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ARTICLE INFO ABSTRACT

Keywords: Urban morphology examines city spatial configurations and plays a pivotal role in urban design and
3D urban morphology sustainability. Morphology metrics are essential for performance-driven computational urban design (CUD),
Digital urban design which integrates the automatic generation of urban form and the evaluation and optimisation of urban

Urban form representation
3D model retrieval
Self-organising map

performance. Although form generation and performance evaluation both rely on morphology metrics (e.g.,
floor area ratio), they are rarely unified into one workflow. Typically, form generation methods follow
one-directional metric-to-form logic, whereas performance evaluation methods adopt the inverse form-to-
metric logic. As a result, morphology metrics are often used in isolation within each method, limiting their
applicability across both processes. To address this gap, approaches that can support bi-directional workflows,
namely, simultaneous form-to-metric and metric-to—form, have the potential to combine and exchange results
from both sides. The methodology introduced in this paper, which we refer to as bi-directional mapping,
enables the formulation of sets of morphology metrics derived from form and then enable metric-to-form
translation. We present approaches to formulate metric sets composed of indicators related to urban form
and performance to characterise complex urban form and support performance evaluation. The metric sets
can be derived from different cities, with 3D urban models of New York City as a demonstration in this
study. Artificial neural networks are used to cluster 3D models and encode morphology metrics, enabling the
generation of diverse urban models through case retrieval. Additionally, the effectiveness of the metrics in
representing 3D city blocks is evaluated through comparative analysis. Our methodology identified metric sets
that can comprehensively characterise 3D city blocks and enable effective retrieval for generating similar urban
models. This improves performance-driven CUD towards sustainable urban design and planning.

1. Introduction Morphology metrics, quantifiable representations of characteristics
of urban form, are fundamental to understanding the urban morphol-

Urban form, or the spatial structure of cities, is typically examined ogy of the built environment and enabling urban form generation and
as the physical spatial configuration within urban spaces (Chiaradia,
2019; Kropf, 2009; Lynch & Rodwin, 1958). Urban morphology, the
study of urban form, focuses on how the physical form and structure of
cities are shaped and organised. It examines the patterns and layouts

performance optimisation in computational urban design (CUD) (Dib-
ble et al., 2019; Zhang et al., 2023). Morphology metrics that are
widely used in urban form studies, such as floor area ratio, sky view

of buildings, open spaces, streets, and other elements that make up factor, and others, have been used to assess solar and energy ef-
the built environment (Kropf, 2018; Moudon, 1997; Ratti et al., 2003; ficiency (Chatzipoulka et al., 2018). Researchers use different sets
Scheer, 2016). Urban morphology studies support the evaluation of of morphology metrics to investigate the relationship between ur-
urban performance, such as microclimate, heat and energy, mobility ban form and sustainability outcomes, such as urban ventilation, air
resilience, and the entire socio-economic and technological fabric of pollution, urban heat island (UHI), transportation mode and more (Gal-

urban systems (Bramley & Power, 2009; Lee et al., 2016; Mashhoodi &

ster et al., 2001; Li et al., 2022; Liu et al.,, 2017; Rybarczyk & Wu,
Unceta, 2024; Rode et al., 2014; Zhou et al., 2022).
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Abbreviation

CUD Computational Urban Design
SOM Self-organising map

UMI Urban morphology indicator
OSM Open Street Map

PCC Pearson correlation coefficient
BMU Best matching unit

2014; Yin et al., 2018; Zhang et al., 2023). Consequently, morphol-
ogy metrics are essential in automatic generation of urban form and
evaluation and optimisation of urban performance, which are the three
main components of performance-driven computational urban design
(CUD) (Koenig et al., 2020; Shi et al., 2017; Zhang et al., 2024).

Although form generation and performance evaluation both rely on
morphology metrics, they are rarely unified into one workflow. Typi-
cally, in performance-driven CUD workflow, form generation methods
follow one-directional metric-to-form logic, whereas performance eval-
uation methods adopt the inverse form-to-metric logic. As a result,
morphology metrics are often used in isolation within each method,
limiting their applicability across both processes. A key challenge is
translating the morphology metrics into diverse urban form, especially
in the performance evaluation process. Consequently, the absence of
the metric-to-form workflow hinders translating optimised morphology
metrics derived from the performance evaluation solution space to the
generation of improved complex urban form (see Fig. 1 the disconnect
metric-to-form direction). As shown in Fig. 1, ideally the performance-
driven CUD process should operate as multiple iterations of exchanging
results between metric and form. One iteration begins with the initial
urban form, followed by derive morphology metrics from the form,
then followed performance evaluation based on its morphology metrics.
Then optimised morphology metrics are identified through optimisa-
tion engines to enhance performance. These optimised metrics are
subsequently used to generate improved urban forms, enabling iterative
refinement and continuous integration between performance evalu-
ation, optimisation, and form generation. However, when optimised
morphology metrics cannot be translated to generate corresponding
3D urban form models — primarily the absence of the metric-to-form
workflow — it becomes challenging to produce urban form models
based on these optimised metrics

Currently, two main approaches generally attempted to address
the gap mentioned above. The first approach involves using para-
metric design variables as alternative representations of urban form,
which facilitates the generation of urban form (see Fig. 1). Several
works manipulate the urban form using design variables from simpli-
fied geometries or predefined prototypes to generate synthetic urban
forms (Gagne & Andersen, 2012; Kampf & Robinson, 2010; Panao
et al., 2008; Vermeulen et al., 2013; Yi & Kim, 2015; Zhang et al.,
2019). The corresponding morphology metrics are subsequently calcu-
lated from these generated forms and used for performance evaluation.
Through iterative adjustments of the design variables and repeated
execution of this process, optimised urban form is identified (Choi
et al., 2021; Gagne & Andersen, 2012; Pando et al., 2008; Vermeulen
et al.,, 2013; Yi & Kim, 2015). However, while this method produces
an optimised urban form driven by performance, the generated urban
form is limited to simplified prototypes, which is insufficient to capture
the complexity of real-world urban environments. The second approach
addresses the complexity of urban form by incorporating existing cases
from the built environment or urban design proposals. In this method,
morphology metrics related to urban performance are calculated from
existing models, allowing the performance evaluation of the urban form
studied (Kampf & Robinson, 2009; Rode et al., 2014; Yu et al., 2015).
However, while this approach can deliver optimised metrics that can
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enhance urban performance, it does not facilitate the generation of
optimised urban models based on these metrics. As a result, it limits
the automation of the whole process.

The two primary approaches still present a trade-off: they can
achieve either an automated optimisation process or urban form com-
plexity, but not both simultaneously. They have provided workarounds
to address the gap; however, they do not fully resolve it. The work
presented in this paper attempts to address this gap. The gap arises from
the fact that, in performance-driven CUD, while morphology metrics
are used for performance evaluation and optimisation, the optimised
metrics cannot be effectively applied to generate corresponding im-
proved urban form models. We argue that the gap fundamentally stems
from the absence of metric-to-form approaches to translate morphology
metrics into diverse urban form. Therefore, it is crucial to develop
systematic methods which has the capacity to support bi-directional,
metric-to-form and form-to-metric logics to combine form generation
and performance evaluation methods and exchange results between
them. While quantifying 3D urban form is more straightforward when
morphology metrics are identified, by further establishing a robust
metric-to-form connection, it enables a true bi-directional mapping —
both form-to-metric and metric-to-form processes. This bi-directional
mapping can ultimately bridge the gap between performance opti-
misation and urban form generation, advancing computational urban
design.

To establish the bi-directional mapping methodology between mor-
phology metrics and urban form, two aspects are essential: (1) formu-
lating metric-to-form where morphology metrics can both characterise
complex urban form and support performance evaluation, and (2) de-
veloping a systematic methodology to enable metric-to-form workflow.
Approaches are needed to both formulate these metrics and evaluate
their effectiveness in representing urban morphology, particularly for
3D urban models. More importantly, the approaches must enable form
generation based on input morphology metrics to align with the desired
urban form types. They should also address the complexity of urban
forms by generating 3D models that are consistent with the intended
types and exhibit sufficient richness and diversity.

A set of morphology metrics, which is a combination of multiple
urban morphology indicators (UMI), should be a meaningful measure-
ment of urban form, depicting shape complexity, measuring relative
richness and diversity, and quantifying aggregation and contagion (Dib-
ble et al., 2019; O’Neill et al., 1988). The complexity of the character-
istics of the urban form cannot be encapsulated in a single morphology
indicator nor in the sheer number and diversity of indicators. There
are UMIs that describe various urban units, including streets, plots,
buildings, and open spaces (Elzeni et al., 2022). They vary in scales
including landscape, surface, urban canopy, and buildings (Biljecki
& Chow, 2022; Li & Zeng, 2024). Therefore, further investigations
are needed to formulate effective morphology metric sets for complex
urban form characterisation.

A city block is an important unit for understanding and interpreting
urban design. City blocks are the spaces for buildings within the street
pattern of a city and form the basic unit of a city’s urban fabric.
The characterisation of 2D urban morphology has been extensively
investigated (Biljecki & Chow, 2022; Labetski et al., 2023) and applied
in topics such as changes in urban pattern (Herold et al., 2002) and
regionalisation (Yang et al., 2022), extraction of morphological fea-
tures (Cai et al., 2021) and urban form-energy relations (Mashhoodi &
Unceta, 2024). However, the morphology metrics evaluation methods
in representing such block-scale building combinations, particularly
3D models, have not been fully discovered. The urban morphology
on the block scale contains a group of buildings rather than a single
architectural element (Berghauser Pont & Haupt, 2021) and the char-
acteristics of the block environment have significant effects on energy
efficiency (Wan et al., 2024). Beyond 2D information, the vertical
dimensions plays a crucial role in comprehensive urban morphology
representation (Yang et al., 2022). Therefore, we need approaches to
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Fig. 1. The general workflow of performance-driven computational urban design includes urban form generation, performance evaluation and optimisation. It shows the location

of the disconnection between performance evaluation and urban form generation.

evaluate the effectiveness of morphology metrics in representing the
morphology of 3D block-scale buildings. These approaches need to
be flexible and adaptable when applied to urban blocks of different
regions.

Clustering — the unsupervised machine learning technique — is a
data-driven approach that has been widely applied to analyse spatial
data and urban form, improving our understanding of city structures.
By classifying patterns in urban form, clustering methods can help iden-
tify different built environments, support urban planning, and inform
sustainable design strategies (Li & Li, 2024). Researchers have explored
various clustering techniques for urban form analysis, including block-
scale morphology and 3D building structures (Cai et al., 2022; Li &
Quan, 2023; Qu & Ma, 2023; Zhao & Gou, 2023). Although most urban
form clustering studies are descriptive and analytical, a few research
have applied clustering approaches to differentiate 3D morphology and
enable case retrieval based on morphological similarity, but limited in
individual buildings (Labetski et al., 2023). Clustering is effective in
classifying urban form and has the potential to retrieve and generate
diverse block-scale 3D models based on abstract morphology metrics.

We propose systematic methodology that addresses the challenge of
translating morphology metrics into diverse urban models, through for-
mulating effective morphology metrics and establishing bi-directional
mapping between the metrics and form. Our systematic workflow
can derive city block morphology metrics from 3D models to simul-
taneously improve the characterisation, generation, and performance
evaluation for urban form. Meanwhile, our approaches can evaluate
the effectiveness of morphology metrics in representing form char-
acteristics through comparisons. We demonstrate it with 3D urban
data from New York City, including 14 248 blocks. The self-organising
map (SOM) is used to cluster and encode the block-scale 3D models.
Allowing the flexible retrieval of diverse 3D models according to the
input morphology metrics of the target urban form, enhance the bi-
directional mapping morphology metrics and 3D urban form models. In
this study, we identified effective morphology metrics to characterise
3D city blocks in our data set by comparing multiple sets. As a result,
our identified morphology metrics not only effectively represent the
complexity of block-scale 3D urban models, but also support the gener-
ation of diverse 3D models that align with intended urban form types.

Additionally, the methodology is generalisable, allowing the adap-
tations and applications across varied contexts. The approaches can
further enable the generation of improved urban form models through
optimised morphology metrics linked to improved performance.

The remainder of the paper is structured as follows. Section 2
provides an overview of the literature on existing urban morphology
metrics, their applications in the generation and evaluation of urban
form, and the inherent challenges. Section 3 presents our methodology
for the construction of 3D block-scale urban morphology indicators
and clustering based on metric sets. Section 4 demonstrates how our
methodology can be applied for retrieving 3D urban models based on
morphology metrics derived from provided urban form, as well as eval-
uating the effectiveness of the metric sets. Finally, in Sections 5 and 6,
we summarise key contributions, acknowledge remaining limitations,
and outline directions for future work.

2. Background and related work
2.1. Performance-driven urban form generation

Urban form, or the spatial structure of cities, is typically exam-
ined as the physical configuration of various elements within urban
spaces (Batty, 1976; Kropf, 2018; Lynch & Rodwin, 1958). Urban
form demonstrates significant correlations with urban performance,
for instance, it impacts micro-climates, thermal and energy dynam-
ics, mobility resilience, and the broader socio-economic-technological
structure of urban systems (Anderson et al., 1996; Bramley & Power,
2009; Chiaradia, 2019; Lee et al., 2016; Zhou et al., 2022). Urban
form generation, one of the main topics in computational urban de-
sign, provides systematic approaches to produce design solutions and
accelerate urban design decisions and processes by using computa-
tional tools (Batty, 1991; Jiang et al., 2024; Wilson et al., 2019).
The urban form generation process involves modelling methods of
representing and quantifying urban forms to be machine-readable and
computable, and optimisation methods to evolve the urban forms to
meet pre-defined goals (Jiang et al., 2024; Miao et al., 2018).

Quantified measurements of urban forms, which are associated with
urban form characteristics, are essential for performance-driven ur-
ban form generation, especially for urban environmental performance
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evaluation and optimisation. One of the advantages of performance-
driven CUD workflow is to enable the automatic generation of sustain-
able urban spatial configurations by optimising design solutions based
on environmental metrics (Canuto et al., 2024; Koenig et al., 2020).
Researchers have developed various computational and parametric
computer-aided design tools for urban form generation, performance
evaluation, and performance-driven optimisation (Shi et al.,, 2017;
Zhang et al., 2024). During the process, researchers use a variety of
urban morphology metrics to measure the characteristics of urban form
in different aspects and contexts (Zhang et al., 2023). The relation-
ships between urban form and environmental performance have been
investigated from various perspectives. Morphological metrics have
proven effective in analysing sustainable outcomes. A broad spectrum
of research has leveraged urban morphology metrics, such as site
coverage (Li et al., 2024), sky view factor (Li et al., 2022; Ratti et al.,
2003), built volume (Rode et al., 2014), building height (Li et al., 2024;
Yi & Kim, 2015), height-to-width ratio (Elzeni et al., 2022), and others
to analyse, predict, and optimise environmental performance metrics
such as walkability (Rakha & Reinhart, 2012), thermal comfort (Yu
et al., 2015), solar efficiency (Li et al., 2024; Rode et al., 2014), urban
ventilation (Li et al., 2022) and so on. Urban morphology metrics
are central to performance-driven urban design as they serve as a
crucial link between urban forms and performance evaluation and
optimisation.

In performance-driven computational urban design, the connections
between urban form to morphology metrics are mostly form-to-metric
one-way links, hindering the fully automated process of performance-
driven urban form generation, as illustrated in Fig. 1. The gap is
typically addressed through two main approaches.

Firstly, researchers incorporate parametric approaches for manipu-
lating urban forms. Design variables are identified according to prede-
fined prototypes which are simplified geometries to generate synthetic
urban models. An example of replicating a specific urban form is to
simulate morphology, and building structure form using shape gram-
mar, translating the properties and their interrelationships to geometric
rules (Mandi¢ & Tepavcevié, 2015; Wang et al., 2020). Li et al. (2024)
generated simplified block-scale urban forms based on grids and linked
solar performance with urban form metrics such as floor area ratio
(FAR) and site coverage (SC). It enables the integration of form genera-
tion, solar simulation, and optimisation for multi-objective solar perfor-
mance. Shen and Ye (2024) utilised cellular automata for synthesising
simplified layouts that compiled 3D grids, enabling a form generation
process that can be integrated with daylight performance simulation
and generic optimisation to produce housing layouts. Zhang et al.
(2019) focused on generating blocks based on six typology categories
(e.g. blocks with towers, courtyards), and then morphological metrics
(e.g. Open Space Ratio (OSR), Roof-to-envelope area ratio) derived
from these synthesised blocks are used to identify the impacts of design
factors on solar potential and energy performance (Zhang et al., 2019).
The process incorporates optimisation methods whereby iterative ad-
justments of design variables and repeated execution yield a solution
space that aligns with predefined performance objectives, thereby con-
tributing to the generation of optimised urban forms (Koenig et al.,
2020; Stouffs & Rafig, 2015). However, while this method produces
performance-driven optimised urban models, these models are lim-
ited to simplified prototypes, insufficient to capture the complexity of
real-world urban environments.

Secondly, the other approach addresses the urban form complexity
by utilising cases from the built environment, where the urban form is
more realistic and complex with diverse variants. Zhou et al. (2022)
extracted morphological metrics such as sky view factor (SVF) and
building surface fraction (BSF), from the built environment. Research
shows that morphological metrics significantly affect land surface tem-
perature (LST) at the local scale. Li et al. (2022) assessed the outdoor
ventilation conditions that can be tightly correlated with the sky view
factor (SVF). Indicators like floor area ratio (FAR), building density
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(BD), and street network density provide insights into land use ef-
ficiency and urban sprawl (Tsai, 2005). Through an analysis of the
built environment in Nanjing, Li et al. (2025) examined eight morpho-
logical indicators, such as floor area ratio (FAR), block surface ratio
(BSR), alongside year-round solar radiation simulations. Their findings
revealed strong correlations between morphological indicators and so-
lar performance metrics. Zhou et al. (2024) employed multi-objective
optimisation approaches based on morphology indicators derived from
the built environment, generating optimised performance outcomes
(e.g., surface temperature, humidity). However, their work was lim-
ited to descriptive recommendations for morphological improvements,
rather than generating optimised urban form. Another similar study is
from Yu et al. (2015), where building layouts were used in a multi-
objective optimisation model for green building design. While the study
identified optimal energy consumption levels and improved indoor
thermal comfort, alongside key building design variables (e.g., floor
area, window-wall ratio), it did not extend to generating optimised
building layouts.

Similar challenges have been encountered in other studies attempt-
ing to link morphological parameters to the studied 3D urban forms,
despite the availability of various optimisation methods (e.g. Kampf
& Robinson, 2009; Rode et al., 2014; Zhang et al., 2024). Conse-
quently, investigations using complex real-world urban form can yield
insights into optimised morphological parameters with enhanced per-
formance outcomes, but lack providing improved urban forms that can
directly inform design decisions. Therefore, to support the automated
performance-driven urban form generation, it is essential to formulate
morphology metrics that can both effectively characterise urban forms
and enable the metrics-to-form generations.

2.2. Urban morphology metrics

Multiple representations, quantifications and parameters are utilised
towards computational design for modelling and simulating (Batty,
1976; Jiang et al., 2024). As the main components of the 3D urban
morphology, buildings are arranged in various configurations through-
out cities, creating diverse morphologies (Liu et al., 2020, 2014). Each
building possesses distinct physical attributes, such as height, area,
volume, and outline. These unique characteristics collectively influence
the overall 3D urban morphology of a region. Hence many efforts have
been made to develop morphology metrics for characterising, analysing
and understanding spatiotemporal patterns of the built environments.

Multi-disciplinary investigations for quantitatively analysing and
representing urban form characteristics vary in methods and scales (Li
& Zeng, 2024; Zhang et al., 2023). Urban form can be quantified and
represented by urban morphology metrics using measurements from
various aspects — distribution of buildings, streets, and open spaces.
With the explosive growth of information technology and available
multi-source data, researchers from multiple disciplines have developed
various approaches for quantifying morphology, including shape gram-
mar approaches, spatial analytical approaches, ML-based approaches
and urban morphological metrics (Biljecki & Chow, 2022; Kropf, 2018;
Li & Zeng, 2024). Researchers have investigated comprehensive lists
of UMIs with multi-scale measures through systematic literature re-
views (Biljecki & Chow, 2022; Li & Zeng, 2024). Morphology metrics
can represent the complexity, relative richness and diversity of urban
forms. By employing a variety of spatial metrics, researchers can assess
the compactness, connectivity, and complexity of urban environments,
which in turn inform planning and policy decisions (Lowry & Lowry,
2014).

Researchers have explored various approaches to linking morphol-
ogy metrics with urban form. A range of morphology metric sets has
been developed for urban form quantification, classification, cluster-
ing, and prototyping (Schirmer & Axhausen, 2016), primarily follow-
ing a form-to-metric method. Traditional urban morphology metrics
were widely used to quantify two-dimensional spatiotemporal patterns.
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Berghauser Pont and Haupt (2021) developed Spacemate with a focus
on various types of density on the urban block such as compactness
(FAR), the coverage (BD), spaciousness: open space ratio (OSR), net-
work density and the average number of storeys (Berghauser Pont
& Haupt, 2005). Spacemate is widely recognised in academic and
research fields, particularly in urban form classification, density anal-
ysis, and typology comparisons. Yet it is mainly used to classify and
understand urban form density, and its computational effectiveness
has not been evaluated. Vertical information in urban morphology has
been underscored to advance three-dimensional spatial pattern analysis
based on new data sources and techniques (Liu et al., 2020). For
instance, OpenStreetMap (OSM) is an open digital mapping database
created through crowdsourced and volunteer-contributed geographic
information, including buildings and infrastructure worldwide (Biljecki
et al., 2023; Herfort et al., 2023). Researchers have advanced numerous
3D indicator systems based on established theories and practices (La-
betski et al., 2023; Li & Zeng, 2024). Volumetric approaches have
been used as a means of better capturing the 3D morphological char-
acteristics of cities (Bruyns et al., 2021). Morphology metrics used
are also defined and delineated in city planning regulations, and it
has been demonstrated that one can generate 3D urban form from
regulations (Chadzynski et al., 2022; Grisiute et al., 2023). Other
scholars have developed 3D spatial metrics based on gradient surface
models, focusing on metric development on buildings to quantify urban
morphology (Kedron et al., 2019). Indicator sets are valuable for better
understanding urban forms and for spatial analysis. However, the indi-
cator sets remain empirical in their ability to describe complex urban
forms, and it has yet to be validated whether they are sufficient for
computers to effectively represent urban form characteristics.

Urban form clustering leverages the increasing availability of ex-
tensive spatial data to effectively define urban form characteristics
and uncover knowledge for a better understanding of urban morphol-
ogy (Li & Li, 2024). While researchers have explored various clustering
methods for urban form analysis, most studies remain descriptive or
analytical, as the metric-to-form mapping — the effective retrieval of
diverse urban forms from abstract morphology metrics — remains a
significant challenge. In 3D block form studies, Qu and Ma (2023)
proposed a 35D form index system for block morphology and applied
t-SNE clustering to categorise urban blocks, subsequently assigning
clustering results across the city. Their research concluded with a
comparative analysis of block characteristics with urbanisation, socioe-
conomic development, and sociocultural factors. Similarly, Li and Li
(2024) applied clustering methods to 3D building data, identifying
eight urban built form typologies with the aim of informing urban gov-
ernance and planning practices. Beyond analytical clustering studies,
some research has attempted to retrieve urban forms based on simi-
larity analysis. For example, Xu and Li (2019) used shape indicators to
identify block footprint characteristics, developing a case-based method
for an urban renewal project in Rome. However, their approach only
addressed 2D block shapes and did not account for the 3D building
forms within the blocks. A very relevant study is that of Labetski et al.
(2023), which examined 3D building metrics to represent the distinct
characteristics of complex 3D building shapes. One of their case studies
involved hierarchical clustering to verify the effectiveness of 3D indices
in differentiating building forms, assessing both the uniformity and
distinctiveness of the clustered results. However, their study focused
on single-building level characterisation rather than urban block-level
morphology.

Based on the existing literature, we first observe a disconnection in
the fully automated process of performance-driven urban form genera-
tion and optimisation, caused by the lack of bi-directional mapping be-
tween morphology metrics and urban form, particularly in the metric-
to-form direction. There are approaches to deriving metrics from mod-
els for evaluating urban performance using these metrics. However,
there is a lack of approaches that couple metrics and form, especially
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generating urban form that go beyond analytical studies (e.g., sim-
plified prototyping). The disconnection in generating improved 3D
urban models based on optimised morphology metrics with optimised
performance is the key issue. Secondly, the complexity of urban form
characteristics cannot be adequately represented by a single indicator
or soley by quantity and variety of indicators. Consequently, it is
important to identify the urban morphology metrics that can capture
aspects such as shape complexity, relative richness and diversity, for 3D
urban models. Thirdly, clustering-based approaches have the potential
to uncover urban form complexity; however, the simultaneous evalua-
tion of morphology metrics and the retrieval of block-scale 3D models
have not been fully explored. The following sections propose several
contributions to achieve the goal of bridging morphology metrics and
complex urban forms bi-directionally to enhance performance-driven
CUD.

3. Methodology

This section introduces our methodology for bridging morphology
metrics and 3D urban form bi-directionally, enabling urban form gen-
eration based on morphology metrics derived from targeted 3D block-
scale models. It is a systematic pipeline that includes data collection
and pre-processing, morphology metrics formulation, clustering, encod-
ing and case retrieval techniques. We summarise our methodology in
Fig. 2.

We set out the implementations based on the following scopes and
aims:

+ In preference of open-source geoinformation, 3D urban form data
were collected from readily accessible platforms. We used data
from OpenStreetMap, where we sliced the blocks based on the
provided road network categories. In our work, the effectiveness
of morphology metrics is evaluated through block-scale urban
form characteristics from New York City, as it is our chosen study
area.

To develop effective morphology metrics, the selected UMIs are
unambiguous, can be universally present in all cities and have
geometric significance in representing block-scale 3D urban form
characteristics of shape complexity. The morphology metrics we
selected are primarily drawn from existing literature, which are
related to 3D building morphology in blocks, so they are not
exhaustive. However, they cover the four main urban form char-
acteristic types: height, surface, content, and shape.

The effectiveness of morphology metrics is assessed through com-
parative evaluation. In the experiments comparing different sets
of morphology metrics, a guiding principle is that the morphol-
ogy metric set can represent the constituent elements of urban
form such that their homologous characteristics can be rigorously
defined and measured (Dibble et al., 2019). In our study, city
blocks retrieved based on similarity in morphology metrics are ex-
pected to display analogous morphological characteristics while
maintaining diverse form variations.

The approaches for formulating morphology metrics and estab-
lishing the bi-directional mapping between these metrics and 3D
urban form are designed to be generalisable to other cities with
varying urban structures. We provide a flexible and context-based
methodology that can be adaptively applied to other datasets
which can be plot-wise or from other regions. Our study does
not attempt to create a universal set of morphology metrics for
all regions. When our proposed approaches are applied to other
urban form datasets, additional UMIs can be incorporated and
further examined according to specific contexts.



C. Cai et al.

Step 1. 3D blocks and morphology indicators

Height indicators

H g

i MinHeight

i AveHeight

| StandardDeviationHeight |
| WeightedAverageHeight :
| AverageStoreys

SurfaceRatio indicators
! BuildingCoverageRatio |
| FloorAreaRatio
| CompleteAspectRatio

i BlockArea
: BlockShapeFactor
i BlockSquareness

‘Step 3. Encoding based on SOM

Sustainable Cities and Society 129 (2025) 106441

map (SOM):
- distance function -Euclidean
distance
+ neighbourhood - Gaussian
function

$33s 133w asedwo)

BMU(z) = maxz; (f(yl))

exps (wy,7)
Se) = eI
G [Fexps (1,2)

s = [d(z, w,), d(z, wy), .., d(z, wk)]
"
dz,w)) = | 30 (m = wim)?

| Normalised metrics SOMEncoding vkctors

!
Step 4. Flexible retrieval

retrieve based on:
Euclidean distance of
SOMENcoding vectors

Fig. 2. Our proposed systematic framework include four main steps. First, the morphology metrics of 3D blocks incorporate four characteristics types with 15 indicators. Second,
Self-organising maps are trained to cluster city blocks. Third, based on the trained SOM, a context-based encoding method is introduced to represent urban form, generating
SOMEncoding vectors. Fourth, 3D models similar to the target are retrieved using SOMEncoding vectors. In this paper, four metric sets are designed to compare their effectiveness

in characterising 3D city blocks.
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3.1. Data collection and pre-processing

An area of New York City was downloaded from OpenStreetMap,
including building footprints and road networks (Fig. 3). In the figure,
buildings are coloured based on their height information. Roads are
classified as Primary, Secondary, and Residential. Residential roads
primarily define block-scale units; therefore, the urban blocks used for
further studies were delineated based on the boundaries set by these
three road types.

When building footprints in the dataset were missing corresponding
height information (e.g. building footprints marked red in Fig. 4a),
we assigned the average height of the surrounding buildings. While
this average value likely does not correspond to the actual height,

we argue this fuzzy estimation is sufficiently accurate to demonstrate
our general methodology. This resulted in a dataset of 14,248 3D
city blocks. Fig. 4b shows that the height information is completed
as no building or block is coloured red. Some of the selected 3D city
blocks can be visualised in Fig. 4c. In our dataset, urban blocks are
defined based on the road network categories from OpenStreetMap
(OSM), including Primary, Secondary, and Residential roads. As a
result, the block scale varies significantly, covering both small urban
blocks and large superblocks (combination of multiple mini-blocks).
The dataset includes blocks of diverse scales, with the smallest blocks
measuring just over 6000 m? and the largest exceeding 980,000 m?.
The block scale variations make the dataset representative of various
urban form. The variation is meaningful for testing the robustness of
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Fig. 4. The visualisation for (a) original blocks, (b) after pre-processing including adding height value and filtering out the blocks still missing height information and (c) samples
for block-scale 3D models. The buildings that missing height information are coloured in red. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

our methodology, as it ensures applicability across various block-scale
urban form.

3.2. Urban morphology indicator selection

Regarding urban form indicators, quantitative studies have classi-
fied urban morphology indicators (UMIs) into six categories: dimen-
sion, shape, spatial distribution, intensity, connectivity, and diver-
sity (Fleischmann et al., 2021). Among these, dimension (i.e., height),
shape, and intensity can be directly measured at the individual build-
ing level, whereas spatial distribution, connectivity, and diversity re-
quire quantification at larger scales, such as streets or larger built-
up areas. Given our focus on block-scale building morphology, we
have selectively chosen metrics related to dimension, shape, and in-
tensity. Additionally, we incorporate performance-related indicators
(e.g., meteorological modelling indicators) due to their effectiveness in
both evaluating local climate and characterising outdoor spaces within
3D city blocks (Burian et al., 2002). These indicators also provide a
more comprehensive representation of height variations and surface
ratio quantifications, enabling the selection of UMIs that can be ap-
plied to further enhance 3D block characterisation and integrate urban
performance evaluation.

We identified 15 morphological indicators that are globally used
for urban planning practice and urban performance evaluation. They
represent 4 types of block characteristics: height, surface ratio, block
content and block 2D shape. Table 1 provides definitions for each
indicator, detailing their relevance in representing the urban form
characteristics of a block. The building coverage ratio (BCR), also
referred to as site coverage and the ground space index (GSI), and the
floor area ratio (FAR), also known as the floor space index (FSI), These
indicators are among the widely recognised metrics in both urban form
studies (Berghauser Pont & Haupt, 2005; Li & Li, 2024; Pan et al., 2008;
Soliman et al., 2018) and urban performance evaluations, such as mi-
croclimate on street canyons and energy consumptions (Cheshmehzangi
& Dawodu, 2021; Jung & Yoon, 2021). Various height-related metrics
are considered, including minimum height (MinH), average height
(AveH), standard deviation of height (SDH), and weighted average
height (WAH), to comprehensively capture the vertical characteristics
of a group of buildings. Meanwhile, they serve as key indicators for
urban environmental assessment, such as for evaluating urban heat
islands and ventilation in canyons street canyons (Burian et al., 2002;

Hang et al., 2012; Karimimoshaver et al., 2021). Additionally, we
incorporate morphological indicators used in urban meteorological
models and diffusion models, such as complete aspect ratio (CAR) and
global height-width ratio (GHWR). CAR and GHWR are selected for
their geometric significance in capturing building texture within blocks
and in representing the degree of aggregation or dispersion of building
volumes, providing comprehensive representations for building mor-
phology (Burian et al., 2002). To represent 2D block shape features,
indicators such as Block shape factor (BSF) and block shape squareness
(BSS) are utilised. Additionally, average stories (AS) and open space
ratio (OSR) were introduced by Berghauser Pont and Haupt (2005).

Morphology metric sets have combinatorial effects in characterising
urban form. To capture these effects, we need to identify metric sets
comprising unique combinations of indicators that represent various ur-
ban form characteristics. Morphological indicators may have different
or overlapping capacities in characterising urban form. The selection
of an appropriate metric set depends on their interrelationships in
urban form characterisation. To quantify the strength of pairwise lin-
ear relationships between indicators, we use the Pearson correlation
coefficient (Cohen et al., 2009). A value of 1 indicates a perfect pos-
itive correlation —1 represents a perfect negative correlation, and 0
signifies no linear relationship. Fig. 5 presents a heatmap visualisation
of the Pearson pairwise correlation coefficients among the 15 indi-
cators. Height-related indicators show more than moderate positive
correlations with one another, with most of the Pearson correlation
coefficients (PCC) exceeding 0.5. Among them, AverageHeight has a
very strong positive correlation with WeightedAverageHeight (PCC =
0.96) and AverageStorey (PCC = 0.91), while WeightedAverageHeight
has a PCC of 0.86 with AverageStorey. Among surface-ratio-related
indicators, BuildingCoverageRatio has a strong positive relationship
with FloorAreaRatio (PCC is 0.93), while less than moderate correla-
tions appear among the other indicators. FloorAreaRatio has generally
stronger positive correlations (higher total PCC) with the other 14
indicators.

When developing morphology metric sets, we established AllBlock-
Metric as a comprehensive set that includes all the indicators to cover
more comprehensive characteristics (see Table 2). AllBlockMetric was
initially designed to facilitate effective morphology analysis. Training
a Self-Organising Map (SOM) using all 15 indicators requires longer
computation time, which may be a concern in application scenarios
involving large-scale optimisation, where minimising computational
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Table 1

Overview of our selected urban morphological indicators, including their definitions and the urban form characteristic types they describe. The table shows an example of a 3D
model and its indicator values.

Characteristic type UMI Definition Example
Height MaxHeight Maximum building height within a block. 50.4
(MaxH) /m
Height MinHeight Minimum building height within a block. 18.1
(MinH) /m
Height AverageHeight Average building height within a block. 23
(AveH) /m
Height Standard- The standard deviation of building heights within 9.18
DeviationHeight a block.
(SDH)
sdh =
h is the average height of buildings within the
block. A, is the height of building i.
Height Weighted- Building height is weighted by the building 26.15
AverageHeight footprint area.
(WAH) /m N A
wah = ———
i=1 A’
h; is the height of building i.
Height AverageStoreys (AS) Average buildings stories within a block. 7.88
SurfaceRatio Building- The ratio of the total building footprint area to the 0.41
CoverageRatio gross block area.
(BCR) Z, lA
ber =
A; is footprlnt area of building i. A, is gross block
area. N is number of buildings in the block.
SurfaceRatio FloorAreaRatio The ratio of a building’s total floor area to the 2.67
(FAR) gross area of its block.
Zl |ZJ 1
far= ———
A;; is the area of floor j of building i. S is the
number of stories of building i.
SurfaceRatio CompleteAspectRa- Quantifies building envelope exposure per block 3.68
tio (CAR) using the formula
Ay +Ap+Ag
car= —————2
Ay
Ay, is the total area of building vertical surfaces.
Ay is the rooftop area. A; represents exposed
ground area within the block.
SurfaceRatio OpenSpaceRatio Measures the proportion of a block’s area open to 0.22
(OSR) the sky, calculated as
A= Z5 A
osr =
AL
where A, is the block footprint area. A, is the
ground floor area of building i. L, is the number
of storeys.
BlockContent GlobalHeight- Estimates the building height-to-width ratio within 0.68
WidthRatio (GHWR) a block, calculated as
- L
ghwr = % W = j 1
W is the average distance between buildings
according to Delaunay algorithm. L, is the total
length of the Delaunay network. N is the number
of buildings in the block.
BlockContent NumberOfBuildings Total number of buildings within a block. 16
(NOB)
Block2DShape BlockArea (BA) /m? Gross area of a block footprint. 15,718
Block2DShape BlockShapeFactor Gross area of block footprint divided by the 0.47
(BSF) corresponding bounding box aligned with the
coordinate axes.
Block2DShape BlockSquareness Gross area of block footprint divided by the 0.89
(BSS) corresponding minimum bounding box.
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Fig. 5. Pearson correlation heatmap of 15 morphological indicators, illustrating their
pairwise relationships in characterising urban form.

time at each iteration is essential. Therefore, we developed a set
that includes one block metric per characteristic type (OneBMC), a
more streamlined metric set that selects one key indicator from each
urban form characteristic type, to reduce computational cost when
it is applied in large-scale optimisation models. The indicator with
the strongest correlation within its category was chosen to maintain
representativeness. Therefore, WeightedAverageHeight, BuildingCov-
erageRatio, and BlockArea were selected. Within the BlockContent
category, since NumberOfBuilding (NOB) has a negative correlation
with GlobalHeightWidthRatio but has a weaker correlation with other
indicators in the set, we included NOB to enhance metric diversity. As
a result, OneBMC set consists of WeightedAverageHeight, BuildingCov-
erageRatio, NumberOfBuilding, and BlockArea ( Table 2).

In addition to the proposed metric sets, we include two comparative
sets derived from existing research — Spacemate (Berghauser Pont &
Haupt, 2005) and BlockShape (Xu & Li, 2019). Spacemate is widely
recognised in academic and research fields, particularly in urban form
classification, density analysis, and typology comparisons (Steadman,
2014). It provides a structured approach to understanding and classi-
fying urban form based on density-related indicators which have high
correlations with each other, bridging the gap between quantitative and
qualitative urban analysis. Our analysis shows that Spacemate’s UMIs
primarily capture surface ratio characteristics, yet its effectiveness has
not been evaluated through computational methods. The BlockShape
metric set was developed to integrate digital methods into the urban
design of a disused area around Roma Termini. Block shape is closely
related to the urban form in Roma. Hence, by referring to blocks with
similar shapes within the development area based on morphological
indicators, it aimed at informing urban design proposals and ensuring
alignment with the existing city context.

We identified four distinct morphology metric sets, each compris-
ing a unique combination of indicators that represent various urban
form characteristic types. The morphology metrics compositions are
shown in Table 2. We propose AllBlockMetric including 15 UMIs. This
comprehensive set is designed for higher precision and consistency in
urban form characterisation and retrieval. Additionally, we introduce
OneBMC, a streamlined set comprising four representative UMIs from
each urban form characteristic type. This set is designed for lower
computational cost when it is applied for large-scale urban performance
optimisations. It is potentially suitable for urban studies involving large
datasets where a lower level of precision and consistency in urban form
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representation is acceptable. To compare with our proposed metric sets,
we incorporate two existing sets from the literature — one focusing on
density-related indicators and the other on 2D shape-related indicators
— as they provide valuable insights for their respective aspects of urban
form classification and digital urban design applications.

3.3. Urban form clustering based on morphology metric sets

We deployed clustering techniques using the self-organising map
(SOM). By comparing the clustering results based on different morphol-
ogy metric sets, we can validate their performance. A Self-Organising
Map (SOM), also known as a Self-Organising Feature Map (SOFM), is
an unsupervised machine learning algorithm used for dimensionality
reduction and data visualisation (Kohonen, 1982, 2013). It maps high-
dimensional data onto a lower-dimensional (typically two-dimensional)
grid while preserving the topological structure of the data. SOMs use
a competitive learning approach where neurons in the network adjust
their weights based on input data, grouping similar data points closer
together. SOMs offer a unique approach to structural learning by ex-
tracting relationships directly from observed data, rather than imposing
a predefined function. Unlike classical clustering modelling, which fits
data to a fixed structure by minimising error deviations, SOMs preserve
the underlying logic of the data, clustering similar instances while
maintaining their individuality. This makes SOMs particularly effective
for nonlinear function approximation and pattern mining (Cai et al.,
2022; Moosavi, 2015; Vesanto & Alhoniemi, 2000). Clustering while
keeping the topological structure of the data makes SOMs useful for
clustering and exploratory data analysis in various domains. Hence,
SOMs can facilitate both clustering and flexible case retrieval.

Two simultaneous processes explain the SOM algorithm (formula
(1), (2)). The training data set can be considered as X = x, ..., xy, as
a set of N points in an n-dimensional space. A SOM can be considered
as a grid with K nodes, with a set of indices y;, each attached with
a high-dimensional weight vector, w;. During the training process, an
index y; can be assigned for each data x;. The index is also called
the best-matching unit (BMU). s(w 5 X) is a similarity function which
is calculated by the inverse of the distance between the input sample
feature vectors x and the weight vectors of the SOM node j, w;.

BMU(x) = max x; (f(yjlx)) @

exps(w;,x
fopto = 222 rx) @
=1 €Xps (wj,x)

We trained four self-organising maps (SOMs) for clustering, using
normalised morphology metric values as urban form feature vectors for
input. In our experiments, the four SOMs were structured on a 10 x 10
grid. The neuron weights of each SOM were randomly initialised at
the start point for training, with the same dimensions as the number
of UMIs (e.g., 15 dimensions for the AllBlockMetric set). During the
SOM training, every sample was used for updating neuron weights per
iteration. Euclidean distance was used as the distance function, which
is standard for SOMs. For each sample during one iteration, the best
match unit (BMU) — the nearest neuron to the input sample — was
found based on the distance function. We used the Gaussian function
as the neighbourhood function, which was used to control how much
influence a weight vector has on the update during training. The model
setup was that the learning rate and the neighbourhood influence
radius decrease as the number of iterations increases. We trained the
SOMs with 1000 iterations. The neuron weights were updated gradually
to be closer to the input samples so that the map was self-organised and
captured the dataset’s structure. After training, the input samples were
clustered and indexed according to the BMU they fall within. In other
words, each SOM neuron was associated with a set of 3D urban form
models based on distance.

A common way of visualising the final output of a SOM is to
visualise one of the input data that is associated with the neurons since
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Overview of the identified urban morphology metric sets and their compositions. The table shows that different morphology metric sets include
indicators spanning various characteristic types.We propose one set that includes all 15 indicators (AllBlockMetric) and one set that contains

one block metric per characteristic type (OneBMC).

Morphology Height SurfaceRatio BlockContent Block2DShape Resource
metric sets
Spacemate AveS BCR; Berghauser Pont and
FAR; Haupt (2021)
OSR
BlockShape FAR BA; Xu and Li (2019)
BSF;
BSS
OneBMC WAH BCR NOB BA Proposed by this paper
AllBlockMetric MaxH; BCR; GHWR; BA; Proposed by this paper
MinH; FAR; NOB BSF;
SDH; AS; CAR; BSS
AveH OSR
WAH
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Fig. 6. The clustering results for the OneBMC set (left) and AllBlockMetric (right) using self-organising maps. The neurons are colour-coded based on their weights, and the 3D
model visualised in each neuron is randomly selected from the models for which that neuron serves as the best matching unit (BMU).

a set of input data is assigned to each neuron. Fig. 6 is the visualisation
of two SOMs that are trained with the OneBMC set and AllBlock-
Metric set, respectively. Each neuron is colour-coded by mapping its
high-dimensional weight value to a three-dimensional RGB value for
visualisation. The 3D model visualised in each neuron is randomly
selected from the samples for which that neuron serves as the best
matching unit (BMU). The colour map visualises the gradients of the
trained SOM, but does not necessarily demonstrate the neuron weights.

The colour gradient indicates whether the trained SOM is smoothly
distributed across the data space, without abrupt transitions. If neigh-
bour neurons exhibit similar colours, it suggests that they have similar
weight values in certain dimensions. Consequently, if the morphology
metrics effectively characterise the 3D models, the corresponding 3D
models should also share certain similarities. Thus, if the spatial cor-
relations between 3D models in neighbouring neurons align with the
colour-based correlations of the neurons, it indicates that the mor-
phology metrics effectively capture the 3D model characteristics. From
initial observations, both SOM maps display colour gradients, indicat-
ing that the networks are trained to smoothly capture the structure of
the data space. The visualised 3D models vary across different neurons
and also exhibit gradual transitions in urban form characteristics. All-
BlockMetric SOM appears to have a smoother transition of 3D models
than OneBMC SOM. For example, in the blue region of OneBMC, a
mix of triangular and rectangular block shapes appears. This variation
occurs because OneBMC lacks the block shape-related indicator. In All-
BlockMetric SOM, neighbouring neurons with similar colours (e.g., the
top-right green area) exhibit 3D models with certain similar character-
istics too. Overall, the maps suggest that AllBlockMetric captures urban

10

form characteristics more comprehensively, while OneBMC provides a
more condensed representation with certain limitations.

In the AllBlockMetric SOM map, we visualised 4 samples in each
neuron for further assessment (Fig. 7). Regarding 3D models, we ob-
serve clear clustering as well as gradual transitions between clusters.
For example, we can identify clusters of blocks with a single large
building (middle-left), high-density compact buildings (top-left), and
linear-shaped blocks with inner spaces and regularly spaced surround-
ing buildings (top-right), and so on. The transitions between clusters
are also exhibited. From top-left to top-right, there is a progressive shift
from compact, high-density buildings to blocks with a looser building
texture. Similarly, from bottom-left to bottom-right, we observe a tran-
sition from low-density superblocks to mid-density triangular blocks, to
higher-density compact blocks. The other three SOM maps can be found
from Appendix A. Fig. A.14 shows the SOM map trained by OneBMC.
Fig. A.15 shows the SOM map trained by Spacemate. Fig. A.16 shows
the SOM map trained by BlockShape. More detailed comparisons and
similarity analysis based on the clustering results will be introduced in
the later sections.

3.4. Context-based case retrieval using SOM encoding

Each 3D model sample’s characteristic is encoded by feature vec-
tors which are normalised morphology metrics. Each sample has four
sets of feature vectors with varying dimensions, including Spacemate,
BlockShape and OneBMC feature vectors with 4 dimensions, and All-
BlockMetric feature vectors with 15 dimensions. For instance, Fig.



C. Cai et al.

Sustainable Cities and Society 129 (2025) 106441

VP W P | N =
e N N

A
b T Y T I NG NP W N
B Y N R D TEITESe S e— N\

LA s s
nnﬂu\\'\ NS e J

"o ff B oy NN R N e

gm‘ﬁ:w\ﬁ" \ LY

Y BEE ~crn” 7

\ m@“\-r-n--s Q "' Foamy ~S0y -
LR BMMIT o i UG A
R P WYY N ] T F
LLE L IANGE N - LU e u S & &5 H B
PHBE MG o A R TN FTTHF AR
D TR T e Ry =y 4] W@ @m'¢~&*~qq
LA e N e N\ Tweam [ Mo e e o 45 5
= o, - e, 7 L ATy Fﬁ*&@
Mgmwwdﬁﬁﬁ%&$$5$

=/

I NN %a ==
'mwv &Y #2 //
o Q& =2 2y
D v my |
i &y by %% Ry o

4§
q¥
&

N
4
]

-b\s.'( ;'““@‘ Vg DL

% oW 3

oS AS Y

Fig. 7. The clustering results for AllBlockMetric using self-organising maps, visualising four 3D models in each neuron as their BMU. It shows clear clustering as well as gradual

transitions between clusters.

8, shows three kinds of normalised indicators based on Spacemate,
OneBMC and AllBlockMetric, taking one sample as an example. The
similarity of the 3D models is determined by the distance between
their feature vectors. One of the common ways is to calculate the
Euclidean distance based on certain feature vectors. Hence similar cases
can be retrieved and ranked based on their distance. During the case
retrieval process, the calculated distance based on feature presentation
significantly influences the retrieval results.

In this study, SOMs serve two primary roles — clustering and
encoding for context-based case retrieval. To facilitate context-based
retrieval, we developed SOMEncoding vectors, which are used to mea-
sure similarity based on Euclidean Distance (ED) rather than relying on
the Best Matching Unit (BMU) or directly using normalised original in-
dicators. While BMU-based case retrieval is a common approach in SOM
applications, it has limitations. For instance, if a SOM is highly curved
in certain regions, two data points that are very close in feature space
may be assigned to two different BMUs, leading to inconsistencies in
retrieval. Alternatively, case retrieval using ED between feature vectors
is straightforward and computationally efficient, particularly in low-
dimensional spaces (e.g., 4D). However, in higher-dimensional spaces
(even in 15D), data points tend to become nearly equidistant, reducing
the discriminative power of Euclidean distance when applied directly
to the original indicators. To address this, context-based encoding can
improve the feature representation (Zhang et al., 2018). A trained
SOM provides a structured representation of the data space, capturing
its underlying patterns. By further encoding the normalised original
indicators using a trained SOM, we can have a more context-aware
representation, leading to enhanced retrieval performance.

In our SOMEncoding method, vectors are calculated through the dis-
tance between normalised morphology metrics and the corresponding
trained SOM’s neuron weights. The feature vectors computed based on
SOMEncoding will be referred to as SOMEncoding vectors. By applying
a context-based encoding method, it captures the unique characteristics
of a sample relative to the entire data space. For a sample whose feature
vector (normalised morphology metric value) is x. If the SOM map has
K neurons, the SOMEncoding vector is defined as the set of Euclidean
distances between x and every SOM neuron weight, w;, where j =
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(1,..., K). Hence the SOMEncoding vector s has K dimensions (in our
case, 100 dimensions). The SOMEncoding vector s for the sample x can
be described as Formula (3), where the Euclidean distance between x
and w; is computed as Formula (4), where x,, is the m-th dimension
feature of the sample x;, w,, is the m-th weight component of the

jm
neuron j in the SOM.

s = [dCe,w), d(x, wy), ..., d(x, wg))] 3

G

The morphology metrics were re-encoded into 100-dimensional
SOMEncoding vectors. We visualised the SOMEncoding vectors by
grayscale images in a 10 x 10 map, taking a selected block sample
as an example, showcasing Spacemate, OneBMC and AllBlockMetric
(Fig. 8). The closer the sampled vector is to a SOM neuron, the
lighter its corresponding colour appears. For example, in Fig. 8, the
sample’s Spacemate vector is close to three SOM neurons, with the
closest neuron (white-coloured) located at the bottom-right, which
will be identified as the Best Matching Unit (BMU) of the sample. A
similar pattern — the sample vector is close to 3 SOM neurons — is
observed for the OneBMC vector. This demonstrates that when case
retrieval is based solely on BMUs, discrepancies can arise because cases
with different second-closest or third-closest neurons can be identified
as well. In contrast, retrieving cases using the SOMEncoding vector
improves precision, as it captures the full distance-based map rather
than relying only on the BMU. Fig. 8 also showcases the four grey-
scale colour maps which are the top four closest cases according to
SOMEncoding vectors. The retrieved four grey-scale colour maps show
a high degree of consistency with the targets.

SOMEncoding vector offers the advantage of making case retrieval
across different morphology metric sets more comparable and improves
the precision. By reducing the heterogeneity between the morphol-
ogy metrics, all samples can be represented as vectors in the same
dimensions (100 dimensions) after encoding. To summarise the whole
encoding process, we mapped a 3D urban form to its corresponding
morphology metrics, then normalised the morphology metrics into
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AllBlockMetric

Fig. 8. The figure showcases the feature vectors of three morphology metric sets and visualises the SOMEncoding value based on the morphology metrics. The retrieved cases

based on SOMEncoding vectors show high similarity. (Updated).

feature vectors based on which we trained SOMs, and then encoded
the feature vectors based on the context of trained SOMs. Finally, we
can use the morphology metrics to link more similar and diverse urban
forms through case retrieval.

4. Results
4.1. Mapping between morphology metrics and 3D urban forms

To assess the effectiveness of the four morphology metric sets
in capturing urban form characteristics, we compare the similarities
between the retrieved 3D models with the targets. Each 3D model is
generated based on the target’s morphology metrics using one of the
four metric sets. In this paper, we select nine cases that vary in mor-
phological prototypes (Fig. 9). To evaluate the effectiveness of different
morphology metric sets in representing urban form characteristics, we
selected real-world cases from New York City (NYC). These cases were
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chosen to reflect a different range of density levels, height variations,
building textures, and block shapes. For example, Case 2 represents a
linear block with minimal height variations, while Case 3 is a medium-
density block with compact buildings and significant height variations.
Case 9 features a triangular-shaped block.

In Fig. 9, the selected cases include a low-density block with inner
space and consistent plot spacing (Case 1), where low-rise buildings are
arranged uniformly around a central public space. Case 2 represents
a perforated bar-shaped linear block with minimal height variations,
characterised by a long, bar-like structure with rhythmic rectangular
voids, likely indicating courtyards or shared spaces. Case 3 is a medium-
density block with compact buildings and significant height variations,
forming a dynamic rhythm along a linear alignment. Case 4, a low-
density block with a linear shape and fragmented pattern, consists of
irregularly spaced structures with relatively consistent heights. Case 5
is a low-density block with dispersed cross-shaped buildings, arranged
in a loosely spaced grid pattern with substantial open spaces. Case 6, a
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Case 1

Low-density block

with inner space and
consistent plot spacing

Case 5
Low-density block with
disperse cross-shape

Case 2

Perforated bar-shaped
linear block with minimal
height variations

Case 6
Superblock consists of
multiple mini-blocks with

Case 3

Medium-density block with
compact buildings and
significant height variations

Case 7
High-density vertical block
with compact buildings and

Case 4
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Fig. 9. Nine cases vary in morphological prototypes are selected for validating morphology metrics in representing 3D urban forms.

superblock with multiple mini-blocks and minimal height variations,
features a subdivision pattern resembling a courtyard or perimeter
block configuration. Case 7, a high-density vertical block with compact
buildings and varying heights, exhibits a dense cluster of tall buildings
with minimal spacing, emphasising verticality. Case 8, a low-density
block with inner space and irregularly spaced buildings, consists of
scattered structures with varying orientations, creating a fragmented
pattern. Finally, Case 9 is a moderate-density block with a triangular
shape and subtle height variations, characterised by a triangular site
boundary, moderate density, and irregular building sizes. By selecting
blocks with distinct morphological prototypes, we validate assessment
of the morphology metric sets for their capacity to represent diverse 3D
city blocks.

4.2. Evaluating morphology metric sets by comparison

We evaluate the performance of morphology metric sets by compar-
ing the 3D models that are retrieved according to the four morphology
metrics. The more similar the retrieved 3D models are, the more
effective the metric set is. Each of the nine selected cases has four types
of metric sets and corresponding SOMEncoding vectors, based on which
four lists of 3D models are retrieved. We showcase 3D models with the
highest similarities to the target for further validation.

In Fig. 10, after setting case 1 as the target, its morphology met-
ric sets — AllBlockMetric, OneBMC, Spacemate and BlockShape —
are generated. Then 3D models with the top similarities are gen-
erated according to the target’s SOMEncoding vectors, respectively.
The similarities are calculated based on the Euclidean distance to the
target’s SOMEncoding vector, with retrieved models ranked by their
distances. In this demonstration using Case 1, 3D models retrieved
via the AllBlockMetric generally exhibit very high similarities to the
target case. The BlockShape set performed well in this case, whereas
models retrieved using Spacemate exhibited significant discrepancies.
We hypothesise that in New York City, this type of urban form is
more strongly correlated with block shapes rather than density-related
features. Interestingly, OneBMC achieved performance comparable to
AllBlockMetric, despite the third retrieved case demonstrating lower
similarity. This suggests that incorporating block content and shape
factors, such as NumberOfBuildings (NOB) and BlockArea (BA), can
significantly enhance urban form characterisation in this case.

In Fig. 11, case 2 is set as the target. The 3D models retrieved
using the AllBlockMetric exhibit a high degree of similarity to the
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target, all displaying structures with rhythmic rectangular voids or
cutouts along their long sides. Cases with semi-triangular block shapes
are successfully retrieved as well. In contrast, models retrieved using
Spacemate demonstrate significantly different patterns. Density-related
indicators failed to capture the height variation and factors like the
number of buildings in the block. Models retrieved via the BlockShape
metric retain the elongated and linear block shape but exhibit varied
density and building layouts. Compared to BlockShape and Spacemate,
the models retrieved by OneBMC exhibit greater consistency in height
variations, suggesting that Weighted Average Height (WAH) effectively
captures urban form height variations.

In Fig. 12, case 3 is set as the target. Case 3 features a complex urban
form characterised by varied building heights and a diverse arrange-
ment of buildings. Models retrieved using AllBlockMetric demonstrate
a good level of similarity, capturing the medium-density block with sig-
nificant height variations. While some variations in height and spacing,
but the overall form remains consistent, especially compared with other
sets. In contrast, BlockShape failed to capture these characteristics due
to the absence of height-related indicators. Although OneBMC and
Spacemate perform better than BlockShape, noticeable discrepancies in
height variations and block shape remain. Hence, in such a complex
urban form, incorporating more comprehensive morphology metrics
may be necessary to achieve a better characterisation.

Fig. 13 presents the 3D models retrieved using the four metric sets
for the other six cases. More retrieved models are provided in Appendix
B for reference. The cases exhibit different characteristics in terms
of building texture, density, height variations and block shape. The
models in the grey grids are target cases. Overall, the AllBlockMetric
set effectively captures key urban form characteristics. OneBMC, as
a computationally efficient alternative, performs comparably well in
some cases but exhibits noticeable discrepancies. We summarise our
observation as follows:

+ The low-density models but with intricate building textures, such
as cases 4, 5 and 6, where case 5 has cross-shaped buildings and
dispersed building distributions and case 6 has multiple plots with
courtyard or perimeter plot configurations. BlockShape struggled
to capture the details of texture. Focusing on density indicators
while lacking block content indicators, such as NumberOfBuilding
(NOB), GlobalHeightWidthRatio (GHWR), Spacemate also failed
to represent building texture properly. OneBMC managed to re-
tain some density and texture characteristics but displayed no-
table discrepancies, such as the retrieval of a large single building
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Fig. 10. AllBlockMetric, OneBMC, Spacemate and BlockShape are derived from the target and are used to retrieve 3D models. The figure showcases the top 5 similar 3D models.
The Euclidean distance of SOMEncoding vector to the target represents their similarity; therefore, the smaller the distance, the more similar the two cases are.

(see Fig. B.18, case 5). It might be because NOB has inadequate
influence due to the absence of CAR and GWHR. Similarly, Block-
Shape, which lacks sufficient density-related indicators, retrieved
models with inconsistent density levels, including low-density
blocks for case 3 and significant variations in case 6 (see Fig.
B.18, case 6). It is worth mentioning that AllBlockMetric even
successfully captured these intricate building textures.

In cases 3 (see Fig. 12) and 7, which feature complex height
variations, BlockShape, Spacemate, and OneBMC — lacking mul-
tiple height-related indicators — failed to capture the complexity,
instead retrieving models with large, monolithic buildings (see
Fig. B.19 case 7).

Retrieving similar urban forms to case 8 is very challenging
due to the relatively irregular pattern, characterised by scattered
arrangements, varying orientations, and open spaces between
buildings. The BlockShape and Spacemate metrics largely fail
to capture this complexity, as most of the retrieved 3D models
display significantly different urban forms (also see Fig. B.19 case
8). The 3D models retrieved via the AllBlockMetric once again
demonstrate a high degree of similarity to the target, despite the
challenges posed by the irregular urban form.

For case 9, a triangular block, Spacemate performed poorly
in capturing the block shape. BlockShape successfully retrieved
triangular blocks but with high descrepencies in building texture
and density. OneBMC retrieved rectangular blocks, indicating
some limitations in its ability to capture irregular block shapes.
Although AllBlockMetric retrieved models with varied urban
forms (see Fig. B.20), it performed relatively better than other
methods. This may be due to the limited number of similar city
blocks in the dataset, making retrieval more challenging.
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In summary, the 3D models retrieved using AllBlockMetric demon-
strate a high level of similarity to the target urban form prototypes
while also capturing a diverse and rich variety of urban form. What
we established by observing the results of the case retrievals is that
the UMI combinations have combinatorial effects in identifying and
representing 3D urban forms. AllBlockMetric has good performance
in comprehensively capturing the characteristics and complexity of
3D blocks, delivering consistently stable performance across all nine
cases. Morphology metric sets that primarily focus on density-related or
shape-related indicators are inadequate for representing complex urban
form, often leading to noticeable discrepancies in retrieval results.
Focusing on density-related indicators, Spacemate can capture block
density but cannot capture height variations and intricate building
texture. While BlockShape may still be useful in cases where the urban
form is strongly correlated with block shape (e.g., case 1). OneBMC,
as a condensed version of AllBlockMetric, offers a more comprehensive
representation than Spacemate and BlockShape. However, it has limita-
tions in ensuring consistent retrieval, particularly in capturing irregular
block shapes and more nuanced morphological characteristics.

5. Discussion
5.1. Contributions

Urban morphology indicators have a combinatorial effect in repre-
senting urban form. The results demonstrate that our study provides
innovative approaches that enable the bi-directional bridging between
3D block-scale urban models and morphology metrics. Further, our
study provides approaches for evaluating the effectiveness of different
morphology metric sets in representing 3D urban form characteristics.
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Fig. 11. The figure shows the results of comparisons between AllBlockMetric, OneBMC, Spacemate and BlockShape. The target is case 2 - a perforated bar-shaped linear block
with minimal height variations. We compare the performance of the 4 morphology metric sets by comparing the general similarity of the retrieved 3D block-scale models.

The results also show that our proposed AllBlockMetric can well repre-
sent 3D city block characteristics in terms of prototype similarity and
morphological diversity. We outline our contributions:

1. Our methodology offers a systematic way for deriving morphol-
ogy metrics from 3D urban models, facilitating both the charac-
terisation and generation of urban form. It enables the flexible
retrieval of a diverse range of 3D models with similar urban mor-
phology based on given morphology metrics derived from 3D
block-scale models. Hence it links urban form and morphology
metrics bi-directionally. The capability allows for the integration
of performance evaluation with urban form generation as the
morphology metric set includes UMI for performance evaluation.
It contributes to advance the automation of performance-driven
computational urban design.

2. We extend morphology metric sets to better represent urban
morphology, transitioning from 2D to 3D. The vertical dimen-
sion indicators represent not only height and its derivatives
but also aggregated relationships between vertical and hori-
zontal dimensions, such as GWHR and CAR. We propose an
innovative SOMEncoding method to encode morphology metric
values based on the trained SOM, allowing for a more context-
based representation of 3D model characteristics. As a result, our
approach effectively represents 3D city block models.

3. Our systematic approaches offer a comparative method to eval-
uate block-scale morphology metrics for representing urban
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form characteristics. Based on the aforementioned metric-to-
form model, the effectiveness of metric sets in representing
urban form can be evaluated comparatively. By comparing our
selected morphology metric sets, we found that AllBlockMetric
represents 3D city blocks in NYC effectively, making it a valu-
able finding for supporting further urban planning and design
digitalisation.

Our proposed methodology and framework using systematic and
comparative approaches can benefit both researchers and urban design
practitioners, allowing for flexible application based on their specific
needs. For researchers, this framework enables the identification and
selection of appropriate morphology metric sets for further urban form
studies and form-performance coupled evaluations at varying levels
of detail. Our findings advance the integration of urban form and
performance optimisation in CUD, promoting the development of en-
vironmentally sustainable urban forms within the cityscape. For urban
designers, this approach supports the development of more precise
form-based codes (Chen, 2016; Garde et al., 2015), enhancing the un-
derstanding of city structure and providing detailed guidelines for reg-
ulating urban form development across cities. The integration of mea-
surable form-based codes with tangible built forms offers an additional
governance and management perspective, complementing governance
based on land use and census tract maps (Li & Li, 2024). Our study
extends beyond simplified typological categorisation by introducing
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Fig. 12. The figure shows the results of comparisons between AllBlockMetric, OneBMC, Spacemate and BlockShape. The target is case 3 - a medium-density block with compact

buildings and significant height variations.

a systematic approach that preserves urban form complexity. Hence,
when applied to specific cities, this methodology can be generalised
and help uncover unique spatial patterns, offering a valuable resource
for addressing design challenges through built-form and environmental
analysis.

5.2. Limitations and future work

We discuss the limitations and future directions of this study from
the following perspectives. First, while AllBlockMetric effectively cap-
tures comprehensive urban form characteristics, as demonstrated in
the case retrieval experiments and our internal testing, there remains
a possibility that the metric set is incomplete or context-dependent.
Since the validation was conducted within the New York City (NYC)
context, certain nuances may not have been fully addressed. Future
studies could explore incorporating additional indicators to better ac-
commodate specific needs. In this study, 15 morphology indicators
representing four characteristic types were selected based on the lit-
erature. Our proposed framework is generalisable to any OSM datasets
from other cities. However, when extending this to other cities, it is
essential to consider local urban characteristics and planning contexts.
To apply this approach to different urban spatial patterns in other
cities or countries, it is recommended to reassess the metric set’s
performance and, if necessary, integrate additional indicators or refine
the framework to ensure broader applicability.
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Secondly, while we examined and compared the performance of
four morphology metric sets, the influence of individual indicators on
characterisation performance, as well as the possibility of developing a
more comprehensive metric set for specific urban contexts, has not been
fully explored. Future research could extend this study by incorporating
a systematic workflow to further assess the strengths and weaknesses of
each indicator, for example, by comparing typical urban configurations
with urban design principles in urban contexts. This would enable the
identification of key influential indicators, facilitating the development
of a refined and optimised morphology metric set for specific urban
contexts.

The third limitation concerns data volume and quality. While our
methodology effectively characterises and generates urban models
based on our morphology metrics, it operates as a retrieval-based
generation method. As a result, model performance require a large
volume of training data, and a limited dataset may constrain its effec-
tiveness. In this study, we utilised over 14,000 models, ensuring that
certain urban form types had a sufficient number of samples, leading
to convincing results. However, when applying this framework to a
smaller dataset, it may be necessary to incorporate data augmentation
techniques or complement the approach with image-based machine
learning methods (Cai et al., 2021; Dong et al., 2019; Fan et al., 2021)
to enhance urban form characterisation.

Fourth, many of the UMIs that constitute our morphology metric
sets are derived from urban form indicators primarily used for urban
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Fig. 13. Case retrieval results for the selected cases based on AllBlockMetric, OneBMC (one block metric per characteristic type), Spacemate and BlockShape. The 3D models in
grey boxes are the targets, and the two retrieved models showcased have the highest similarity indexes.

performance analysis, such as microclimate assessment. Although this
approach can support performance-driven urban form generation, a
case study on performance-driven design is helpful to validate and
strengthen our methodology. Applying our approaches to retrieved
3D urban form models based on optimised morphology metrics using
urban effect evaluation models (e.g., CFD models) (Burian et al., 2002;
da Silva et al., 2021), could further demonstrate its practical applicabil-
ity. For instance, by simulating and storing the urban performance of
these blocks based on the morphology metrics, we can further provide
improved urban form models with better performance profiles accord-
ing to the input urban form types. In that way, urban performance
implications of different urban forms can be further investigated, hence
achieving a comprehensive digital link between urban form generation
and urban impact analysis. Integrating energy simulation into the
framework can provide urban designers and planners with tools to
assess the environmental impacts of their designs in real-time, fostering
sustainable and efficient urban development.

6. Conclusion

The accelerating digitalisation in urban planning and design under-
scores the importance of bi-directional links between intangible urban
form complexity and tangible representation in digital models. This
work, focusing on 3D block-scale urban form and their morphology
metrics, presents approaches for evaluating morphology metric sets and
associating them with 3D models. Our study offers great potential to
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bridge the generation of improved urban form and optimised morphol-
ogy metrics in performance-driven CUD. We proposed a methodology
for establishing bi-directional links between morphology metrics and
3D urban form and evaluated the performance of these morphology
metric sets. Our methodology has innovative contributions in encoding
and evaluating morphology metric sets in effectively representing 3D
urban forms, and digitally coupling morphology metrics and 3D urban
models.

First, we extracted UMIs from block-scale 3D urban models, includ-
ing UMIs that describe height, surface ratio, block content, and 2D
block shape characteristics. The results demonstrate that our morphol-
ogy metrics represented well the vertical dimensions of the complex 3D
blocks. The 3D models were then clustered based on these morphology
metrics using self-organising maps (SOMs). We utilised SOMs not only
for clustering but also for deeper encoding of the morphology metrics.
We leverage the trained SOMs as advanced contexts to further encode
the morphology metric sets, hence better representing urban form
characteristics in a context-aware manner.

Second, by integrating case retrieval techniques, our approach ef-
fectively associates morphology metrics with 3D blocks. Using the
SOMEncoding vectors, case retrieval results demonstrate high consis-
tency in prototype similarity and morphological diversity, effectively
addressing the representation of complex urban form. By using this
approach as a bridge, we can translate our target urban form and mor-
phology metrics into high-level quantifications, and then, conversely,
generate more urban models that are similar to the target and maintain
the diversity.
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Fig. A.14. The figure shows the visualisation of the SOM trained by OneBMC set.

Third, our methodology provides a comparative approach to eval-
uating specific morphology metric sets in representing targeted 3D
urban models. Using our metric-to-form approach, we can evaluate
the performance of morphology metric sets based on the retrieved 3D
models. In our case of NYC, by comparing four morphology metrics,
our AllBlockMetric effectively represents block-scale 3D models, and
the OneBMC can be an alternative for needs of reducing computational
costs for large-scale applications. This approach is flexible and general,
making it easily applicable for other evaluation purposes or datasets.

In summary, in this study, our approach provides a general and
flexible way to formulate and evaluate morphology metric sets for
3D block-scale models. Among the tested morphology metric sets,
AllBlockMetric is an effective metric set based on which numerous
urban form that are similar in prototype and rich in morphology can be
retrieved. We establish a systematic methodology that simultaneously
enables the characterisation, generation, and performance evaluation of
urban form. This methodology supports the derivation of morphology
metrics from 3D models and the generation of improved urban form
with enhanced performance evaluation. The proposed methodology
establishes a bi-directional link between complex urban form and mor-
phology metrics, hence it can drive a seamless integration between
urban form generation and optimisation in performance-driven CUD,
towards sustainable urban design and planning.
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Appendix A. Trained SOM visualisations

This appendix is supplementary to Section 3.3, visualising trained
SOMs based on different morphology metric sets (see Figs. A.14-A.16).

Appendix B. Evaluating morphology metrics by comparison

This appendix is supplementary to Section 4.2, showing the ex-
tended results of urban form retrieval by comparing 5 morphology
metric sets (see Figs. B.17-B.20).

Data availability

Data will be made available on request.
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Fig. A.15. The figure shows the visualisation of the SOM trained by the Spacemate set. The blank grid cells suggest that during the SOM training process, they have no sample
assigned as the best matching unit (BMU). This can happen when data points tend to concentrate in specific regions, leaving some neurons unused.
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1 and 4.
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Case 5
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Fig. B.18. The 3D block-scale models are retrieved based on the distance between SOMEmbedding vectors, comparing the performance of the 4 morphology metric sets for cases
5 and 6.
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Case 7
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Fig. B.19. The 3D block-scale models are retrieved based on the distance between SOMEmbedding vectors, comparing the performance of the 4 morphology metric sets for case
7 and 8.
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Fig. B.20. The 3D block-scale models are retrieved based on the distance between SOMEmbedding vectors, comparing the performance of the 4 morphology metric sets for case
9.
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