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Abstract:

Urban morphology relates to the form, structure, physical characteristics, and arrangement of buildings
affecting the urban microclimate. As the morphological characteristics vary across the city, small units
such as urban blocks are analysed for microclimate estimation. However, microclimatic analysis of all
the blocks in a city is computationally challenging and time-consuming. Therefore, it is vital to identify
representative blocks in a city to obtain a general overview of the microclimate. Urban morphological
archetypes are the representative units of a homogenous group of blocks based on morphological
parameters. Here, we propose a systematic approach for identifying urban morphological archetypes
suited for microclimatic analysis. Specifically, we employ a well-defined, PCA-based k-means
clustering approach supported by validation using external criterion analysis. We use urban
morphological parameters based on form, shape, arrangement, and variations within a block in Liege,
Belgium. We use the cubic clustering criterion and pseudo F statistic to identify nine distinct
homogenous clusters. Then, we propose a validation approach in the absence of existing typologies
using ANOVA analysis on the external criterion of land surface temperature, a proxy for measuring
microclimate. The validation suggests that the clusters are significantly different, indicating successful
clustering. We also compare our classification to the existing local climate zone (LCZ) classification.
We identify relevant sub-classes within the broader LCZ classes essential for capturing microclimatic
variation. Finally, the study provides realistic archetypes for performing microclimatic simulations at a
city scale. The proposed approach can be effectively applied to other cities for urban microclimate
studies.
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1 Introduction

Urban settlements alter the natural environment surrounding them, creating a unique microclimate [1].
Urban microclimates tend to produce and retain more heat, resulting in comparatively higher
temperatures than their rural counterparts. This phenomenon is known as the urban heat island (UHI)
effect [2,3]. The overall air and surface temperature in cities have risen gradually over the years,
resulting in a significant air UHI and surface UHI effect, respectively [4,5]. The spatial variation of the
UHI effect largely depends on urban morphological factors such as built-up intensity, presence of
vegetation, building heights, albedo and sky-view factor (SVF) [6,7]. Therefore, microclimates
encompassing buildings and urban blocks are studied to understand and mitigate the UHI effect.

The urban microclimate is the outcome of dynamic interactions between the macroclimate and urban
morphology [8,9]. Thus, urban morphology is a vital part of UHI-related microclimatic studies owing
to its importance also for assessing mitigating solutions for the UHI effect [10,11]. Urban morphology
relates to the form and the structure of an urban area and the buildings’ physical characteristics and
arrangement. Urban morphological parameters influence the urban microclimate in several ways. For
example, building density reduces the average wind velocity worsening the urban ventilation and
intensifying the UHI effect [12,13]. Longwave radiation gets blocked in the streets due to low SVF on
the streets, retaining more heat in the region and escalating the UHI effect [14,15].

Urban morphological parameters, such as the size of the building fagades, also impact wind velocity,
thus intercepting solar radiation and contributing to solar trapping, which primarily causes the UHI
effect [16]. Sometimes, urban morphological factors can also help in regulating the UHI effect. For
example, arrangements of buildings in a block, such as U-shaped blocks, blocks with courtyards, or
multiple courtyards, have improved microclimates compared to detached, attached and linear blocks
[17]. Additionally, a block’s variation in the height of buildings is also observed to reduce outdoor
temperatures better than the blocks with uniform building heights [12]. In winters, mid-rise blocks are
more suitable than high-rise blocks with open spaces to block the cold winds (Xu et al., 2019). These
studies demonstrate that urban morphological patterns largely influence microclimate.

The morphological patterns within the city vary based on building properties, street-related properties,
and properties of urban blocks. Due to such variations in the city, many researchers suggest analysing
individual urban units, such as urban blocks, to study the UHI effect at the microscale [18,19].
Evaluating microclimate in urban blocks also allows the urban planners and designers to play a pivotal
role in providing balanced strategies and techniques related to its local context [20]. However, analysing
the microclimate of all the blocks in the city can be computationally challenging and time-consuming.
In this scenario, identifying typical urban morphological archetypes representing a homogenous group
of blocks [21,22] in a city can simplify microclimatic studies and aid in generalising the results at a city
scale. Therefore, we propose a systematic approach to identifying urban morphological archetypes
suited for microclimatic studies.

Typically, the first step in identifying urban morphological archetypes involves classifying the entire
city into different types. There have been previous attempts to classify the urban areas into homogenous
units for UHI-related studies. Stewart and Oke [23] introduced the local climate zones (LCZs) as
homogenous regions in terms of surface cover, structure, material and human activity that stretch over
hundreds of meters to several kilometres horizontally. Based on LCZ, several researchers have
generated LCZs specific to their areas, substituting or adding a few parameters in the process [24—26].
Although generating LCZs is the widely used approach, Stewart and Oke [23] highlight that the LCZ
system is generic and cannot capture the peculiarities of every urban area and is adapted to catch the
microclimate effect at the scale of a few hundred meters. Thus, they suggest that users can create new
sub-classes in the city if needed. Apart from this, the LCZ parameters often remain insufficient while
describing the urban canopy in detail, especially when the end goal is to analyse the UHI effect at the
microscale [7]. Therefore, additional morphological parameters that describe the urban canopy in detail
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are necessary for classifying the urban area into morphological archetypes. Apart from this, as the basic
unit of design for urban planners and designers is an urban block, rasterised output like LCZs does not
provide precise typologies at the block level [27,28].

Other approaches have been employed previously, such as rule-based classification, machine learning
based classification algorithms, and classification using spatial multi-criteria analysis to identify urban
morphological archetypes [29-31]. While these methods are systematic and replicable, they are only
applicable in the case of predefined urban morphological archetypes. In the absence of predefined
archetypes, the clustering approach can be helpful as it is data-driven [19,32-35]. Furthermore,
clustering allows simultaneous assessment of various variables by grouping the elements based on
similarities [35]. Thus, the clustering approach is more logical and effective in identifying urban
morphological typologies. However, prior studies have not employed the clustering approach with
external validation to form urban archetypes to identify local climate zones for microclimate analysis.
Therefore, in this study, we propose a clustering approach to identify the urban morphological
archetypes based on important urban morphological parameters.

Once the clusters are generated, we need to check whether the clustering has delivered unique and
distinct archetypes. One way to check if the clusters are significantly different is with the help of
predefined or pre-existing rules for archetypes. But, in many cases, there is a lack of predefined rules
wherein the validation requires some logical basis. An approach popular in the statistical community
but not widely used in clustering urban blocks is the external validation criterion using ANOVA
analysis. However, such a validation requires an external parameter not used in clustering [36], which,
in this case, is a non-morphological parameter (i.e. a parameter not related to building geometry) to
prove that significant differences exist between the clusters. Therefore, in this study, we propose a
validation using an external parameter to confirm the adequacy of the clusters’ diversity.

Summing up, in this paper, we propose a systematic approach to identifying the urban morphological
archetypes particularly suited for UHI-related microclimatic analysis. The approach involves:

1. Clustering: classifying city blocks based on urban morphological parameters.

2. Validation of the clustering-based classification using an external criterion.

3. Determining the unique urban morphological archetypes that represent the different clusters in
the city.

We also compare the clustering-based classification results with the LCZ data created for Europe by
the world urban database and access portal tools (WUDAPT) [37,38].

The present approach provides realistic urban blocks for microclimate analysis, including CFD
simulations instead of a simplistic representation of urban blocks. Furthermore, it reduces the
computational time for analysing the microclimate at a higher resolution as it alleviates the need for
simulating the microclimate of an entire city. Instead, the simulations can be carried out on the identified
archetypes to arrive at a general overview of the microclimatic situation in the city. Moreover, the
properties of these archetypes can be helpful to further generate modelled blocks in the city that will be
a better representation of reality.

2 Methodology

2.1 Study area and dataset

In this study, we examine the city of Liege in the Wallonia region of Belgium. It is the third most
populous city in the country, with 196,296 inhabitants [39] and an area of 69 km?. The city is densely
occupied by buildings in the centre, leaving few open green spaces. The surface temperatures in the city
are observed to be high during the summer, indicating a significant surface UHI effect [40].
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The dataset includes the building footprints from the PICC (Projet Informatique de Cartographie
Continue) dataset, which has an accuracy of less than 25 cm. This data is retrieved from the geoportal
of Wallonia (https://geoportail.wallonie.be). We also use the parcels from cadastre data (2018) for block
generation. For the height of the buildings, we use the LiDAR point cloud data from 2014 with a point
density of 0.8 points/m?, retrieved from the geoportal of Wallonia.

2.2 Selection of blocks

Urban blocks are an area with one building or a group of buildings surrounded by streets [29,34]. Thus,
firstly, the city is divided into several blocks using the parcels in the cadastre data. The border of the
enclosing streets delineates a block, and cadastral information on streets or parcels can help in
demarcating the blocks. Blocks can also be derived if the street width information is available in a city
[34].

For Liege city, the cadastral information is readily available; therefore, we use parcels to define the
blocks for this study. The parcels are the plot boundaries for each building in the city, as depicted in
Figure 1(a). We merge all the parcels and transform them into blocks using ArcGIS Pro (Version 2.9.1)
(Figure 1(b)).

L 77' 7 Parcels ‘ Blocks
Figure 1 (a) Parcels based on cadastral data (b) Defined blocks with the help of parcels

Blocks with fewer buildings and larger open spaces are not relevant for this study. Thus, the first
selection criteria for the blocks in this analysis is the ground space index (GSI). GSI refers to the area
occupied by buildings (4;,) in the block per area of the block (A;) as illustrated in the following
equation [41]:

Yi=1Abu() (1)

GSI =
Abl

We only consider the blocks with GSI greater than 0.2 as we focus on urban climate zones [23]. In
addition, we choose the blocks with at least three buildings within their perimeter to filter smaller blocks
with just one or two buildings.

Another criterion for selecting the blocks is their shape. Sometimes, the block shapes in a city can be
irregular, as shown in figure 2. Such blocks usually have very few or no buildings or contain large
landscapes. However, some blocks might have a significant number of buildings that are widely spaced.
We use the shape factor (SF) as defined in Ma et al. [19]. To calculate SF, we first construct the
minimum bounding circles around the blocks using ArcGIS’s minimum bounding geometry tool.
Thereafter, we compute SF using the following equation:
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164  where Ay, is the area of the block and r,;,.¢;. is the radius of minimum bounding circle around the block.
165  Preliminary statistical analysis of the blocks in the city indicated that 95% of the blocks have a shape
166  factor greater than 0.15. Further observation of blocks with SF less than 0.15 indicates that these blocks
167 areirregular and non-repeating. Therefore, we consider blocks with SF greater than 0.15 in this study.

il e //""' Regular blocks
N [V irregular blocks

(Blocks with SF
<0.15)

168
169 Figure 2 Blocks with irregular shapes

170 2.3 Parameters affecting microclimate

171  In this paper, we consider 17 morphological parameters that can potentially affect the microclimate
172 (Table 1). Along with the parameters proposed for classifying LCZs by [23], we identify the parameters
173 based on the categories that broadly define the morphology of a block, namely, form, shape,
174  arrangement, and variations within the block. We also utilise the parameters that influence the wind
175  flow in the urban area. These parameters are observed to influence urban microclimate in the literature,
176  as mentioned in Table 1.

177  Table 1 Urban morphological parameters

Categories Parameter References
SVF Sky view factor [23]
AR Aspect ratio [23]
[16]

Ground space index/Building

GSI surface factor [19]

Parameters used for [42]
LCZ ISF Impervious surface fraction [23]

PSF Pervious surface fraction [23]

[17]

HRE Height of roughness elements [43]

[44]

Arrangement OSR Open Space Ratio [45]
(Density and - [19]
arrangement Of the MA Mean bUlIdlng areas [46]
buildings within the Number of buildings per unit area [47]

block) NB of the block [26]
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Variation Standard deviation of building [12]

(Variations between SH heights [48]
the buildings within a SA Standard deviation of building [19]
block) areas [46]
DB Average distance between the H;}
Form nearby buildings
(Com_p ac_:tness/_spr_awl Ratio of distance from the centroid
of buildings within a o -
to buildings to the radius of [19]
block) DCR L S
minimum bounding circle to block
ratio
Shape [19]
(Shape factor of the SF Block shape factor [49]
block)
FAI Frontal area index [50]
Wind flow AH Average height of the buildings [51]
Po Porosity [52]

2.3.1 LCZ parameters

The parameters used for classifying LCZs are the sky view factor (SVF), aspect ratio (AR), building
surface fraction (BSF), impervious surface fraction (ISF), and pervious surface fraction (PSF), the
height of roughness elements (HRE) and terrain roughness class. We do not consider the terrain
roughness class (TRC) parameter of LCZ classification as the blocks fall into the ‘very rough’ class of
Davenport classification of effective terrain roughness, where the roughness length is 0.5 m [23].

Sky view factor:

SVF indicates the amount of sky visible from the ground at a given position, referring to the proportion
of sky not obstructed by the surrounding built-up [6,53-55]. We calculate the SVF using the Relief
Visualisation Toolbox of QGIS 3 [56,57].

We use the digital surface model (DSM) and the building footprint dataset to generate the raster with
building height information. We consider the open spaces and roads along with the bottom of the
buildings at 0 m. Moreover, for better accuracy in urban areas, we only consider the building heights
and the obstructions like trees are non-existent in this analysis. We consider a search radius of 100 m
and the number of directions as 16 based on [54] for SVF calculation.

Based on the output from the relief visualisation toolbox, we aggregate the SVF values in the output
raster for every block. Therefore, it is crucial that we consider SVF values in streets and open spaces.
However, as the blocks do not consist of streets surrounding them, we create a buffer zone to include
the SVF values at street level on the streets surrounding the block. To create the buffer zone, firstly, we
calculate the distance of each block from the nearest four blocks located within 33 meters of the block.
Thirty three meters is the maximum street width of major streets in the Walloon region [58]. We
consider the buffer as follows:

Dbuffer = max(di) (3)

where, d; is the block’s distance from the adjacent block, and n is the number of adjacent blocks within
33 meters of the block Figure 3(a).
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Other buildings Other blocks

Figure 3 (a) Street width between the block (b) Buffers creates for selecting the buildings on both sides of roads

Next, we remove the buildings from the obtained SVF raster by setting the raster values corresponding
to the building footprint as null. Thereafter, we consider the average SVF values on open spaces and
streets in the buffer block as the SVF of that particular block. We aggregate the SVF values to the blocks
using the zonal statistics as table tool in ArcGIS Pro 2.9.1.

Aspect Ratio:

Aspect ratio (AR) is the building height to street width ratio (H/W). As streets surround blocks on all
sides, we consider the average value of AR of all streets surrounding the block. We compute the street
width based on the distance of blocks from the adjacent blocks (d;) as shown in figure 3(a). For AR,
we consider the average street width calculated as follows:

3 n
Wavg = E; d; )

where, n is the number of adjacent blocks within 33 meters of the block.

To estimate the building height, we first identify the buildings on both sides of the road. To do this, we
create a buffer of 5 m inside the block and 3 m outside the street buffer, as shown in figure 3(b). Then,
we select the buildings that are crossed by the outline of these buffers using ArcGIS Pro 2.9.1. After
that, we calculate the average height of the selected buildings as follows:

1 n
havg = ;z h; (5)

where, h; is the height of the building on either side of the road, and n is the number of buildings that
are on both sides of the road surrounding the block. Subsequently, we calculate the AR of a block as
follows:

havg

AR =
Wong ©)

Impervious surface fraction (ISF):

ISF indicates the area occupied by impervious surfaces such as pavements, rocks, and buildings. Zha et
al. [59] defined the normalised difference built-up index (NDBI) to determine urban and built-up areas.
It is used to express the intensity of urbanisation [60] and can be used as a substitute to indicate urban
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impervious surfaces [61]. Thus, in this paper, we use NDBI as a proxy for ISF. We calculate NDBI
using the Sentinel-2A satellite imagery captured on 21% July 2021 from the United States geological
survey (USGS). We choose the image on this date as July and August experience higher temperatures.
Moreover, among the images available for this time frame, the selected image had the lowest and most
acceptable cloud coverage of less than one per cent. The NDBI was calculated as follows:

SWIR1 — NIR

= 7
NDEI SWIR1 + NIR (7)

where SWIRL is the shortwave infrared band (Band 11) with a resolution of 20 m, and NIR is the near-
infrared band (Band 8) with a resolution of 10 m. For calculating the NDBI, we resample the SWIR1
band to 10m and compute the NDBI at 10 m resolution. To estimate the NDBI of a block, we calculate
the average NDBI of a block as ISF using the zonal statistics as table tool in ArcGIS Pro 2.9.1.

Pervious surface fraction (PSF):

PSF refers to the area occupied by pervious surfaces like bare soil, vegetation or water. Normalised
difference vegetation index (NDVI) is used to detect bare soil and vegetation [62,63]. Thus, in this
study, we consider NDVI to inform the perviousness in the block. We calculate the NDVI using the
Sentinel-2A image used for calculating NDBI. It is computed as follows:

NIR — R

R R 8
NV =R+ & ®

where NIR and R are the near-infrared (band 8) and red (band 4) bands with a resolution of 10 m. Similar
to NDBI, we calculate the average NDVI of a block as the PSF using the zonal statistics as table tool
in ArcGIS Pro 2.9.1.

Height of roughness elements (HRE):

As the roughness of the neighbourhood can influence the aerodynamic properties, we compute the HRE
for the buffer around the block as used in the SVF calculation [50,64]. HRE is the average of building
heights in the urban canopy. Here, we calculate it as follows :
2im1 Apuiy) X hou@)
Abuffer

HRE = (9)

where Ay, is the area of building and h,,,, is the height of the buildings within the outer buffer of the
block as shown in figure 3 (b), Auuter iS the area of the outer buffer and n is the number of buildings
within the block. We calculate the height of buildings using digital surface model (DSM) data provided
by the geoportal of Wallonia.

2.3.2 Parameters informing arrangement

The parameters in the arrangement category represent the parameters that inform the open spaces and
area and the number of buildings. Open space ratio (OSR) is defined as the ratio of open areas to the
built area, and it describes the intensity of use of non-built ground [45]. We compute it as follows:

(10)
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MA is the average area of buildings within the block. NB is the number of buildings per unit area in a
block. We compute it as follows:

n

NB = —
Apy (11)

where n is the number of buildings within the block.

2.3.3 Parameters informing variation

The variation category consists mainly of two parameters. Studies have indicated that variation in
heights can influence the microclimate [12,48]. In computational fluid dynamics (CFD) studies, the
area of the object also affects the wind direction [46]. Thus, we also consider variation in building area
in this study as there is a potential effect on the UHI. SH is the standard deviation in building heights,
and SA is the standard deviation in building areas within the block. Since height informs the roughness
of the block and its neighbourhood, we consider SH to be the standard deviation of building heights
within the outer buffer of the block as considered for SVF calculations.

2.3.4 Parameters informing the form

The form represents the compactness or sprawl of buildings within the block. GSI can also demonstrate
the form, but there can be variations in the patterns. Therefore, we consider parameters like DB and
DCR. DB is the average distance between the adjacent buildings in a block. We calculate as follows:

n

— 1 H
Drmin = r_LZ 157]7'1517711—1(Dij) (12)

=1

where D;; is the distance between one building to the rest of the buildings, n is the number of buildings
in the block (Figure 4 ().

(@ Dy(min) ()

Figure 4 (a) Distance between the buildings (b) Distance from the centre of the block to the building

DC is the average distance between the block’s centre and the building’s centre (Eg. 13). As the value
of DC depends upon the block’s size, we normalise the parameter using the radius of the minimum
bounding circle (Eq. 14). Thus, DCR is the parameter indicating the average distance of buildings from
the block’s centre.

n

Y D
DC = @ (13)
DCR = be

Tcircle (14)

where, D, ; is the distance from the block’s centre to the building’s centre, and n is the number of
buildings in a block.
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2.3.5 Parameters for block shape
As mentioned in section 2.2, SF informs the shape of the block. Moreover, there might be differences
in the blocks based on the shape of the block. Thus, we use this parameter as well in our analysis.

We calculate the parameter values for blocks using the Geopandas package in python
(https://geopandas.org/en/stable/). We convert each shapefile to a geodata frame to proceed with further
analysis.

2.3.6 Parameters influencing the wind flow

Urban morphology influences the urban air ventilation environment [50,51]. Several indicators such as
GSI, SH, HRE, average height (AH), frontal area index (FAI) and porosity (Po) are considered in
analysing the urban wind environment as they indicate surface roughness [51,65,66]. In this paper, GSI,
SH and HRE parameters are already considered in other categories of urban morphology. Therefore, in
this section, we explain the remaining parameters such as AH, FAI and Po. As AH, FAI and Po indicate
roughness in the urban block, we consider the buildings in the buffer area (Figure 3(a)) for calculating
the indicators.

AH is the average height of buildings within the buffer of the block.

FAI measures building walls facing the wind flow in a particular direction [52]. We compute FAI using
the methodology from [65] in this paper. The method involves rasterisation of the building height and
area and computing the FAI at 100m resolution. The FALI is only calculated for northerly/easterly winds.
We computed the FAI for the blocks using zonal statistics as table tool in ArcGIS Pro 2.9.1 and
considered the mean of FAI pixels overlapping the buffer block as FAI of the block.

Po is the ratio of the empty volume in an urban canopy to the volume of the urban canopy. In this paper,
we consider the volume of the urban canopy of a block (UCLV) as follows [67]:

UCLV = maJC(hi) X Abuffer (15)

where h; is the height of the buildings in the buffer block. The building volume (BV) in the buffer block
is computed as follows:

= (16)
BV = z Ai X h’i
i=1
where A; is the area of buildings located in the buffer block. Therefore, Po is defined as:
_ UCLV — BV 17

Po=—yew

2.4 Clustering approach
We use k-means clustering in this paper for the reasons explained below:

o Firstly, Liege city does not have any pre-existing classification of urban built form.

o Secondly, the k-means clustering algorithm is a hard clustering method that provides distinct
clusters.

o Lastly, itis very efficient for large and high-dimensional datasets.

e Moreover, several studies [32—-34] have demonstrated that k-means have provided logical
results for identifying urban typologies.
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2.4.1 Pre-processing of data

It is crucial to scale and normalise the data before performing the k-means clustering [35,68], as the
presence of outliers or skewed distributions can influence the optimal number of clusters generated by
algorithms. Therefore, first, we scale the data to guarantee that no particular weight is given to any
specific variable or feature.

Researchers often couple principal component analysis (PCA) with k-means in order to reduce
dimensionality and ensure non-collinearity among the variables [33,69]. Moreover, PCA-based k-
means are observed to generate a better clustering result [70]. A PCA is a linear transformation of
variables into reduced dimensional space while retaining the maximum variance [33,35].

In this paper, we are not confronted with a large number of dimensions. However, there may be
collinearity between the variables. As collinearity may influence the results, we do a PCA analysis to
obtain principal components (PCs) that are non-collinear and explain maximum variance in the data.
We transform the data into PCs using classical PCA and decide on the number of PCs based on Kaiser
criteria [71]. Thus, we select the PCs based on the cumulative variance explained by each component
that has an eigenvalue greater than one. We further discuss the loading of each parameter on the chosen
PCs using varimax rotation to estimate their influence on the clustering outcome. We consider the
rotated principal component (RC) scores as input for the k-means clustering. We use the R stats package
version 4.0.3. for PCA analysis.

2.4.2 K-means clustering

K-means clustering algorithm is an unsupervised clustering technigue that attempts to determine k non-
overlapping clusters to maximise the distance between the clusters and minimise the distance within
the cluster. Given the set of n data points and a predefined number of clusters (k), the algorithm
randomly selects k cluster centres initially. It classifies the data points to the nearest cluster centre. Then,
it calculates the within-cluster sum of squares and reassigns the cluster centres to result in a final
partition that optimises the clustering quality by minimising the intracluster sum of squares distances
of any data point to its nearest cluster centre as defined by the following equation [72]:

J(C) = Z % — ¢ I (18)

k n
i=1

j=1

K-means algorithm generally picks up the centroids randomly. Thus, the result depends upon how the
initial centroids were selected. Therefore, to avoid this problem, we use the k-means ++ initialisation
which is a smart centroid initialisation technique. With this technique, the best possible initial centroid

is selected and the replicability of results is ensured with significant iterations [73]. We use the clusterR
package of R version 4.0.3 for clustering the data using the k-means algorithm.

2.4.3 Determining the number of clusters

There are numerous varieties of methods available to identify the number of clusters. However,
identifying the optimal number of clusters is always challenging for clustering analyses. Thus, many
studies use more than one method to determine an optimal number of clusters [74,75]. In this paper, we
use the cubic clustering criterion (CCC) and pseudo F statistic to select the optimal number of clusters.

CCC is a test statistic developed by the SAS programming package [76] for identifying an optimal
number of clusters. This index is the measure of within-cluster homogeneity compared to between-
cluster heterogeneity. For identifying the optimal number of clusters, the values of CCC are plotted
against the number of clusters and the peak value is chosen as appropriate. However, the peak value of
CCC should be positive and preferably greater than two or three [77].

Califiski and Harabasz [78] developed the pseudo F statistic and defined it as the ratio of between-
cluster variance to within-cluster variance. Similar to CCC, the pseudo F values are plotted against the
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number of clusters and the peak value is chosen as the optimal number of clusters. The large peaks in
the pseudo F statistic are indicators of greater cluster separation.

Milligan and Cooper [77] examined 30 indexes developed to identify the number of clusters. According
to the study, CCC performed at a competitive rate; however, it may suggest too many clusters in some
cases. Additionally, pseudo F statistic has performed well and is less prone to errors, according to
Milligan and Cooper [77]. Thus, we compare these two indices and decide the optimal number of
clusters. To compute these indices, we use the NbClust package of R.

2.4.4 Validating the clusters

For external criterion analysis, standard parametric analyses such as analysis of variance (ANOVA) or
multivariate analysis of variance (MANOVA) are used to validate the clustering result using a variable
excluded from clustering analysis [36].

Differences in surface temperature are related to different microclimates. So, the average surface
temperature of the blocks can be one of the proxies for measuring microclimate conditions [79,80]. In
this study, the external variable cannot be a parameter that influences or informs urban morphology.
Thus, we choose the block’s average land surface temperature (LST) as a dependent variable for
external criterion analysis. We compute it using zonal statistics as table tool in ArcGIS Pro 2.9.1. We
consider using a one-way ANOVA analysis to validate the clustering result as we have one parameter.
Moreover, several studies have effectively used one-way ANOVA for validating the clustering analysis
results [81-83]. Therefore, we validate the clustering result with the help of a one-way ANOVA to see
whether the mean land surface temperature (LST) of the blocks varies across the clusters.

We calculate the land surface temperature (LST) using the LANDSAT-8 level 1 image captured on 18"
July 2022. We choose the image on this date as July and August experience higher temperatures. Among
the images available for July and August, the image on this date had the lowest and most acceptable
cloud coverage of less than one per cent. In addition, we procured the image from the USGS at a
resolution of 30 m. We use the thermal band 10 to compute the LST (in Kelvin (K)) using the following
equations [84]:

Ly = MQcqr + Ay (19)

where L, = TOA (Top of Atmosphere) spectral radiance (Watts/(m2 * srad * um)), M, = Band-Specific
multiplicative rescaling factor from the metadata, A; = Band-specific additive rescaling factor from the
metadata, Q.,; = Quantized and calibrated standard product pixel values (DN)

K, (20)

In (IL(—;+ 1)

T =

where T = TOA brightness temperature (K), K; = Band-specific thermal conversion constant from the
metadata, K, = Band-specific thermal conversion constant from the metadata

We further convert the LST values to degrees Celsius (°C).

ANOVA analysis enables comparing variances of more than two populations to determine equality of
means. The F-test is performed against the null hypothesis, where the means of LST of each cluster are
equal. The alternate hypothesis would be that not all the means of LST are equal. If the p-value of the
F-statistic (Pr (>F)) is less than 0.05, then the null hypothesis will be rejected, and the alternate
hypothesis will be accepted.
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2.5 Determining predefined LCZ for blocks

To compare the clustering results with LCZ, we first determine the LCZ of the blocks using the LCZ
map by WUDAPT [38] for entire Europe. The LCZ map [37] is at a resolution of 100 m, with each
pixel indicating the type of LCZ. We use zonal statistics as a table tool of ArcGIS Pro 2.9.1 and identify
the value of the majority of pixels in the block as LCZ.

3 Results and discussion

3.1 Selected blocks

Figure 5(a) depicts the total blocks in the city of Liege. There are a total of 1,441 blocks in the city. Out
of these blocks, we select 1007 blocks in total for the analysis based on the selection criteria explained
in section 2.1. Figure5(b) illustrates the selected blocks in the city. From figure 5(b), we observe that
the larger blocks with fewer buildings are effectively filtered along with irregularly shaped blocks.

! Blocks Bl Buildings 9 1.2, %™ [ Selected Blocks g R0y ey ety

Figure 5 (a) Blocks in the city of Liege (b)Selected blocks for this study

3.2 Principal component analysis

Pairwise correlation of the 17 parameters indicates a high (>50%) and significant correlation between
some variables, as shown in figure 6. The correlated variables may influence the clustering results,
given the higher magnitude. Therefore, PCA analysis is relevant in this case.
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421 Figure 6 Correlation Matrix
422  We observe from figure 7 that first four principal components have eigenvalue greater than one.

423 Moreover, these four PCs explain around 75% of the variance in the dataset. Therefore, we select these
424  four PCs as variables for clustering.
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426 Figure 7 Principal Components Analysis
427 Table 2 Loadings of parameters on PCs and RCs

PC loadings
Parameters | PC1 PC2 PC3 PC4
GSlI 0.338 -0.099 0.162 -0.068
LCZ PSF -0.318 -0.022 -0.242 0.164

ISF 0.293 -0.092 0.288 -0.195
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SVF -0.332 -0.047 0.216 -0.019

AR 0.164 0.051 -0.278 0.394
HRE 0.314 0.080 -0.138 0.135
OSR -0.315 0.119 -0.190 0.200
Arrangement MA 0.031 0.536 0.312 -0.058
NB 0.163 -0.409 0.282 0.040
Variations SH 0.200 0.277 -0.277 -0.009
SA 0.017 0.498 0.344 -0.104
Form DCR -0.087 0.111 -0.309 -0.518
DB -0.135 0.318 0.162 0.169
Shape SF 0.027 -0.031 -0.246 -0.615
AH 0.305 0.153 -0.252 0.081
Wind environment Po -0.262 0.087 -0.060 -0.129
FAI 0.328 0.176 -0.180 0.049
Eigen Values 2.717 1.577 1.288 1.050
Explained variance 43% 15% 10% 6%
Cumulative variance 43% 58% 68% 74%
RC loadings

Parameters | RC1 RC2 RC3 RC4
GSI 0.851 0.000 -0.433 0.000
PSF 0.885 0.000 -0.223 0.000
LCZ ISF -0.838 -0.176 0.374 0.000
SVF -0.481 0.000 0.808 0.000
AR 0.000 -0.147 -0.656 0.227
HRE 0.446 0.000 -0.771 0.000
OSR -0.875 0.000 0.319 0.000
Arrangement MA 0.000 0.935 -0.107 0.000
NB 0.698 -0.413 0.12 0.275
Variations SH 0.000 0.211 -0.725 -0.19
SA 0.000 0.906 0.000 0.000
Form DCR -0.269 0.000 0.000 -0.683
DB -0.362 0.526 0.144 0.18
Shape SF 0.000 -0.123 0.000 -0.707
AH 0.332 0.000 -0.86 0.000
Wind environment Po -0.56 0.113 0.432 -0.191
FAI 0.428 0.114 -0.854 0.000
Eigen Values 4,723 2.297 4.386 1.222
Explained variance 28% 14% 26% 7%
Cumulative variance 28% 41% 67% 74%

Table 2 shows principal component loadings and rotated component loadings obtained with varimax
rotation. We observe that it is difficult to interpret the loadings from the PCs as some parameters have
significant loadings on more than one PC (for example, GSI, DCR and OSR). The Varimax rotated
solution (RCs) results in large loadings on a single component and small cross-loadings on the other
components, facilitating the interpretation.

The RC1 and RC3 account for the higher variance in the data, which is about 28% and 26%,
respectively. Thus, the following parameters, such as GSI, PSF, ISF, SVF, AR, HRE, OSR, NB, SH, AH,
and FAl, influence the clustering the most. These parameters mainly correspond to the LCZ parameters,
the parameters informing the arrangement and the parameters related to the wind environment.
Parameters related to variation in the block, form and shape account for 21% of the variance (combined
variance of RC2 and RC4), indicating their significance as well.



440
441
442
443
444
445
446

447
448

449
450

451
452
453
454
455

456
457

3.3 Number of clusters (k)

Figure 8 demonstrates the CCC and pseudo F statistic values for the number of clusters (k = 1 to 30).
The value of CCC peaks first at k= 11, then at k=13, followed by k=23 and lastly, k= 27. As per Sarle
[76], the highest value of CCC corresponds to the optimal number of clusters. However, in the case of
distinct non-hierarchical elliptical clusters, the graph often shows a sharp rise to the correct number of
clusters, followed by a gradual increase and eventually a gradual decline. In the plot of CCC (figure 8),
a sharp rise is observed at k=9.
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2001
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Number of Clusters

Figure 8 CCC and pseudo F statistic values for different numbers of clusters (k)

The pseudo F statistic value, on the other hand, peaks at k=5, then at k= 9, followed by k=9, k=11, k=13,
k=23 and k=27. As the suitable value matches at k=9, we choose the number of optimal clusters as 9.

3.4 Validation — ANOVA analysis

Figure 9 demonstrates the mean LSTs of blocks within each cluster, whereas figure 10 depicts the spatial
variation of the mean LST of blocks. We observe from figure 9 that there is a variation in the average
mean LST across the clusters. Moreover, the variation can also be observed in figure 10 as the blocks
in the city centre have higher LST as compared to the blocks in the outskirts of the city.

34

32

Celsius)
B 2
|
KN
[]
|
|

LST (° Celsius

A B C D E F G H I

Figure 9 Cluster-wise mean LSTs of blocks
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459 Figure 10 Spatial variation of mean LST of clusters

460  Table 3 provides the details of the ANOVA test. The p-value of the F-statistic is less than 0.01, implying
461  that the means of LST in clusters A to | are not equal, indicating that the clusters are different from each
462  other. Therefore, the ANOVA analysis validates the result of clustering. Altogether, the clustering result
463  is acceptable, and the clusters are different from each other.

464 Table 3 Model summary of ANOVA
Df (degrees Sum of Mean sum of
of freedom) squares squares F-statistic Pr(>F)
Clusters 8 1117 139.59 79.36.95 0.000
465

466 3.5 Features of morphological clusters

467  After applying k-means to the four RCs, we obtain 9 clusters in the city of Liege. Clusters D, E, F and
468 G have the largest number of blocks in Liege city, followed by the clusters C, B and A. The clusters H
469  and | have the lowest number of blocks (Figure 11). Therefore, we consider blocks closest to the cluster
470  centres and identify them as morphological archetypes. Given the intra-cluster homogeneity, these
471  blocks can effectively represent the clusters. Figure 12 provides a two-dimensional view of the
472  morphological archetypes in Liege obtained based on the clustering. Table A.1 (Appendix) provides
473  the values of parameters of the archetypes. Figure 13 (a) demonstrates the spatial distribution of clusters
474 inthe city.
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The clusters in the city centre consist of compact blocks with low-rise to high-rise buildings (Clusters
A, B, Cand D). The clusters on the fringe of the city are open and sparsely built compared to the clusters
in the inner city (Clusters E, F, and G). Other clusters (clusters H and 1) are spread across the city, and
the blocks in these clusters have large-sized and a few buildings, with mostly homogenous mid-rise to
low-rise buildings. Significant variation between the clusters in terms of morphological parameters can
be observed in figure 14. Based on these characteristics and the LCZ nomenclature provided by Stewart
and Oke [23], we name the clusters as given in figure 12.

A: Compact mid-rise + highrisc [N 83
B: Semi-compact mid-risc [ 110
C: Compact low-rise _ 120

D: Compact mid-rise + low-rise
E: Open low-rise + sparsely built
F: Open low-rise

G: Open mid-risetlow-rise

H: Compact large mid-rise

I 195
IR 146
I (73
I 155

|3

I: Open large low-rise . 22

0 100 200 300
Number of blocks

Figure 11 Number of blocks per cluster

A: Coml?act rpid-rise + B: Serr}i—cgmpact C: Compact low-rise D: Compact mid-rise +
high-rise mid-rise low-rise
E: Elongated open F: Open low-rise G: Sparsely built + Legend:
low-rise open low-rise
I Archetypes
Other blocks
Building height
B Low (<10 m)
L\ Medium (10-20 m)
High (>20 m)

H: Compact large

P I: Open large low-rise
mid-rise

Figure 12 Two-dimensional view of morphological archetypes based on clustering
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490 3.6 Comparing clusters with LCZ

491  As per figure 13 (b), Liege city is classified mainly into four LCZs: Open low-rise, compact low-rise,
492  compact mid-rise, and large low-rise. A few blocks in the city are classified into open, mid-rise and
493  sparsely built. According to LCZ classification, clusters A and B blocks are predominantly compact
494  mid-rise (Table 4). As cluster A has the largest GSI and a significantly higher HRE, it fits the description
495  of the corresponding LCZ. However, cluster B has a moderate GSI value but a comparable HRE.
496  Therefore, an almost equal share of blocks in this cluster corresponds to the compact low-rise
497  classification of LCZ. Moreover, around 39% of the blocks in cluster A are classified as compact low-
498  rise.

499  Clusters C and D are the clusters with blocks mostly on the city’s outskirts. The GSI range of these
500 clusters largely falls within the specified range of LCZ class of compact low-rise (table 5). However,
501 there are variations between the clusters in terms of the arrangement (NB) and the shape of the blocks
502  (SF). There are also slight differences in terms of building heights. For example, blocks in cluster D
503 have taller buildings than the blocks in cluster C. Consequently, the AR values are higher for blocks in
504  cluster D as compared to blocks in cluster C. Additionally, an almost equal share of blocks of cluster C
505  corresponds to open low-rise as per LCZ classification (table 4). Thus, clusters C and D represent
506  distinct sub-classes within the LCZ of open low-rise.

507  Blocks in clusters E, F, and G are predominantly open low-rise as per LCZ classification. Around 80%
508  of these blocks in the cluster fall into the open low-rise LCZ category (Table 4). However, they are
509  different in terms of the shape of the block (SF) and open space in the block (OSR). Therefore, these
510  clusters form essential sub-classes within the LCZ type of open low-rise.

511  The blocks in clusters H and | mainly belong to the large low-rise type of LCZ. These clusters have
512  blocks with a large building area. However, cluster | has a GSI of 0.65, whereas the blocks in cluster H
513  have a lower GSI. Thus, cluster | is more compact as compared to cluster H. The main characteristic of
514  the blocks in these clusters are the large-sized buildings, so they are the essential sub-classes of the
515  large low-rise LCZ classification. Figure 15 shows the proportion of clusters (sub-classes) in the
516  existing LCZ classification. The distribution of sub-classes in compact mid-rise, compact open low-rise
517  and large low-rise types of LCZ is almost equal. However, the dominant sub-class in the compact low-
518  rise type of LCZ is the semi-compact low-rise cluster.

519  Table 4 Percentage of blocks in a cluster classified as an LCZ

Morphological clusters Compact Compact  Open mid- Openlow- Large low-  Sparsely

mid-rise low-rise rise rise rise built
A: Semi-compact mid-rise 44% 41% 5% 6% 1%
B: Compact ;ri!g-nse + high- 57% 39% 204 20 1%
C: Compact low-rise 18% 39% 38% 3%
D: Compact mid-rise + low-rise 23% 40% 1% 29% 5%
E: Elongated open low-rise 2% 1% 96% 1%
F: Open low-rise 4% 20% 73% 3%
G: Open |OV\kI)-L:’;ISte + Sparsely 20 8% 1% 86% 1%
H: Compact large mid-rise 33% 67% 1%
I: Open large low-rise 18% 14% 23% 45% 1%

520
521  Table 5 Comparing parameter values of LCZs and archetypes

BSF HRE AR SVF

LCZs Clusters GSI ¢z HRE o M ey VP (e
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524 Figure 15 Proportion of clusters (sub-classes) in the existing LCZ classification

525  Altogether, we observe that the classification in this paper broadly corresponds to the LCZ
526  classification. However, our approach provides more detailed sub-classes, which are necessary to
527  capture the microclimatic variations in the city (figure 14). We also observe that there are a few of the
528  blocks misclassified as open low-rise when they are supposed to be in the compact mid-rise or low-rise
529  category and vice versa. Furthermore, the differences in terms of morphological parameters within the
530  sub-classes of each LCZ are noteworthy and can affect the microclimate and UHI. Thus, the clustering
531  approach has produced more meaningful homogenous clusters which deliver logical LCZs and sub-
532  classes of LCZs suited to the region.

533 4 Discussion and Conclusions

534 Urban morphological archetypes are the urban blocks that represent a homogenous group of blocks in
535  terms of urban morphology, identification of which is vital for microclimatic analyses. In this paper,
536  we propose a well-defined PCA-based k-means clustering approach supported by an external criterion
537  validation using ANOVA analysis to identify urban archetypes. We choose the k-means clustering
538  approach as it is an unsupervised data-driven algorithm that is robust in the absence of an existing
539 classification of built-form in the city. We use seventeen urban morphological parameters based on
540  LCZ, the categories such as form, shape, arrangement, and variations within the block, along with the
541  parameters influencing the wind flow, defining the morphology of the block. Moreover, we support the
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choice of morphological parameters by identifying their influence on the microclimate, as mentioned
in the literature.

We propose the following steps to identify urban morphological archetypes for microclimate studies.

1. Filter the urban blocks based on building density, regularity of block shape and the number of
buildings per block to identify blocks fit for analysis.

2. To reduce the dimensionality and verify non-collinearity among the variables, use varimax
rotated PCA to transform the urban morphological parameters into principal components that
explain the most variance present in the data.

3. Cluster the RCs using the k-means clustering algorithm with k-means ++ initialisation; identify
the best number of clusters using the CCC and pseudo F statistic.

4. Validate the clusters using ANOVA analysis using the mean LST of blocks as a dependent
variable, which is one of the proxies for measuring microclimate quality.

5. Identify the blocks that are nearest to the cluster centre as an urban morphological archetype.

We apply the aforementioned steps to the city of Liege in Belgium. Firstly, by filtering the city blocks
using GSI and SF, we obtain 1007 blocks qualifying for the analysis. Subsequently, we obtain four
principal components based on the PCA, which are rotated using varimax rotation before clustering
them using the k-means algorithm. We determine the number of clusters based on the best values of
indices CCC and pseudo F statistic, resulting in nine homogenous clusters different from each other.
Lastly, the validation indicates that the clustering is also successful in terms of LST, making the clusters
logical for analysing the microclimate. Finally, we put forward a representative block from each cluster
resulting in nine urban morphological archetypes that can be used as input for microclimatic analyses.
We also compare the clusters with the existing LCZ map for Europe. The clustering-based classification
in this study broadly corresponds to the LCZ classification. However, LCZ fails to capture
morphological variety that can influence the microclimate. The approach used in this study identifies
the relevant sub-classes that fall within the broad LCZ classes.

Although LCZ maps are available for Europe, the method proposed in this study is advantageous for
the following reasons: the classification accuracy of LCZ maps is 70% [38] and using them directly
might include misclassifications, as explained in section 3.7. Researchers also compute LCZs for
specific regions for better accuracy [26,85]; however, implementing a methodology to estimate LCZs
in a city is not straightforward. Due to the wide-ranged parameter values of LCZ, there are often
overlaps in the LCZ categories. Thus, sub-classes or combinations of various LCZ classes are often
proposed as it gets extremely challenging to assign LCZ class to a block [6]. Moreover, the LCZ dataset
is insufficient as the urban canopy must be described explicitly for analysing microclimate [7].
Furthermore, integrating raster-based LCZs into urban planning can be challenging as urban blocks are
the urban design unit for urban planners and architects [28]. The urban block scale is also considered
appropriate to analyse the heterogeneity of microclimate within the urban fabric [86]. Therefore, urban
blocks are the appropriate units for identifying homogenous climate zones in a region.

The archetypes identified using this method can be used as a database to inform urban planners in
optimising the urban forms to regulate the microclimate [87]. The approach used in this study is also
helpful in the absence of predefined typologies or classifications. It can effectively be applied to other
cities worldwide for analysing the microclimate based on urban morphology. For instance, we apply it
to Liege city, but the approach can be applied to the entire Wallonia region or Belgium to identify local
archetypes for microclimate analysis. Although the approach is straightforward, it is essentially
dependent on the data availability. Thus, preparing the data can be challenging when the datasets are
not readily available. Approaches such as the Geoclimate tool by [66] can help derive LCZ parameters.
Further studies can include developing data using open-access datasets to identify urban morphological
parameters.



589  The present approach aids the microclimatic analysis by providing realistic urban blocks for

590  microclimate analysis, including CFD simulations instead of a simplistic representation of urban blocks.

591  Furthermore, it reduces the computational expense of analysing the microclimate at a higher resolution

592 as it alleviates the need for simulating the microclimate of an entire city. Instead, the simulations can

593  be carried out on the identified archetypes to arrive at a general overview of the microclimatic situation

594  in the city. Moreover, the properties of these archetypes can be helpful to further generate modelled

595  Dblocks in the city that will be a better representation of reality.

506 Appendix

597  Table A.1 provides the values of parameters of the archetypes.

598 Table A.1 Characteristics of morphological archetypes belonging to each cluster

% SVF AR GSI ISF PSF HRE MA SA DCR DB SF NB OSR SH AH Po FAI
O

A 069 2585 090 005 0.09 13.30 80.63 7137 043 000 035 0.01 011 455 1257 051 10.24
B 078 088 057 -0.01 020 970 109.77 149.22 041 000 055 0.01 075 6.76 10.69 0.76  7.68
C 08l 108 072 0.04 019 6.52 33.61 1821 042 000 035 0.02 039 308 754 063 584
D 081l 154 063 003 021 429 46.65 6127 058 001 044 001 058 299 7.78 070 531
E 088 148 029 -015 045 1.94 41.44 2487 054 048 028 001 243 242 609 083 358
F 08 072 044 -0.07 033 291 45.49 2760 049 020 033 001 129 237 672 080 445
G 087 098 033 -0.08 039 246 54.61 4516 056 048 048 001 203 300 718 082 3.39
H 090 209 065 -0.05 017 582 423420 11929.14 030 0.00 022 0.00 053 450 1035 074 7.35
[ 092 074 049 -002 017 308 80740 3789.92 070 260 035 000 1.03 317 840 079 461
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Highlights

We propose systematic PCA-based k-means clustering approach to find urban archetypes
Validation - ANOVA with land surface temperature in absence of existing typologies
Our clusters are compared with WUDAPT’s local climate zones (LCZs)

Our approach provides essential sub-classes to the existing LCZs

We identify 9 urban morphological archetypes defining the morphology of Liege city
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