical 

summary of the calculated fundamental variables of all 

the selected areas in London. The statistical summary 

represents some important spatial characteristics of 

London.  In general, London is relatively with over 2000 

buildings per square kilometre, but shows a wide variation 

in the number of buildings. However, building heights 

across the London are rather homogeneous, with an 

average height of 7.4 metres and a low standard deviation 

of 2 metres. Buildings tend to be long shaped with an 

average building ratio of 0.46. Pervious area is very 

common in the city as 69% of the city covered by pervious 

land due to a large number of public green spaces. Similar 

to the average building height, average street widths also 

show a small variation across the London area.   

Table 3:  Fundamental variables of the selected areas  

 
Mean Max. Min. Std Dev. 

NB 2,327 5,061 18 1,043 

ABH (m) 7.40 22.69 4.24 2.06 

ABR 0.46 0.61 0.33 0.04 

ABF (m2) 68.06  366.58 34.14  28.93 

PA (km2) 0.69 0.98 0.12 0.14 

MS (km2) 0.31 0.88 0.02 0.14 

ASW (m) 13.26 36.76 2.02 2.56 

ABS (m2) 434.69 2,595.45 224.23 205.59 

We also investigate comprehensive spatial measures 

commonly used in urban studies for representation of 

major urban spatial characteristics. Table 4 lists some of 

the common comprehensive spatial variables used in the 

existing studies on urban energy and climate (Johansson 

2006; Sarralde et al. 2015; Chatzipoulka et al. 2016). Site 

coverage (SC) indicates the proportion of a building foot 

print area to the total site area, and is one of the most 

commonly used variables to indicate the urban density on 

plan view. Mean building height (MBH) expresses the 

vertical urban density. We note that mean building height 

(MBH) is different from average building height (ABH) 

as MBH indicates the average building height weighted 

by building foot print area. Canyon ratio, also known as 

canyon aspect ratio, is the ratio of the canyon height (H) 

to canyon width (W), H/W. The concept of canyon ratio 

represents situations where streets are in a grid system and 

relatively narrow with a continuous series of buildings 

standing on both sides of the street. However, in London, 

streets have different orientations and widths, with 

buildings of different heights alongside. In this study, we 

calculated the average canyon ratio (ACR) by dividing the 
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average building height (ABH) by the average street 

width (ASW). Compactness (COM), also commonly 

known as surface area to volume (S/V) ratio, is an 

important factor used to capture heat losses and gains of 

buildings in many urban energy consumption studies. 

COM indicates the heat exchange level between the 

outdoor environments and buildings. Complexity (CEX) 

describes the total area of building surfaces in a site, and 

pervious ratio (PR) is the proportion of pervious area (PA) 

to the total area of the site. Table 5 shows the statistical 

summary of the calculated comprehensive variables of all 

the selected areas in London. Weighted mean building 

height (MBH) is higher than average building height 

showed in the previous Table as taller buildings tend to 

have larger building footprint.  

Table 4: List of comprehensive spatial variables 

 

Var. Description 

SC Site coverage – total area of building footprints in a 

site (m2) 

MBH Mean building height – average building height, 

weighted by building footprint area (m) 

ACR Average canyon ratio - average canyon street 

height-to-canyon street width ratio 

COM Compactness - total buildings’ surface area-to-

volume ratio 

CEX Complexity – total buildings’ envelope area in a 

site (m2) 

PR Pervious ratio – pervious area-to-site area ratio 

TBV Total building volume in a site (m3) 
 

The comprehensive variables above are computed on the 

basis of the fundamental variables and the site area (As) 

as follows: 

SC= ABF × NB / As (1) 

ACR= ABH / ASW (2) 

COM= (ABS x NB) / (AFT x ABH x NB) (3) 

CEX= ABS x NB / As (4) 

PR= PA / As (5) 

TBV= ABF x ABH x NB (6) 

Table 5:  Comprehensive variables of the selected areas  

 
Mean Max. Min. Std Dev. 

SC 0.17 0.54 0.02 0.07 

MBH (m) 9.83 39.34 5.94 3.49 

ACR 0.59 2.56 0.29 0.20 

COM 0.89 1.63 0.36 0.17 

CEX 0.94 3.70 0.06 0.47 

PR 0.69 0.98 0.12 0.14 

TBV (m3) 4.4E+06 3.1E+07 2.4E+05 3.3E+06 

 

Spatial heterogeneity measures  

The spatial variables above, in general, measures the 

average spatial characteristics mostly related to urban 

density. They do not capture the heterogeneity of the 

urban form. Hence, in addition to the average spatial 

measures, we use standard deviation to investigate the 

variation of urban spatial variables.  

Standard deviations of spatial variables relating to 

building characteristics are derived from all individual 

building attributes across the site. For example, the 

standard deviation of building heights is computed by 

taking all building height values as illustrated in Figure 2 

(left). However, this approach is not feasible for variables 

relating to streets and land use. For example, average 

canyon ratio is an estimation based on the average 

building height and average street width of the entire site 

of interest, as calculating a street width per building was 

found to be challenging because of the complexity in the 

urban form. Similarly, pervious area (PA) and manmade 

surface area (MS) are the aggregate measures to indicate 

the total area of pervious surfaces and impervious 

surfaces in a site, respectively.  

For those variables, we use a discretization method to 

calculate standard deviation. In this method, we discretize 

each site area (1km-by-1km) into a 55 grid as illustrated 

in Figure 2 (right). Then, we calculate average spatial 

variable values for each patch, which yields a set of 25 

values per variable. Then, the standard deviations of 25 

values are used to measure the spatial heterogeneity of a 

site. In this approach, a problem occurs when a polygon 

(the unit of GIS data) is located over multiple patches. We 

use the centre point of polygons to determine in which 

patch each polygon is considered for calculation.  

Standard deviations of ABH, ABR, ABF, ABS and MBH 

are calculated using the former approach (Figure 2 - left), 

and the remaining variables are calculated using the latter 

approach (Figure 2 – right).  
 

 
Figure 2: Two different approaches to calculate 

standard deviation of spatial variables 

Results 

Two sets of correlation analyses are carried out in this 

paper: (1) correlations between the urban variables to 

understand underlying relationships between urban 

spatial variables and (2) correlations between urban 

variables and LST to examine the impact of different 
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urban variables on UHI. In the latter correlation analyses, 

standard deviation measures are also analysed to look into 

the impact of urban form heterogeneity. 

Relationships between urban spatial variables  

Table 6 summarises Spearman’s rank correlation 

coefficients between fundamental spatial variables. 

Instead of the R-squared measure, the R-measure is used 

to investigate both the strength and the direction of a 

relationship between two variables. In the table, blue 

colour indicates positive relationship, and red colour 

indicates negative relationship.  

Some correlation patterns are obvious. For instance, 

building height and building footprint area show a strong 

positive relationship with building surface area because 

buildings with a higher number of floors or a larger 

footprint area generally have a larger building envelope 

area. Building height also shows a moderately strong 

correlation with building footprint, which suggests that 

taller buildings most likely have a larger footprint area.  

On the other hand, some correlation results reveal hidden 

patterns in the urban form of the studied London area. 

Building ratio and building height show a strong negative 

correlation (R=-0.74), which means taller buildings in 

London tend to have a more long-shaped footprint. In 

London, pervious area shows a high positive correlation 

with building ratio (R=0.67) and a high negative 

correlation with building height (R=-0.71). These 

correlation patterns indicate urban areas with higher 

building heights (most likely long-shaped) tend to have 

less green areas. On the other hand, street width shows a 

moderate negative (R=-0.50) correlation with building 

surface area, meaning larger building tends to locate in 

narrower street. We note that the results presented in this 

section are based on the Greater London area and results 

may vary depending on the spatial characteristics of urban 

areas. 
 

Table 6: Correlations between fundamental variables.  
 

 
 

Table 7 shows Spearman’s rank correlation coefficients 

between comprehensive spatial variables to test the 

similarity between the commonly used urban form 

indicators. Overall, many of the variables show a high 

correlation. This is because they are computed on the 

basis of the same set of fundamental variables. For 

example, site coverage is in high correlation (R=0.96) 

with total building volume because both the variables use 

average building footprint area and number of buildings 

for their calculations. Five variables (i.e., SC, MBH, CEX, 

PR, TBV) are very strongly correlated, and the other two 

variables (i.e., ACR, COM) also show a strong or 

moderate correlation to other variables.  
 

Table 7: Correlations between comprehensive variables. 

 

 
 

Relationships between urban variables and LST 

This section examines what urban variables and their 

spatial heterogeneity play a significant role in the 

microclimate. Figure 3 shows correlation analysis results 

between fundamental variables and LST during the four 

selected time periods. Most of the fundamental variables 

substantially impact LST except for average street width 

(ASW). Pervious area (PA) and manmade surface area 

(MS) are the top two dominant variables whose total R 

values are close to 3.0, followed by average building 

height (ABH) and number of buildings (NB). 

Higher correlations are found between comprehensive 

variables and LST as shown in Figure 4.  The five strongly 

correlated variables (i.e., SC, MBH, CEX, PR, TBV) 

show a high correlation with LST, with the total R value 

higher than 2.0. The higher correlation values with 

comprehensive variables are expected as they explain the 

combined effects of several fundamental variables. For 

example, complexity is calculated using inputs of number 

of buildings and building surface area that represents 

urban density and urban fabric complexity. Similarly, 

average canyon ratio (ACR) shows a higher correlation 

with LST than average street width (ASW) alone as 

fundamental variables such as average building height 

and street width individually represent only a part of the 

key urban morphology. However, the effect of ACR on 

LST is relatively smaller than the other variables. 
 

 
Figure 3: Spearman’s rank correlation coefficients 

between fundamental variables and LST 

NB ABH ABR ABF PA MS ASW ABS

NB 0.21 -0.29 -0.22 -0.68 0.68 -0.19 0.03

ABH -0.74 0.70 -0.71 0.71 0.36 0.91

ABR -0.64 0.67 -0.67 -0.28 -0.61

ABF -0.46 0.46 0.43 0.83

PA -1.00 -0.20 -0.63

MS 0.20 0.63

ASW -0.50

ABS

SC MBH ACR COM CEX PR TBV

SC 0.69 0.53 -0.56 0.95 -0.98 0.96

MBH 0.69 -0.80 0.72 -0.71 0.83

ACR -0.58 0.62 -0.49 0.66

COM -0.47 0.54 -0.68

CEX -0.96 0.95

PR -0.96

TBV
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Figure 4: Spearman’s rank correlation coefficients 

between comprehensive variables and LST 
 

We now test the effect of variation in the urban form on 

urban climate. Figure 5 summarises Spearman’s rank 

correlation coefficients between standard deviations of 

fundamental variables and LST. The correlation analysis 

results revealed that variations in building height, 

building footprint, building surface area, and street width 

play a substantial role in actual urban climate. Among the 

spatial heterogeneity measures, variation in the street 

width has the most dominant effect on urban climate, 

followed by building surface area (combination of 

building footprint and building height). It should be noted 

that the variation in the street width has a stronger impact 

on the LST whereas the average street width shows a 

minor effect on LST. On the other hand, variations in 

pervious area and building ratio have a minor effect on 

urban climate although average pervious area and 

building ratio show a strong and moderate effect, 

respectively. Overall, dominant average spatial measures 

show a stronger effect urban climate than dominant 

spatial heterogeneity measures. The analysis results, 

however, sufficiently demonstrate that spatial 

heterogeneity is another important aspect to be considered 

in urban climate studies.   

Figure 6 shows correlation coefficients between standard 

deviations of comprehensive variables and LST. 

Compactness (COM), complexity (CEX) and total 

building volume (TBV) are relatively in high correlation 

with LST. Noticeably, mean building height (MBH) as an 

average value has a great impact on LST, but the variation 

of MBH shows little impact. On the other hand, although 

the overall building compactness (COM) was the least 

influential one (R=-1.54) among the comprehensive 

variables, its variation over the urban area is the third 

highest correlated variable with LST. Further correlation 

analyses will be carried out to investigate correlations 

between the spatial heterogeneity measures.    
 

 

Figure 5: Correlation coefficients between standard 

deviations of fundamental variables and LST 
 

 
Figure 6: Correlation coefficients between standard 

deviations of comprehensive variables and LST 

Conclusion 

This paper investigated the effect of urban spatial 

characteristics on urban microclimate through a case 

study of the Greater London area. With the set of GIS data 

and LST data, correlation analyses were carried out to 

investigate the effect of different spatial variables on 

urban climate. Average spatial variables, representing 

building form, street width, and pervious/manmade areas, 

show a strong correlation with LST. Standard deviations 

of spatial variables were also used to examine the effect 

of variations in the urban form. Spatial heterogeneity 

measures, particularly variation in street width, building 

height, building surface area and building footprint, show 

a substantial effect on urban microclimate. As the proof-

of-the-concept study, the paper provided evidence that 

highlights the importance of spatial heterogeneity in the 

urban form in urban climate studies.    
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