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A new approach is developed for large scale urban morphological studies
The Canton of Geneva (60,000 buildings) is selected as a case study

40 morphological features are investigated towards rooftop insolation
Moderate Pearson coefficients (R?=0.2/0.4) are found for the whole dataset
Densest municipalities exhibit higher correlation levels (R*=0.4/0.6)
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11 Abstract. Building rooftops represent one of the most valuable resources to harvest solar
12 energy in cities. Nevertheless, this potential is limited by the urban morphology impacting the
13 shading conditions. This study suggests a general methodology to assess the impact of urban
14 form on solar harvesting. To this aim, a new GIS-based approach is developed to extract
15 meaningful morphological parameters at a very large scale. The rooftop overall shading rate is
16 here defined as a benchmark, and it is measured through a scaled insolation representing the
17 ratio between the insolation of a surface within the urban context and its unshaded theoretical
18 maximum. A set of 40 morphological features is calculated for 60,000 buildings in the Canton
19 of Geneva (Switzerland), and the scaled solar insolation of about 350,000 roof pieces is
20 derived from the Solar Cadaster of Geneva. The results outline the insolation distribution
21 within the city and as a function of urban morphology. The rooftop overall shading rate shows
22 moderate Pearson coefficients (1=0.2/0.4) towards some parameters, namely building height,
23 volume, and height difference with surroundings, while others seem irrelevant. Analysing the
24 48 Geneva municipalities one at a time, the denser downtown areas reach higher correlation
25 levels (r=0.4/0.6) compared to the suburban ones.

26 Keywords: Urban Morphology,; Rooftop Solar Radiation, Solar Cadaster; GIS; Correlation Analysis

27 1 Introduction

28  The decrease of building energy consumption and the exploitation of renewable resources are key
29  goals of the current EU regulation toward energy transition in urban areas [1]. In Europe, the buildings
30  and the building construction sector combined account for 35% of the total global final energy
31  consumption but new constructions are expected to reduce considerably their energy use thanks to the
32 more stringent policies [2]. However, if we take into account the growth of the world's population,
33 urbanization and the low rate of renewal of the building stock (less than 1% per year), efforts have to
34 be accentuated and ensure that buildings also produce energy. The relatively recent concept of Nearly
35  Zero Energy Buildings (NZEB) and Districts (NZED), has helped to develop more awareness on
36  on-site energy production issues [3,4]. In this context, solar energy stands out among renewable
37  sources for its ease of adaptation to urban surfaces. Based on the International Energy Agency (IEA)
38  projections more than 50% of the overall photovoltaic capacity will be installed on residential and
39  commercial buildings by 2050 [5]. Thus, cities play a central role to boost renewable energy
40  production at a larger scale than standalone building or district installations.

41  The solar resource varies to a great extent with the time scale and location, and efficient exploitation
42 requires a high level of knowledge on the actual resource. In the last decades, thanks to the great
43  improvement in large scale simulation, open-source geographic datasets, and Light Detection and
44  Ranging (LiDAR) data acquisition, it has been possible to assess the solar energy potential of a city at
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a macroscale, resulting in a solar map or solar cadaster [6]. However, as it emerges from the study by
Kanters et al. [7], there is still a restricted number of accurate city-scale solar cadasters. These solar
cadasters give access to an average annual irradiation on the roofs or even an average annual energy
production depending on the solar technology selected. Nevertheless, the main limiting factors are the
complex shadowing conditions and building radiation interreflections [8] having an impact on
computation time, and the high level of expertise required to set up radiation models and large scale
simulations. Given the difficulty of computing the solar potential at an urban territory scale, another
key issue regarding the distribution of solar radiation within the urban environment is to analyse the
effects of the urban form, or morphology, on solar availability. This could contribute to create
guidelines for urban planners at the early design stage and help municipalities to identify the most
suitable areas to harvest solar energy.

In the last decade, there has been a significant interest in investigating the effect of the urban form on
both building energy performance [9—12] and solar power potential analyses [13—17]. Some
parametric studies on elementary and ideal urban archetypes evidence strong correlations between
morphological features and irradiance levels [18]. Despite being a very useful reference for designers
and planners, this level of accuracy in the results cannot be expected when dealing with real and
highly heterogeneous systems such as real cities. In the last few years, also thanks to the growing
availability of 3D (or 2.5D) information about cities, there has been significant progress in managing
real urban data. Chatzipoulka et al. [19] investigated the relationship between urban geometry and
solar availability on building facades and open spaces of 24 neighbourhoods of London of the size of
500 m x 500 m. Mohajeri et al. [20] studied the effects of 6 relevant urban compactness indicators on
the solar potential of 16 districts (11,418 buildings) of the city of Geneva (Switzerland). Also,
Morganti et al. [21] evaluated the impact of 7 morphological features on the fagade solar irradiance of
14 urban textures of Rome (Italy) and Barcelona (Spain). While these studies outline the relationship
between solar potential and the urban texture, they are mostly focused on fagades and the calculation
of the morphological features is generally done at the neighbourhood level, averaging the building
characteristics within a certain administrative border or cell of a squared grid. Additionally, the
considered sample of buildings is often limited to a few thousand and the selection of the
morphological features does not follow a rigorous methodology, being considerably variable
depending on the research objectives.

In the meantime, substantial advances have been done in the so-called Urban Morphometrics (UMM)
[22-24], a branch of urban morphology study aiming at developing objective and reproducible
methodologies to compute rigorously the geometrical attributes of a city to support scientific
researches. In particular, Fleischmann et al. [25-28] developed a new approach to derive a meaningful
spatial unit of analysis at the building scale (in other words the “surface of influence” of a building),
allowing the calculation of several morphological attributes related to the buildings themselves and the
adjacent surroundings. This process has been also implemented in a python library called Momepy
[29], thus enabling automatization and reproducibility.

The present study is intended to fill three main research gaps. Firstly, despite the recent improvements
in solar cadasters, a lack of statistical analyses related to the solar radiation distribution within the
urban context can be highlighted. These studies mainly concern the solar radiation model and
computational issues, without any interpretation of the results with a view to urban morphology.
Secondly, it has been pointed out the necessity to establish a systematic in-depth analysis to assess
meaningful morphological features at the building scale and to investigate the correlations with
insolation without averaging the urban characters. Finally, the use of very large building datasets
seems to be still very restricted.

The present research is related to calculating and analysing 40 morphological features (including
building geometry, shape, density, spatial distribution) on each of the 60,000 buildings of the Canton
of Geneva through GIS data and the Momepy library [29]. The yearly rooftop insolation data from the
Solar Cadaster of Geneva [30,31] have been analysed in relation to urban morphology. Finally,
Pearson correlation analysis has been performed without averaging the features at the neighbourhood
level. The results provide interesting statistical findings regarding the potentially most influential
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parameters for solar urban planning, but also the city-related morphological specificities and their
impact on solar harvesting.

2 Data and methods

The following sections include an outline of the data sources and methods. The methodology is
schematically represented in Figure 1Figure 1. The workflow highlights the three main phases of the
developed approach, i. e. the computation of the scaled solar insolation (I*, as defined in Eq.9) derived
by the Solar Cadaster of Geneva, the morphological tessellation and the consequent calculation of the
40 selected parameters for each building, and finally the analysis of the results arising from the
statistical correlations.

Phase 1
Irradiance data from the Geneva Solar Cadaster (350,000 pieces of roof)
Data sources Y
. I* calculation for each building
&% GIS data
2 (60,000 buildings) Phase 2
PR S Building footprints

Y

Marphological tessellation based on Voronoi Polygons

v

Calculation of 40 morphological features for each building

Phase 3

Correlations between [* and the 40 morphological parameters

Figure 1: Schematic representation of the developed methodology shown in a specific area of the Canton of
Geneva.

2.1  GIS data sources and case study

The present paper proposes a general methodology to evaluate the impact of urban morphology on the
rooftop solar potential for large city-scale studies. Worth noting, the developed approach is general
and it applies to any urban area and considering any benchmark in addition to rooftop insolation.

This methodology is then applied to a case study: the Canton of Geneva (46° 13’ 05" N, 6° 09’ 58" E,
Switzerland). Its total surface is 282 km? and it comprises about 60,000 buildings subdivided into 48
municipalities.

The input data to the present GIS-based analysis comprise building geometry and solar radiation
information in the form of geospatial vector data for Geographic Information Systems. One of the
most common format to handle vector data is the shapefile, which stores a set of georeferenced
attributes for each element (here the buildings), depending on the information needed. This study
involves two shapefiles retrieved from the on-line repository of the Geneva territory (SITG: Le
systeme d'information du territoire a Geneve) [32], namely Cad.batiment.hors.sol and
Ocen.solaire.irr.surface.utile. The first gathers general information about the building, such as period
of construction, belonging municipality, final use and, most important here, the building height. The
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second concerns solar radiation and geometrical information (slope and azimuth) of each piece of roof.
Figure 2 shows the two shapefiles within the QGIS environment with a non-exhaustive attribute table
of the most important information stored in each. The colour scale of Ocen.solaire.irr.surface.utile
refers to the yearly average solar insolation (kWh/m? year) received by each piece of the rooftop as
computed in [30,31] to build the Solar Cadaster of Geneva. One can note that the size of the two
shapefiles is different: Cad.batiment.hors.sol stores a set of information for each building (about
60,000 elements), whereas Ocen.solaire.irr.surface.utile is related to each piece of roof (about
350,000 elements).

Cad.batiment.hors.sol Ocen.solaire.irr.surface.utile

RoofID
Building ID
Roof siope

Building ID
Height

Municipality

Construction period

Roof azimuth

Building use Yearly ave. irradiance

Figure 2: Insight of the two shapefiles, Cad.batiment.hors.sol and Ocen.solaire.irr.surface.utile, and the relate
main attributes. Zoom on a specific area of Geneva.

3 Definition of I'*, the scaled solar insolation

As briefly outlined in the Introduction section, the key issue of the developed approach relates to the
investigation of the relationship between the building rooftop overall shading rate and the
morphological parameters. A scaled solar insolation (I*) has been introduced as a measure of the
shading level of a building rooftop. I* has been defined as the ratio between the insolation of a roof
surface within the urban context and its unshaded theoretical maximum, as a function of its slope ()
and azimuth (y). [* is a dimensionless parameter, ranging from 0 to 1, which represents the share of
theoretical maximum insolation (without any shading) that can be attained by a rooftop surface within
the urban context. The closer I* gets to 1, the lower is the building rooftop overall shading rate,
approaching the unshaded condition.

For the calculation of I*, the yearly average solar insolation (in kWh/m? year) received by each piece
of rooftop (about 350,000 elements) within the Canton of Geneva has been retrieved from the
open-access Geneva  Geoportail (SITG) [32] in the Energy section (shapefile
Ocen.solaire.irr.surface.utile). The city-scale insolation computation was carried out in the framework
of the development of the Solar Cadaster of Geneva [30,31,33]. The latter is a powerful integrated tool
involving the use of LiDAR, 2D and 3D cadastral data. The solar radiation modelling was
implemented through GIS in combination with Matlab, using the Hay anisotropic model for sky-
diffuse radiation [34] and accounting for the shading coefficients on the direct and diffuse components
[35].

For each piece of rooftop (i), having a certain slope () and azimuth (y), the dimensionless scaled solar
insolation (I*;0r) has been calculated as in Eq.999999

: Lraof(i) (1)
15, 50) =oefr__
r-::l:\f(l} IthED—rﬂ.E_"c{:ﬁ!Y}
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where Iior is the surface yearly average solar radiation (in kWh/m? year) of the i surface extracted
from the Solar Cadaster of Geneva and linco-max 1S the unshaded theoretical maximum insolation that
corresponds to the i surface, calculated from its slope (B(i)) and azimuth (y(i)). In other words,
considering a specific piece of rooftop (i), Iipeo—max{(B(i).¥(i})) can be seen as the yearly solar
radiation that would be received by this roof if it were not shaded by surroundings elements
(buildings, elements on the roof etc). Therefore a I, value of 1 corresponds to a roof that is not
shaded at all.

The calculation of Imeo-max 1S based on the well-known plane-of-array (POA) solar radiation
formulation, evaluating the incident insolation on a tilted surface (f, y) from horizontal radiation data
(transposition model) as in Eq.2

Itheo—max{ﬁi"r"} = Idtr{:i?’r-'r"} * Idiff{:ﬁf’f’} x Ireﬂ{:ﬁ} (2)

where Lair, Lairr, Iren are respectively the direct, the diffuse, and the reflected solar radiation components.
To be consistent with the calculations of the Solar Cadaster of Geneva, the Hay model has been
chosen for diffuse radiation, and the same (with respect to the Cadaster) horizontal monthly average
insolation data have been used as the input for the maximum unshaded insolation calculation. A
heuristic approach has been adopted for further validation: Iiheo-max has been compared with the
maximum insolation value (Ioormax) €xtracted from the Cadaster for each possible combination of
slope and azimuth (B, y) as in Eq.3

The main idea behind the calculation of I,...emas 1S that, considering the large number of roof
surfaces in the dataset, it could be expected that, for each possible combination of slope and azimuth,
there is at least one roof that should be unshaded so that I, o5 maxtB:¥) = Liheo—maxhB: ¥ )-

The relative error (A) between the two quantities is calculated in percentage as in Eq.4

Itheu:-—max “31 T} S ImnF—max(E’- Y} (4)

Ith £0—max {ﬁ' ‘rU"

aBv = ) 100

Worth noting, to be consistent with the abovementioned assumption, Liormax can be compared to the
unshaded condition (Iiheo-max) Only when the number of surfaces (having the same slope and azimuth
values) is sufficient to assume that at least one among them is not shaded. This condition is not always
met, typically when >40°, since highly inclined roof surfaces are less common and more likely to be
shaded from surroundings. Here, the minimum number of roof surfaces that is considered statistically
significant, and thus allowing the calculation of the error A, is set to 30. Despite the heuristic
validation has been carried out for a reduced dataset, being the calculation of Ieo-max identical for all
the surfaces, the validation process can be extended to the whole dataset. Figure 3 shows the values of
Tiheo-max (left), Ioormax (centre), and A (right), as a function of the surface slope (B) and azimuth (y). It
can be observed that the general appearance of Iico-max and Lroor-max 1S Very similar, with some punctual
differences and a greater disagreement for f>40° due to the scarcity (less than 30) of comparable
surfaces. The mean A is 3.26%, with some localized peaks of 10%, which is considered acceptable. As
expected, A is mostly positive meaning that lico-max 18 generally higher than Ilormax due to the
not-perfect unshaded conditions within the urban environment (despite the limitation set to 30
buildings).
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Figure 3: Lineo-max (left), Lroofmax (Centre), and the relative errvor A (right) as a function of the surface slope (p) and
azimuth (y)

Since the evaluation of the morphological parameters is made for each building and not for each roof,

I*yq1s introduced. It corresponds to the average area-weighted value of I*;o¢ for each building and it is

calculated as in Eq.5:

_ Yizbldraof() * Aroot(i) ®)

Bsi= =
bld E':Ehld Amuf{.l}

where Ao 1S the area of each roof surface. As all the following analyses are related to the building
elements, from now on, [*,i¢ will be simply denoted as I* for the sake of brevity. At this point it is
worth mentioning that the proposed methodology is perfectly suitable for the study of insolation
received by facades. However, this information is still not available yet at the scale of the Canton of
Geneva.

4 Morphological tessellation and calculation of urban form features

This study aims at evaluating the relationship between the building rooftop overall shading rate,
measured through I*, and the characteristics of the urban environment. A set of 40 meaningful
morphological features have been selected and calculated for each building of the Canton of Geneva.
Differently from previous studies [19-21], where the urban morphological parameters were related to
average values within a predefined reference boundary (grid or municipality), here the objective is to
obtain a non-averaged unique value for each building. Indeed, meaningful indicators should capture
not only simple geometrical attributes of one building (namely the height, surface, volume, ...) but
also its relationship with the surroundings (namely the inter-building distance, density, height
difference with neighbours, and more).

From the 60,000 building footprints and the building height information stored in the shapefile
Cad.batiment.hors.sol, a python script has been implemented to extract the selected urban metrics. To
this aim, a package named Momepy [29] has been exploited. The Momepy library is based on the
other hand on well-known python packages for GIS data analysis as GeoPandas [36], PySAL [37], and
networkX [38]. It provides several algorithms measuring six categories of features: dimension, shape,
intensity, spatial distribution, connectivity, and diversity, identified by the developers through detailed
literature research [25]. In the present study, 40 among the attributes measuring building dimension,
shape, intensity, and spatial distribution have been selected. The list of features, as well as the related
equations and description, is reported in the Appendix for the sake of conciseness. The categories of
connectivity and diversity (as defined in [29]) are not included in this research as they are mainly
related to network analysis and they are not representative for solar studies related to the resource
spatial distribution.

The dimension category concerns the basic geometrical attributes of a building (perimeter, footprint
and total floor areas, volume, longest axis length, and more), whereas the shape group includes some
shape descriptors (e. g. degree of elongation, compactness, squareness, shape index). Contrarily to the
previous categories, which are strictly related to the building geometry, the intensity category is more
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related to the urban fabric, comprising the calculation of the density. In urban studies, density is
generally defined as the ratio between the footprint area (or the total floor area) and the unbuilt space.
The calculation of the density requires the definition of a reference boundary that is often established
using a grid or by simply considering the administrative limits of a district. However, this approach
results in averaged values of a space portion, and it fails in capturing site-specific and building-related
density information. To overcome this limitation, the Momepy morphological tessellation function is
used to evaluate the “surface of influence” of each building. The tessellation cell is a geometric
derivative of Voronoi polygons obtained from building footprints. It represents the smallest spatial
unit that delineates the portion of land around each building. Through the morphological tessellation, it
is thus possible to capture the influence that each building exerts on the surrounding space as well as
the building-related density information. Figure 4 shows the building footprints and the space
subdivision into tessellation cells in a selected portion of the city of Geneva. The colour scale shows
the intensity of the built environment in terms of building Coverage Area Ratio (CAR) expressed as
the ratio between the building footprint area and the area of the related tessellation cell. As it can be
observed from the figure, the darker is the colour the greater is the proportion of the tessellation cell
covered by the building footprint, thus mapping precisely the densest areas within the urban fabric.

0.00-0.05
0.05-0.10
0.10-0.15
0.15-0.25
0.25-1.00

-
Figure 4: Building footprints and related tessellation cells of a specific area of Geneva. The colour scale is
related to the building Coverage Area Ratio (CAR)

The spatial distribution aims at capturing the spatial relationships among buildings. Each building is
influenced by its surroundings and it must be analysed within a spatial context, accounting for the
neighbouring elements. This is possible using the spatial weights, i. e. mathematical structures used to
detect the relationship between elements in the form of a binary matrix (1 = neighbours, 0 = not
neighbours). In a few words, a building neighbour is a building whose tessellation cell is adjacent to
the one under consideration as it is schematically represented in Figure 5.
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Figure 5: Schematics representation of a building (red) and its neighbours identified by the spatial weights

Once the neighbours are defined, some morphological features, such as the mean distance to

neighbouring constructions or averaged characters of the surroundings (average building height,

surface, volume, and many others on adjacent cells), have been calculated.

Finally, a set of additional morphological parameters that are not included in the Momepy library has

been considered for this specific solar-related analysis. In more detail, the areca-weighted average

rooftop slope is calculated as in Eq.6

E _ E:LE]:ll.ﬂ Bmof{:i} ' Amof{:j} (6)
Ziebld Arnnfﬁ)

where Broor, and Aroof are respectively the slope and the area of each piece of roof (i).
The average Height to Width (HW) ratio, a useful measure for urban street canyon analyses, is
evaluated through Eq.7

HW = — 1 H. (7)
NnEtEhiEﬂElghd{]}

77777

where H is the height of the reference building and the subscript ‘neigh’ refers here to the set of
neighbouring buildings. Npeign is the number of neighbours and d(j) is the distance between the
reference building and its j™ neighbour.

The distance-weighted average height difference (AH) has been also introduced as in Eq.8

—  ZieneiglH() —H) - w(j) ()
AH = a
EiEneigh“r{j}

where H(j) is the height of the j™ neighbour, and w(j) are the distance-weights for the average. Here,
w(j) is the inverse of the distances between the reference building and its neighbours (w(j)=1/d(j)),
thus giving more weight to the nearest constructions as they are expected to have a greater impact on
solar potential. Likewise, also the positive distance-weighted average height difference (AH™) is
defined, including in the calculation only the neighbours that are higher than the building itself (H(j)>
H).

Finally, the angle a, the average neighbourhood shading angle, is expressed through Eq.9
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As for AH, the positive a (") is also included considering only the neighbouring buildings that are
higher than the considered one (H(j)> H).

5 Data pre-processing

A series of pre-processing operations have been performed to set up the statistical analysis and the
correlations between I* and the morphological parameters (Mn, with n ranging from 1 to 40). First,
missing values have been checked and removed. The building dataset has been cleaned from not
significant elements, i. e. buildings having a footprint area below 20 m*> and/or a height lower than
3 m, representing approximatively the 0.03% of the total elements. In addition, when investigating the
correlations between I* and the morphological features, the outlier buildings, having height, footprint
area or tessellation area values significantly higher than the rest of the dataset, have been removed
using an Isolation Forest method implemented in a scikit-learn python package [39]. Finally, the data
related to both the scaled insolation and the urban morphology have been merged using the building
ID (named 'EGID’ in the shapefiles) thus obtaining a table of attributes, composed by the 40
morphological features plus one value of I*, for each building.

6 Results and discussion

In the following sections, the results are presented. The first two parts are related to the statistical
analysis on the distribution of I* (Section 6.1) and the morphological differences between the
buildings with respectively the lowest and highest values of I* (Section 6.2). To this aim, two groups
of buildings have been identified within the dataset through quantiles. The first one (Q10) comprises all
the buildings having a I* value lower than the 0.1 quantile, whereas the second (Qoo) is related to the
ones with I* higher than the 0.9 quantile. The morphological features of Qo (lowest I*) and Qg
(highest I*) have been analysed and compared interpreting boxplots.

Sections 6.3 and 6.4 investigate the correlations between I* and the morphological features. The
Pearson Correlation coefficients (R?) and the scatter plots between I* and each morphological feature
(M,) have been calculated and analysed to investigate the correlation between the dependent variable y
(I*) and the independent variable x (M,). In some cases, M, resulted in a non-normal distribution and,
to reduce the skewness of data and get a more linear relationship, different types of mathematical
transformations on the original dataset have been tested. Following Stevens [40], the logarithmic and
square-root transformations in some cases proved to be more effective to represent the relationship
between I* and M,. The correlation study has been carried out in the first instance on the whole
building dataset (Section 6.3), and then within the different 48 municipalities of the Canton of Geneva
evidencing the differences as a function of the urban characteristics (Section 6.4).

6.1  I* distribution over the Canton of Geneva

Figure 6 shows the histogram of the I* distribution over the 60,000 buildings. The I* values on the
x-axis have been subdivided into 50 homogeneous intervals and the y-axis represents the related
percentage of buildings with respect to the total number. As it can be observed, the I* distribution is
characterized by a negative skewness, i.e. the mass of the distribution is concentrated on relatively
high I* values.

It can be also noticed that buildings with an I* value of 1.0 are also infrequent. This mean that the
urban morphology affects most of the time the building rooftop irradiance, either by affecting the
whole building or by affecting one piece of roof of the building since I* is an average value (see Eq.5).
Nevertheless, it is worth considering that there could be slight discrepancies between the calculation of
Iiheo-max and the insolation values as computed by the Solar Cadaster of Geneva. Indeed, even if, in the
present paper, same hypothesis regarding reflections and diffusion model were made, considering the
complexity of the calculation, the results might be affected by some minor differences. However, even
by considering an uncertainty of 10% (which corresponds to a rather conservative value of uncertainty



345  with regards to the validation conducted in Section 3) it appears that more than 75% of the buildings
346  have a I* below 0.9 and can therefore be considered as partly shaded.
347
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349 Figure 6. Distribution of I* on buildings

350

351  The related cumulative distribution function of I* is shown in Figure 7. The mean I* value is 0.77 and
352 the 25" percentile is 0.69 meaning that in general, despite the overall influence of the urban
353  morphology on the solar resource, the shading levels are quite low.
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355 Figure 7: Cumulative distribution function of I* on buildings

356 6.2  Statistical analysis of the shading conditions as a function of the urban morphology

357  Figure 8 outlines a summary statistic (median and interquartile range) of the selected lower (Q0) and
358  the upper (Qo) quantiles of I* with respect to the main meaningful morphological features, whose
359  values are reported into the y-axis. In more detail, the size of the two groups is identical (both
360  represent the 10% of the total number of buildings) but Qo comprises all the buildings having an I*
361  lower than 0.55, whereas Qoo includes the ones with an I* higher than 0.93. The analysis is aimed at
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evidencing the main morphological differences between more shaded buildings (light blue, Qio) and
the less shaded ones (red, Q). Boxplots show the minimum (lower cap), maximum (upper cap),
median (box middle line), 25™ percentile (lower box limit), and 75" percentile (upper box limit) value
of the selected morphological features for the two groups.

Concerning the height (H), the footprint area (A), and the total floor area (fA), the boxplots
representing the group Qg are comparatively higher than the ones that represent Qio, meaning that
taller and bigger (in terms of areas) constructions are more likely to be less shaded. The spread of the
boxplots represents the variability of a parameter. Observing the total floor area (fA), the variability is
much lower for Qjo, meaning that in general the rooftop shading mainly affects small constructions,
with a fA typically lower than 250 m>.

The boxplots of the Volume to Facade Ratio (VFR) evidence that Qg mainly comprises constructions
that have a big volume compared to the fagade area. In other words, low-rise large buildings (with
higher VFR) are generally less shaded than the high-rise/tower-like ones. In terms of urban density, if
we refer to the building Floor Area Ratio (FAR), i. e. the ratio between the building total floor area
and the area of the related tessellation cell, it is possible to notice higher density values for less shaded
buildings (Qq). This is apparently in contrast with previous studies that evidence a negative
correlation between solar radiation and density. However, as highlighted in the Introduction, thanks to
the tessellation, here the calculation of the FAR density is not averaged within a selected area, but it is
computed within each tessellation cell, thus resulting in a building-related parameter independent from
the characteristics of the surroundings.

Contrarily, referring to the urban density as the average Floor Area Ratio of neighbouring
constructions (FAR), lower FAR values are associated to a lower shading rate, evidencing that less
shadowed buildings are mostly surrounded by low-density areas. The tendency that identifies
large-surface buildings being significantly less shaded, is also confirmed by the number of neighbours
(Nieign). One could expect that a weaker shading may be related to buildings that have a few
neighbours. However, observing le boxplot of Nyeign the results show the opposite for this case study.
This can be explained by the fact that large-surface buildings are more likely to have more
neighbouring constructions compared to tower-like or small constructions.

The average distance with neighbouring constructions (d) seems not significant to detect the
differences between Qo and Qoo, as it fails in capturing any information about the size (both in terms
of height and area) of the surrounding building. In contrast, as expected, the average height of the
building neighbours (H) shows a small variability and comparatively lower values for less shaded
building (Qoo).

Finally, as expected, the height difference with surrounding constructions (AH) is mostly positive for
more shaded buildings, i. e. neighbours are higher than the building itself, whereas it is negative or
near to zero for the less shaded ones.

11
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Figure 8: Boxplots of Q10 (light blue) and Qo (red). Boxplots show the minimum (lower cap), maximum (upper
cap), median (box middle line), 25th percentile (lower box limit), and 75th percentile (upper box limit).

6.3 Correlation study

As briefly outlined in Section 5 a series of data cleaning and pre-processing operations have been
performed before investigating the correlations between I* and the morphological features (My).
Figure 9 shows the detection, through the Isolation Forest method, of the removed outliers for the
footprint area values. Each marker represents one building, labelled through its ID number (ranging
from 0 to 60,000) on the x-axis and the colours identify the inliers (grey points) and the outliers (red
triangles). The same procedure has been applied also for the height and the area of the tessellation cell,
the diagrams are not displayed for the sake of conciseness. As a result, a total of about 150 outlier
buildings have been removed from the dataset before performing the correlation analysis. The aim of
such a pre-treatment operation is to exclude specific buildings with uncommon characteristics in the
statistical analysis in order to reduce the induced bias.
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As a preliminary analysis to investigate the relationship between I* and the 40 morphological features
(M,) here considered (see Appendix), the calculation of the Pearson correlation coefficients (R?) has
been performed on the whole dataset. Table 1 shows the R? values between I* and each morphological
feature of the present study. The results are sorted in descending order of R? absolute value with rows
and columns. The markers next to the parameter name specify if the R? value is the result of a log-log
(1 1) or square root (1) transformation, in case one of the two provided higher correlation coefficients
in absolute value compared to the not-transformed data. The parameters related to the height
difference between buildings (AH, AH*, o, a') and the building rooftop average slope (B) shows
moderate (0.39-0.45) correlation coefficients. On the contrary, all the other spatial metrics related to
dimension, shape, density, and spatial distribution have very low or no significant correlations with I*.
As a general comment, the parameters related to the building shape are the ones that exhibit the worst
correlation coefficients at it was expected.

Table 1: Pearson correlation coefficients considering the whole building dataset

AH -0.45 | FAR -0.17 | Cco (1) 0.09 | Awss(t1) 0.07
AH(h) 043 |[Pin) 0.16 | FrD (1) 0.09 | d(tt) 0.06
E -0.39 | LaL (t1) 0.15 | fA(++) -0.09 | Ali -0.06
a -0.25 | FAR (t1) 0.14 | LaLiess (t1) 0.09 | Sqco 0.05
o -0.25 | Rug(+t) 0.14 | V() -0.08 | A1) -0.04
Vit 021 |H -0.12 | Elo(t+1) 0.08 | Rec 0.04
fA (1) 0.20 | CAR -0.11 | Squ(tt) -0.08 | CovA (tt) 0.03
VEFR (1) 0.20 | Nueign (1) 0.11 | FoF (t1) -0.08 | SWR(+1) 0.03
Htt) 0.20 | Adj(tt) 0.11 | CAR(+1) 0.08 | A (1) -0.01
At 0.18 | Shldx (tt) 0.09 | HW (t1) 0.07 | ERI 0.01
(1) Square root transformation

(1) Log-log transformation

Despite the low correlation values, observing the scatterplots representing the relationship between I*
and the morphological parameters, in some cases a “triangular” pattern can be noticed. More precisely,
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for the parameters related to the building dimension (namely A, H, V, P, fA, VFR, Lal), called My dim
for brevity, it is possible to define a relationship of the type "> a-M,g5m+b (or
log(1*) > a- lng{Man;m} + b in case of log-log transformation) through a quantile regression. Figure
10 shows the scatterplot between I* (y-axis) and V (x-axis) after the log-log transformation. As it can
be noticed, the variability of log(I*) is so high for lower log(V) values, that the linear correlation
between the two, represented by the black regression line, is unsuitable to describe the data. On the
other hand, performing a quantile linear regression by considering the 0.01 quantiles of data (red
points) it is possible to define a regression line (red line) with R>=0.87. Despite it is not possible to
predict I* based on M, ¢im, using a quantile linear regression it is possible to define the most probable
range of I* values corresponding to a selected My gim Value. Worth noting that the same considerations
presented for V apply to the other dimensional features of the building (A, H, P, fA, VFR, LaL)).

Log(I*)

2.0 2.5 3.0 35 4.0 4.5 5.0
Log(V)

Figure 10: Scatterplot between log(I*) and log(V). The black line represents the linear regression line and the
red line is related to the linear quantile regression line based on 0.01 quantiles (red points).

6.4  Correlation analysis by municipality

The Canton of Geneva is a rather heterogeneous territory, composed of 48 municipalities, some being
small rural municipalities, others being part of the urban area of the Geneva city itself. By analysing
the average morphological features characterising each of the 48 municipalities of the Canton of
Geneva, some evident differences can be noticed. In particular, four out of the 48 municipalities
appear overscale both in terms of building size and of built density. The four municipalities
correspond to the city centre district, having a denser urban morphology compared to the more open
residential suburbs. Figure 11 shows the boxplots related to the building volume (V) and the building
Floor Area Ratio (FAR) for each municipality, evidencing in red the four municipalities that
correspond to the Geneva city centre.
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Figure 11: Boxplots of V and FAR of the 48 municipalities of the Canton of Geneva. The city centre districts are
highlighted with red boxes.

The linear Pearson correlation coefficients have been calculated considering a reduced dataset of
buildings, including only the four city centre municipalities. The results are reported in Table 2. As it
can be observed, in this case, the correlations between I* and the morphological parameters are higher.
As in the previous case, the most relevant parameters to describe I* are the ones related to the height
difference with surrounding buildings (R? about 0.6). Additionally, also some building dimension
features (namely H, fA, V, FoF, VFR, A) show moderate correlation coefficients towards I*
(0.32-0.53).

Table 2: Pearson correlation coefficients considering the 4 city centre districts

AH (1) -0.60 | A (t1) 0.29 | Shldx () 022 |Hn 0.12
AH* () -0.58 | LaLies (1) 0.28 | FrD(+1) -0.21 | FAR 0.11
H(t1) 0.53 |d(h) 0.27 | Elo (+1) 0.20 | Rec 0.09
fA (11) 0.47 | FAR (+1) 0.27 | HW (1) 020 | Squ(tt) -0.09
Vi(tt) 047 |P(t1) 0.26 | CovA (tt) 0.20 | Actt) 0.08
FoF (t1) -0.38 | Adj (1) 025 | Aee (11) 0.17 | Vit 0.07
VFR (t1) 0.35 | Rug(+t) 0.25 | CAR 0.17 | fA(t1) 0.07
a -0.32 | B -0.25 | CAR 0.15 | ERI 0.03
A(tt) 0.32 | LaL(tt) 0.24 | Sqco (t) 0.15 | SWR (1) 0.03
at -0.31 | Cco (1) 0.23 | Nieigh (1) 0.12 | Ali(t) 0.02
(1) Square root transformation

(11) Log-log transformation

The most meaningful correlation is shown in Figure 12, representing the scatterplot between I* and the
building average height difference with surrounding (AH), after the square root transformation, as well
as the regression line with the related equation. In general, the greater is the height difference with the
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surroundings, the lower is the I* value, meaning that the buildings are more likely to be shaded by the
neighbouring constructions.

04 y=-0.1x+0.9
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AH
Figure 12: Scatterplot between I* and AH after the square root transformation. The black line represents the
linear regression line.

The results arising from this correlation study evidence that some tendencies and meaningful
information about rooftop shading conditions, and more in general on solar radiation analyses, can be
extracted through detailed urban morphological studies. However, for most of the selected parameters
the correlation coefficients are not sufficient to suggest accurate predictive models. The features
related to the building dimension and the height difference with the surrounding constructions are the
most useful to investigate the overall rooftop shading rate and they provide interesting qualitative
considerations both for researchers and planners. Contrarily to solar radiation on fagades [19-21], the
analysed density-related parameters do not show meaningful relationship towards solar radiation
conditions. On the other hand, as it has been presented for the four downtown municipalities, the
density is a meaningful measure of the impact level of urban morphology on shading conditions. The
higher is the built density, the grater is the effect of surrounding constructions of rooftop solar
radiation.

7 Conclusions and perspectives

In this paper we propose a new general methodology to investigate the relationship between rooftop

insolation and urban morphology. A comprehensive statistical analysis has been performed with

respect to rooftop solar producibility related to the Canton of Geneva, Switzerland. About 60 thousand

buildings have been considered for a detailed analysis based on 40 urban morphological parameters.

The selected morphological features refer to building dimension, shape, interbuilding geometrical

parameters as differences in height, distance, land area occupancy whose values have been calculated

thanks to a Python Authors’ code able to process GIS-data.

The independent variables (the urban morphological parameters) have been statistically processed

versus the dimensionless insolation, defined in the present study as the ratio of the Solar Cadaster

previously calculated insolation values and the unshaded insolation per roof portion.

In the present studies it is showed that:

- Within the studied area, more than 75% of the buildings is partly shaded. On the other hand,

75% of the buildings receive more than 69 % of the solar insolation that they would receive if
they were not shaded.
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- The most shaded buildings (0.1 quantile) and least shaded (0.9 quantile) feature significantly
different morphological characteristics. The least shaded ones are more likely to be low-rise
large buildings (with big surfaces) rather than high-rise/tower-like constructions, as it could be
expected.

- At the scale of the Canton of Geneva, correlations between the scaled irradiance and the
morphological are rather low, reaching a maximum R? of 0.45 for AH. However, analysing the
municipalities, correlations are significantly improved for dense urban patterns (city centre),
with R? coefficient that can reach up to 0.60.

- In general, the morphological parameters that exhibit the best correlations are the ones related
to building dimension and interbuilding height difference, in particular referring to the city
centre municipalities. On the contrary, the features related to density and building shape have
low or irrelevant correlation coefficients.

- In some cases, according to the heterogeneity of the large dataset, correlation coefficient may
not appear as the most relevant indicator. Instead, a correlation of the lowest quantiles can
appear to well represent the dataset with correlation coefficient by up to 0.87.

In order to pursue the proposed approach, it would be interesting to apply it to other territories with
different weather, latitude as well as urban morphology. However, this requires the access to large data
set of rooftop irradiance, which unfortunately is not common to find in open-access.

As mentioned earlier, it is also worth mentioning that the proposed methodology can be applied to any
type of urban surface, including vertical fagades. The latter would be extremely interesting since these
surfaces are more likely to be sensitive to shadings from surroundings.

Finally, the proposed approach is not limited to solar analysis. Indeed, it can be applied to any type of
variable related to the urban microclimate such as, for example pollution, or temperature.
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8 Appendix
Name Description Cat | Symbol Equation Unit
Building o .
height Building height D H - [m]
Building area Building footprint area D A - [m?]
Total floor area of the
Building total | building, i.e. footprint area N = g )
floor area multiplied by the number of b fA eSS (]
floors (n° floors)
Building Building volume D| Vv V=A-H [m’]
volume
Bu.lldlng Sl%m.of lengt}}s of the D P i [m]
perimeter building exterior walls
Building Diameter of the minimal
longest axis | circumscribed circle around | D LaL - [m]
length the building footprint
Building Ratio between building v
volume to volume and the total area of | D VFR VER = —— [m3/m?]
facade ratio facades P-H
Building Statistical index of the 2log(P/2)
fractal molexity of a seomet D FrD FrD=——7—
dimension complexity ot a geometry log(2)
Quantity representing the
o 3D unitless shape W
Bull?;girform characteristics of a building | D FoF FoF = 7 [-]
envelope unbiased by the () =3
building size
Tesscllation Area of the tessellation cell | D Avess - [m?]
area
Tessellation Diameter of the minimal
longest axis | circumscribed circle around | D | Lalies - [m]
length the tessellation cell
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Index of the similarity of a

Building shape with a circle. It is
circular based on the area of the Cco Cco=— [-]
compactness minimal enclosing circle A
(A
le:lllilrrég Measure of the compactness Sqco (4-...@ 2 [
of the building footprint Sqco = T)
compactness
Mean deviation p of each i
Building corner of the building from S E?i"fr i
squareness 90 degrees. N¢or is the q Squ = N [-]
number of corners ==
Index of the similarity of a
shape with a rectangle. It is
Building based on the area of the Rec Rec — A ]
Rectangularity | minimal rotated bounding Raivnt
rectangle of the building
(Amgr)
Building shape | Shape index of the building E
index footprint Shldx Shidg —_ Y% -]
0.5-LalL
Measure of shape
Building complexity based on the
rzcg:;\;alent area of the minimal rotated ERI ERI= | A Pusr ]
gular bounding rectangle of a . Ben - P
index building (Amgr) and its
perimeter (Pumgr)
Measure of the deviation of
the building shape from a
- square based on the length
eﬁ:ﬁ;ﬁfn of the minimal rotated Elo Elo = Lyss [-]
bounding rectangle of a MBR
building (Lmgr) and its
width (lMBR)
Coverage area Ratio.between the building A
ratio footprint area and thf% area of CAR = % [-]
the related tessellation cell BEs
Ratio between the building
Floor.area total floor area and the area FAR R fA (]
ratio of the related tessellation Aose

cell
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Ratio between the building

Rugosity volume and the area of the | 1 Rug Rug = A [m3/m?]
related tessellation cell Bes
Shared walls | Ratio between the length of
ratio of the perimeter shared with Pehared
adjacent adjacent buildings (Pshared) SD | SWR s P ¥
buildings and the building perimeter
Number of Number of neighbouring '
neighbours buildings SD | Neeigh i [-]
Mean deviation of solar _
Alignment orientation (devsol) of SD Ali Noiok deve, (i) [-]
neighbouring buildings PEIEY jeneigh
Ratio between the number
g of joined adjacent structures T
;‘.ﬁiﬁ‘f (Nacighjoin) and the number of | SD | Adj Agj = =R [-]
! y neighbouring buildings neigh
(Nneigh)
Mean inter- | Mean distance between the _ 1 _
building building and the adjacent | SD d d= Npoioh d(j) [m]
distance buildings MEIEY jeneigh
Mean Mean coverage area ratio of 1 _
coverage area | the neighbouring tessellation | SD | TAR | CAR = N CAR(j) []
ratio cells ReiEh; Cmieh
Mean floor Mean floor area ratio of the
. neighbouring tessellation | SD | FAR =i Z FAR()) [-]
area ratio neigh . -
cells jEneigh
Total area covered by the
Covered area building itself and its SD | CovA CovA=A+ Z Al [m?]
neighbours jeneizh
Average Mean footprint area of _ 1 _
verag building neighbouring | SD | A& A= Z A() [m?]
building area . Noeigh . &
constructions jeneigh
'Ayerage. Mean he.lght of bulldlpg D b H= = H(j) [m]
building height | neighbouring constructions neigh . _&—
jeneigh
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548

Average . g [ 1
building Mean he.lght of bulldlpg D % V= V(i) ]
neighbouring constructions Nnelgh T
volume jEneigh
Average Mean total floor area of _ .
building total building neighbouring SD fA fA = Neri FA(]) [m?]
floor area constructions '8 jeneigh
Average Mean tessellation area of 1 B
tessellation building neighbouring SD | A.... Atecs = T Z Areee (1) | [m?]
area tessellation cells neigh; Crigh

D=dimension
S=shape
I=intensity

SD=spatial distribution
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