
sustainability

Article

Urban Morphological Feature Extraction and
Multi-Dimensional Similarity Analysis Based on
Deep Learning Approaches

Chenyi Cai 1,2,† , Zifeng Guo 2,†, Baizhou Zhang 1 , Xiao Wang 1 , Biao Li 1 and Peng Tang 1,*

����������
�������

Citation: Cai, C.; Guo, Z.; Zhang, B.;

Wang, X.; Li, B.; Tang, P. Urban

Morphological Feature Extraction

and Multi-Dimensional Similarity

Analysis Based on Deep Learning

Approaches. Sustainability 2021, 13,

6859. https://doi.org/10.3390/

su13126859

Academic Editor: Tan Yigitcanlar

Received: 23 May 2021

Accepted: 11 June 2021

Published: 17 June 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 School of Architecture, Southeast University, 2 Sipailou, Nanjing 210096, China; caichenyi@seu.edu.cn or
cai@arch.ethz.ch (C.C.); zhangbaizhou@seu.edu.cn (B.Z.); wangxiao_seu@seu.edu.cn (X.W.);
jz_studio@seu.edu.cn (B.L.)

2 Department of Architecture, Swiss Federal Institute of Technology Zurich (ETHZ), Stefano-Franscini-Platz 1,
8093 Zürich, Switzerland; guo@arch.ethz.ch

* Correspondence: tangpeng@seu.edu.cn
† These authors contributed equally to this work.

Abstract: The study of urban morphology contributes to the evolution of cities and sustainable
development. Urban morphological feature extraction and similarity analysis represents a practi-
cal framework in many studies to interpret and introduce the current built environment to aid in
proposing novel designs. In conventional methods, morphological features are represented based on
qualitative descriptions, symbolical interpretation, or manually selected indicators. However, these
methods could cause subjective bias and limit the generalizability. This study proposes a hybrid
data-driven approach to support quantitative morphological descriptions and multi-dimensional
similarity analysis for urban design decision-making and to further morphology-related studies using
information abundance via a deep-learning approach. We constructed a dataset of 3817 residential
plots with geometrical and related infrastructure information. A deep convolutional neural network,
GoogLeNet, was implemented with the plots’ figure–ground images, by quantifying the morphologi-
cal features into 2048-dimensional feature vectors. We conducted a similarity analysis of the plots by
calculating the Euclidean distance between the high-dimensional feature vectors. Then, a comparison
study was performed by retrieving cases based on the plot shape and plots with buildings separately.
The proposed method considers the overall characteristics of the urban morphology and social
infrastructure situations for similarity analysis. This method is flexible and effective. The proposed
framework indicates the feasibility and potential of integrating task-oriented information to introduce
custom and adequate references via deep learning methods, which could support decision making
and association studies on morphology with urban consequences. This work could serve as a basis
for further typo-morphology studies and other morphology-related ecological, social, and economic
studies for sustainable built environments.

Keywords: urban morphology; deep learning; similarity analysis; cluster analysis; feature extraction

1. Introduction

Urban morphology refers to the multidisciplinary study of urban forms regarding the
physical environment, the cultural preservation process, and sustainable development [1,2].
The morphological approach provides the idea that morphology has the potential to be an
animating force for urban design [3]. Many studies relate urban typo-morphology to studies
of the citizens’ lives, the social economy, and the energy system efficiency [4–6]. Therefore,
urban morphology provides a valuable basis for urban planners and managers. Urban
morphology is related to complex urban system analysis, such as energy performance [7],
citizen behavior, and economic benefits [8].

On the other hand, in the urban renewal process, communications with the as-built
urban fabric need to be considered in urban design. In a study of urban neighborhoods [9],
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evolutionary patterns related to sustainable urban neighborhoods were extracted based on
the morphological classification and clustering of footprint patterns over time.

In addition to simulation-based urban morphological analysis [10], researchers focusd
on data-driven approaches for urban morphological studies recently by considering the
methods for constructing relations between the as-built and the to-be-built environment,
such as multi-dimensional (e.g., the geometric dimension and social dimension) of urban
forms. Technologies, such as 3D scanning, depth detection, multi-directional scanning, and
simultaneous localization and mapping (SLAM) are becoming increasingly sophisticated.
The abundance of web-based map data, such as AutoNavi, Baidu, and OpenStreet Map
(OSM), allows architects to grasp data efficiently. In the information abundance, machine
learning approaches support design by providing designers with previous cases for new
design solutions based on the case-based reasoning (CBR) [11].

In data-driven urban design, learning from reality (in this case, urban morphology)
helps decision makers in making comprehensive design decisions and researchers in the
study of spatial form-related functionality and performance. On one hand, the suggestions
for urban morphology design in the decision-making process take social, environmental,
and economic factors into consideration. The suggestions serve as a reference as well as
guidance for decision-makers.

Urban morphology is the physical carrier of quality of life. In the urban design process,
the lack of a concrete understanding of urban morphology by non-professional decision-
makers limits the space for discussion by designers [12]. Both developers and designers
could develop discussions and ideas from the cases in similar situations, introducing the
information and knowledge. On the other hand, the associations of urban morphology
with functionality and further consequences supports researchers in morphology-related
studies. The suggestions for urban cases could be based not only on the spatial form but
also on the morphology-related traffic networks, energy performance, economic conditions,
and so on, thus, supporting further scientific utility.

Effective morphological quantification methods for cases is crucial in terms of the data
representation for a case retrieval system. However, cities are developed in complicated
historical, economic, and behavioral contexts. Every city is unique in urban form [13]. There
is not a clear-cut answer of the critical factors or the factor weights for city development or
collapse simulation [14]; therefore, deduction and verification methods are challenging to
apply in a comprehensive urban morphology study for urban design. For example, in the
MApUCE tools chain study, a processing chain was proposed to calculate 64 standardized
urban morphological indicators to represent the buildings, blocks, and spatial units [15].

More indicators could be extracted for more precise representation. However, each
indicator’s weight influences the calculation since it should be appropriate for reaching
the global fitting of the instances, and there were still missing factors by selecting and
calculating indicators. Moreover, the critical indicators varied from the cases from different
cultural and historical contexts, which need to be studied and verified. Quantifying the
morphology of a large number of cases with indicators would lead to a generalizability
limitation. Therefore, a descriptive framework for urban support analysis is essential, and
its effectiveness could be shown in the subsequent data analysis and visualization of urban
case retrieval.

In developing an efficient approach for urban morphological quantification meth-
ods for similarity analysis, three facets of obstacles are observed: (1) the construction of
multi-dimensional urban dataset that includes geometrical and social information, (2) the
quantification of urban morphological features with concise but informative descriptions,
and (3) similarity calculations of the extracted morphological features. According to the
above discussion, an automatic data mining method would support the detailed infor-
mation collection of the related infrastructures from various aspects. A fully automated
feature extraction method may help to overcome the drawbacks of manually selecting
indicators and balancing weights. A feature extraction method considering the statistical
and overall characteristics of the instances could be introduced.
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Machine learning approaches help to efficiently represent and retrieve cases from
a considerable amount of data [16]. Deep learning is one of the branches of machine
learning. Deep learning algorithms promote evolutionary methodologies for morphological
analysis. This approach is robust with pictorial datasets because of the development in
convolutional neural networks [17]. The convolutional methods support a fully automated
feature extraction process among a large amount of data. This represents the samples’
characteristics with concise and comprehensive information in feature vectors. Methods,
such as image-data-based (RGB), numerical labeling, and semantic segmentation, are
dedicated to feeding samples into neural networks with continuous and informative
features. Cluster analysis supports comparison and similarity studies by data-deduction
and distance calculating techniques, taking the feature extraction data as a basis.

We clarified our study scope on case retrieval to support design decision-making and
serve as a basis for further scientific utility via deep learning, as, regarding the information
abundance and complexity of cities, we need a solution space implying urban knowledge
rather than certain answers. For example, the efficient similarity analysis of urban asso-
ciations (e.g., the morphology, traffic, energy, and economy) represents the task-oriented
retrieved cases for decision makers in certain applications and researchers for further
scientific analysis, based on texts, images, models, and other representation media carrying
concrete urban information.

Therefore, the construction of the spectrum of cases based on situation similarity is a
promising way to efficiently introduce references from the information abundance for a
wider discussion space for design decision making and precise association of morphology
with urban consequences for scientific studies. The reference’s effectiveness depends on
the case quantification methods and the related social information (e.g., infrastructure,
industrial distribution, and traffic conditions) of the cases. The method would also have
potential for a general search engine in terms of urban morphology. Therefore, an effective
morphological quantification approach and multi-dimension datasets, including related
geometric and social information, would be needed for comprehensive urban design
decision-making.

In this study, we propose a multi-dimensional similarity analysis approach for in-
troducing cases in similar situations from the information abundance. The similarity
analysis includes morphological similarity and social situation similarity. The proposed
method combines data mining and cluster analysis via deep learning, taking the residential
cases in Nanjing, China, for instance. In this study, a multi-dimension dataset, includ-
ing geometrical information and infrastructure information, is constructed. The samples’
morphological features are extracted into high-dimensional feature vectors (HDFV) via a
deep convolutional neural network. This study further completes the case retrieval based
on the HDFV. The architects can retrieve cases according to the plot-shape-similarity or
building-distribution-similarity, along with the infrastructure information. The significance
of the study is as follows:

• This study is an interdisciplinary study that integrates urban design with computer
science and applies the latest deep learning techniques to the study of urban morpho-
logical case retrieval.

• The proposed approach provides a feasible method for quantifying the overall morpho-
logical characteristics automatically and informatively by pictorial-feature-mapping
high-dimensional data, excluding the manual indicator selection process.

• Multiple cases ranking in similarity with the input and social information were
achieved simultaneously, reducing the difficulty in deciding the weights of indicators.

• The proposed method is independent of the cases’ morphological types by learning
from the samples directly. Therefore, it has the flexibility to do clustering and re-
trieval for various urban morphologies, as long as the cases are feeding into the deep
learning model.
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• The framework could be flexible for integrating more environment-related datasets
for image-based similarity analysis, introducing custom references to support the
designer’ decision-making towards sustainable development.

• This work could serve as a basis for further typo-morphology studies and integrate
morphology-related ecological, social, and economic studies for the built environment.

2. Literature Review

In addition to a qualitative and conceptual description of urban morphology, recent
studies have been performed for the quantitative representation of urban morphology,
such as data discretization methods [18]. Researchers utilized various quantification
methods for morphology-to-data transmission by selecting and adjusting indicators. Deep
learning models were used to automatically learn features and classifiers at once by error
backpropagation, adjusting the layers’ importance depending on the problem. Then,
similarity analysis techniques were used to construct an efficient case retrieval system
based on the feeding samples [19].

2.1. Urban Morphological Quantification

Multiple quantitative approaches have been implemented for transmitting morphol-
ogy to data. Researchers have used pre-proposed indicators (e.g., semantic indicators
and geometrical indicators) to index buildings and urban relationships for the following
studies [20]. For example, in the early stage application of case-based reasoning for design,
ARCHIE is an intelligent case browsing system. The cases are represented as attribute-value
pairs with 150 features, including the concept, text, actual number, and function [21]. In the
study of urban typologies [22], block and street types were studied as a context-sensitive
sample of types by describing the cases with semantic and geometric values, such as land
use, length, area, and ground space index (GSI). Nahyun developed a model adopting
case-based reasoning and a genetic algorithm to predict the maintenance costs for aging
residential buildings [8].

On the other hand, hierarchical structures along with symbolic representations have
been constructed to describe urban forms containing plots, buildings, and streets [23,24].
Based on the established hierarchical structure, measurements (e.g., distance and connectiv-
ity) were calculated for further analysis. For example, in the study of spatial design network
analysis (sDNA), Crispin developed a tool for network analysis, which was implemented
for the representation and calculation of the network nodes and link density [25].

Song proposed an access structure to symbolically describe and measure the relations
between the fundamental elements: plots, buildings, and streets. They took eight cases for
similarity analysis to validate the access structure [26]. Although discrete indicators and
structural measurements help in morphology quantification, there are still features that are
hard to describe numerically—especially the geometric information, such as the volume
distribution, directions, shapes, and connections. This leads to a generalizability limitation.

2.2. Similarity Analysis of Urban Morphology

A further step based on the extracted features is to use regression models to cluster
the samples and analyze their similarities. Researchers have used multiple methods, such
as classification, clustering, or ranking the solution-instances to manage the database [27].
In recent decades, researchers emphasized typo-morphology-related, context-sensitive,
and systematic urban form studies, such as socio-ecological spatial morphology [28].
Mathematical methods can also be used for similarity analysis. In the study of case-based
design with 3D mesh architectural models [29], a TRAMMA (Topology Recognition and
Aggregation of Mesh Models of Architecture) method was proposed for the clustering,
retrieving, and reconstructing architectural elements for a new architectural model.

For the urban renewal process, the Roma urban renewal [30] study built a similarity
searching system based on the block shapes to search for cases similar to the new block
shape and adapt the urban fabric to the new site to preserve the historical context. The
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Roman study investigated the case retrieval method for finding a case with similar block
shapes to the block to be designed. They adjusted the pre-defined indicators related to the
cases’ geometric characteristics for input, until they obtained satisfactory retrieved results.
The referred retrieval indicators in the Roman study included the block area, building
density, the block-to-bounding-box ratio, the length-to-width ratio, and the function type.
Then, they generated the flyover above the railway station for their design proposal [31].
The case similarity was detected based on the evaluation of these indicators. Then, one
case that met the input conditions was retrieved from the dataset.

Since the regeneration study based on the retrieved cases required efforts from other
aspects related to specific design tasks, it is important to make the interface for connecting
the case retrieval and regeneration periods. For example, Hua regenerated new 3D mesh
models by combing the parts of the cases based on the extracted floor elements and the
corresponding walls. The extracted elements are the interface connecting the retrieved
cases and the regenerated models [29].

In the Roman study, the retrieved case was arbitrarily applied to a new block auto-
matically by simple geometrical operations (e.g., scaling and rotation), and architects can
adjust the applied results manually based on a visual model software [31]. Therefore, the
regeneration period could be realized by multiple techniques as long as the case retrieval
process is highly automated. Therefore, in this study, we focused on the morphological
quantification method’s efficiency, the ability to bring more cases, and the flexibility for
implementing new datasets for case retrieval.

2.3. Deep Learning for Morphological Analysis

Compared with conventional methods, the advantages of the deep learning method is
that it is an end-to-end (e.g., image to segmentation label) process, with the potential of
connecting task-oriented things [32]. Today, convolutional neural networks (CNNs) are one
of the most prominent deep learning approaches for image processing and computer vision.
In a convolution neural network (CNN), the feature mapping of the images extracts the
input’s underlying features by convolution kernels, promoting deep learning algorithms
in recent decades [33]. Features of the input are continuously convolving into multi-
dimensional vectors layer by layer. Neural networks have been implemented for solving
problems in the field of architecture, such as the prediction of energy performance [34], pat-
tern recognition of 2D images [35], as well as typological form-finding on 3D models [36].

New data analysis techniques have been proposed for the design process to address
the abundance of variables. Neural network techniques, such as classification, prediction,
and cluster analysis, provide technical support for regression models for data analysis.
Cluster analysis is a powerful technique for urban morphological analysis, which extends
the technical support of high efficiency and accuracy for classification and clustering
analysis from a large amount of data.

In a study of typo-morphology in Lisbon [37], the block and street types were classified
based on the prepared plans using the k-means clustering algorithm. The ETH team’s “City
of indexes” project interpreted urban morphological patterns based on the massive data of
city images combined with personal preferences [38].

Concise but informative feature vectors extracted via deep learning were used to
quantitatively characterize morphological features [39]. With the introduction of deep
learning, architects need to focus on formulating inputs related to architectural problems,
understanding the meaning of each layer’s output, and finding the application sceneries.
Since cluster analysis is an unsupervised technique, it excludes labeling data, which is time-
consuming. It automatically features the images with high-dimensional data to support
further analysis.
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3. Materials and Methods

Figure 1 shows the general workflow of our study. First, we collected web map data,
including geometrical information and Point of Interests (POI) in Nanjing, which were
downloaded with the open source AutoNavi API. We filtered the collected data into a
geometrical dataset and additional social information (distribution of related infrastructure)
based on functionality with the ArcGIS software. We exported images for the case slices in
terms of plots.

Second, the morphological features were automatically extracted through a deep
convolutional neural network with inception-v3 modules into high dimensional feature
vectors (HDFV). Third, the cluster analysis was visualized based on the t-SNE algorithm in
a two-dimensional plane. The Euclidean distance was applied to calculate the similarity
between the cases. Finally, the performance of the HDFV on the similarity analysis was
verified by a comparison case retrieval study.

Figure 1. The general workflow of quantitative urban morphological analysis for case-based design via deep learning.

3.1. Dataset Construction

We chose Nanjing for our case study. The study scope focused on applying deep
learning methods to the quantitative study of the urban fabric. The plot morphology is
highly related to the land use of the plot. In Chinese cities, the land use of the plots is
determined according to “GB 50137-2011 Code for Classification of Urban Land Use and
Planning Standards of Development Land” [40], which is an important standard in city and
town planning in China. According to the land sale data in Nanjing, the sold R2 residential
plots were 58.9% in 2017, 42.5% in 2018, and 54.5% in 2019 of all sold land.

This indicates that residential plots occupy a large proportion of the urban plots,
which helps to ensure a sufficient sample size. In addition, the residential plots showed no
significant difference, which can ensure the similarity distribution of the datasets; therefore,
the performance of the quantification method can be tested by making distinctions from
similar morphologies. Therefore, by taking residential plots as the case study, a high-
quality dataset can be obtained. We chose urban plots rather than blocks as research objects
because the plot connects the buildings and the city. The buildings in one plot are usually
planned as a whole. The plots with the same functions have similar design indicators,
which implies the significance of morphological identification.

The AutoNavi open platform provides a web mapping service API in China, where
we downloaded geometric information, navigation, and infrastructure information of a
particular area. As the downloaded data includes all the information visualized on the
web map, we need to filter out the specific data for our study direction according to the
locations or the labels. For example, the Area of Interest (AOI) data includes various
function types of areas, including residence areas, water areas, tourism areas, commercial
areas, and education areas.



Sustainability 2021, 13, 6859 7 of 16

The building boundaries and road networks we downloaded from the platform
involve all buildings and roads in Nanjing city. In addition to map-related geometry
data, infrastructure information can be revealed by Point of Interests (POIs). The POI
contains information, such as the ID, name, category, address, etc., and a series of related
information (e.g., streetscape and user comments) can be obtained by keyword search.
Based on the POIs from Nanjing city, we filtered out the residential-related POIs.

After downloading the data as shapefiles, we filtered out the plot boundaries according
to the “residence” label of AOIs. Then, we filtered out the buildings and roads according to
the locations compared to the filtered areas. These operations were based on ArcGIS. This
study selected the infrastructure categories closely related to residential areas: restaurants,
shopping, physical facilities, public services, medical facilities, education services, and
public traffic. Figure 2 shows the distribution of the different types of POIs, taking one
of the districts of Nanjing: Qinhuai District as an instance. The POIs information was
visualized based on the tableau software.

Figure 2. The distribution of the related infrastructure information around the residential cases
(in Qinhuai District).

Finally, 4172 residential plots were filtered out from Nanjing. Some residential areas
were still under construction or had no building information. Therefore, the dataset
contained 3817 residential areas with valid data. For each residential case, there was
infrastructure information, exported plot images, and geometric models, as well as semantic
information attached as attribute values, including the name, address, map-ID, location,
and site area.

Figure 3 shows the information included in the dataset after we processed the shape-
files and POIs downloaded from the AutoNavi platform. All the plots were exported
to images as training data for the deep convolutional network model. The amount of
infrastructure covered per residential area was calculated based on the service radius of the
POI points and visualized by radar charts. We wrote the codes for drawing radar charts
with JAVA language.

Figure 3. Part of the collected Nanjing residential cases with the attribute information shown on the
ArcGIS platform.
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3.2. Feature Extraction

The convolutional layers extract the overall features by sweeping the image pixels in
a certain step sequence through the convolutional kernel, which is the feature mapping
process (Figure 4). Each kernel is an n*n matrix containing weight values. The high di-
mensional feature vector output after multi-layer convolutional operations could represent
the overall features of the input image because spatially adjacent pixels in an image have
considerable correlations [41].

Figure 4. Schematic of a convolutional kernel sweeping over an image for feature mapping.

To quantify the urban morphological features, we used the deep convolutional neural
network GoogLeNet, which includes the Inception-v3 module. This architecture of the
Inception-v3 module contributes to the high performance of the deep convolutional neural
networks on image classification because it is susceptible to the context of input images [42].
A pre-trained GoogLeNet could be implemented for various feature extraction tasks. The
weights of the kernels were optimized by training the model with the ImageNet dataset [43].
In this way, the deep convolutional neural networks map the image features into high
dimensional feature vectors by feature mapping. Figure 5 briefly illustrates the structure of
the GoogLeNet.

Figure 5. The structure of the GoogLeNet and the 2048-dimensional feature vector output of the bottleneck layer is taken
out as high dimensional feature vectors (HDFV).
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The process of passing an image through a trained convolutional neural network up
to the bottleneck layer can be viewed as a feature extraction process for the image [44].
Typically, the final layer’s output in a convolutional neural network is a number between 0
and 1 to represent the prediction of the categories. Before the linear layer is the so-called
bottleneck layer, the output size of which is 1 × 1 × 2048. The bottleneck layer’s output can
be considered a more concise and representative feature vector of the image. This layer can
represent the features learned by the neural network. Therefore, we take the penultimate
layer’s output, where the dimension of the input image increases to 1 × 1 × 2048. The
output data were collected as HDFV for further comparison. We carried out a comparative
study regarding the case retrieval performance on the plot shape and building distribution,
focusing on the plot shape and plots with distributed buildings as independent inputs.

3.3. Cluster Analysis and Visualization

Using image data of the residence plots as the input for clustering is often impractical
due to the gigantic size of the data matrix converted from the images. Therefore, a process
of dimension reduction is often required. Currently, there are three mainstream techniques
for data reduction: Principal Component Analysis, the t-SNE algorithm, and an Auto-
Encoder. In this experiment, we used the t-SNE algorithm to map high-dimensional feature
points to a two-dimensional plane without losing the information of the feature vectors.
The samples with similar features were placed as neighbors in the cluster cloud (Figure 6).
Figure 6 shows the spectrum of all the cases based on morphological similarity. The left
picture represents the clustering results in terms of the cases’ plot shapes, while the right
picture shows the cases’ plots with buildings. The more similar the cases are, the closer
they are on the clustering map.

Figure 6. Atlas of the clustering analysis of 3817 residential plots in Nanjing, China.

To show the clustering map more clearly, we zoomed in to some parts and present
them in Figure 7. The samples are shown on the same scale. Clusters of squaring, narrow,
or irregular shapes can be intuitively seen in Figure 7a. The result is different in Figure 7b,
where the distribution of buildings influences the clustering result. Different residential
types could be observed, such as plots with few rows of buildings, closely spaced residential
buildings, and loosely arranged villas, etc. We can intuitively see that the plots belonging to
the same cluster have morphological features in common. The cluster analysis performed
better in near-square plot shapes rather than irregular plot shapes, as more cases had
square plots.
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Figure 7. The visualization of the clustering based on plot shape and plots with buildings.

3.4. Similarity Analysis and Case Retrieval

The data of HDFV have the same contribution weights for the similarity analysis,
as they reflect the overall morphological characteristics of each sample rather than the
independent indicators. Therefore, the Euclidean distance was used to calculate the
difference between the input images. The closer the distance was, the more similar the two
cases were. The case retrieval system can rank one or more cases for the target based on the
distance. We constructed a case retrieval system that realized case pairs according to the
plot shape or plots with buildings. When integrated with other sample attributes, architects
can choose the proper ones among the recommended cases according to the specific task.

4. Results and Discussion

After the feature extraction by the deep CNN, each image was assigned with HDFV
and its corresponding attributes (semantic information and infrastructure information).
Four cases were selected to explain the HDFV performance in representing the morpho-
logical similarity of the images. The urban fabric images and the distances between each
HDFV are listed in Figure 8. We conclude that plots b and c, and a and d are pairs of similar
morphological types according to the HDFV distances. Plots a and d are distributed with
intensively lined-up buildings. These are aged residential areas built in the 20th century.
Plots b and c were built in recent decades, also with lined-up buildings but with more
sparse textures.
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Figure 8. The Euclidean distance between the samples.

4.1. Clustering based on Euclidean Distance

To compare the HDFV performance featuring the figure–ground images, we selected
five clusters with different characteristics and picked six samples from each. Figure 9
shows the nearest five cases to the targets according to the plot shape clustering and plot
with building clustering. The five clusters show different characters. For example, cluster 1
has a square plot with lined buildings, while the buildings in cluster 3 are distributed
intensively. The samples in cluster 2 are a relatively small plot with one or two buildings.
The samples in cluster 4 and cluster 5 have linear plots and irregular plots. This result
indicates that samples of different morphology types could be clustered automatically
according to HDFV without the need to pre-define the morphology types.

Figure 9. The plot shape most similar five cases and plot with buildings most similar five cases retrieved based Euclidean
distance between HDFVs.
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The samples in a cluster reflect the similarity in plot shape when clustering based on
plot shape and in building distribution texture when clustering based on the plot with
buildings. For example, in cluster 3, the target is an aged residential area in Nanjing.
According to an architect’s intuitive observation, cases retrieved based on the plot with
buildings were similar to the target, with intensive building texture as the target, while
some plot shapes included corners. On the contrary, for example, in cluster 2, cases
retrieved based on the site shape varied in the building distribution but were similar in
shape. We found potential indicating that the HDFV is sensitive to the urban fabric.

In the deep learning model, the HDFV was calculated by flattening the grayscale
value matrix of the image, reflecting the distribution of n × n pixel matrix values over
a 1 × n × n matrix. The HDFV reflects the morphology characteristic based on the distri-
bution of pixels in an image. Moreover, the HDFV compressed the pixel distribution by
increasing the impacts of effective pixels and decreasing the influence of ineffective pixels.

The clusters represent the similarity in the plot shape or the building texture. Different
morphological characteristics, such as narrow plots with intensively distributed buildings
and irregular plot shapes with multiple buildings, can be observed in terms of the clusters,
consistent with an architect’s intuitive observation. Therefore, the HDFV is sensitive to
the urban morphology indicated by the pixel distribution by carrying the overall and
informative features of the samples.

4.2. Examples of Case Retrieval

We took the case retrieval test as an example (Figure 10). The target plot was close
to a rectangle, with intensively lined up buildings as well as vertical buildings. The
distributions of the relevant infrastructures are shown with the radar chart. The case
retrieval process was completed in seconds.

Figure 10. Comparison study of the case retrieval process by recommending cases based on plot shape and plots
with buildings.
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The building distribution influenced the results when the cases were retrieved based
on plots with buildings. They were more similar in building texture than in plot shape
with the target. For example, case 6 in target one was retrieved based on the plot with
buildings. It had lined-up buildings and vertical ones, and the buildings were distributed
intensively. The building distribution texture was similar to the target, which is like the
aged Nanjing residential plots. Case 1 was retrieved based on the plot shape; therefore,
it showed more similarity in the plot shape, while the building distribution texture was
different from the target.

The results demonstrate the effectiveness of the case retrieval with similar morpholo-
gies based on the morphological quantification method. With the multi-dimensional
dataset, the related information of the case (e.g., name and address) and the distribu-
tion of the related infrastructure could help decision makers and researchers obtain new
information through similar cases to support decision making and further studies.

4.3. Discussions on the Method

The advantages of the proposed method regarding similarity analysis can be discussed
by comparing the study using conventional methods, including the Roma urban renewal
project mentioned in Section 2.2.

First, the HDFV had higher efficiency on the urban fabric quantification and similarity
analysis. In the study of Roman, the authors extracted several geometric indicators to
evaluate the block shape similarity. This took time for the extraction and verification process
of selecting the indicators and balancing each weight. The HDFV carries comprehensive
morphology characteristics by matrix operation of the sample pixels based on the deep
learning model. It saves effort in addressing a large number of images since the whole
process from feature extraction to case retrieval is performed automatically.

Secondly, the HDFV has more generalizability in applying the method to various
urban morphologies. The Roman study had a limitation when evaluating the building
distribution texture similarity. It required another extraction and verification process of
selecting indicators to describe the building distribution characteristics, which is a more
complicated and diverse process compared with describing the block shape. With the
HDFV, we could perform the similarity investigation of plot shape or building distribution
under the same framework. The proposed method goes beyond the morphology types
from different historical contexts because it learns from the samples directly and clusters
them based on the feature vector distance.

Thirdly, the proposed method has more flexibility regarding similarity-based case
retrieval. In the study of Roman, the system recommended another case that was similar
to the input. However, we could find a series of cases that are similar to the input from
sufficient samples. The result space would be broader if there were more samples in the
dataset. In this way, more references and information could be brought to designers.

What is more, the proposed method could broaden the similarity analysis because
it takes related social information (e.g., the infrastructure) into consideration by integrating
a multi-dimensional dataset. In addition to the morphology and the POI information
studied in this experiment, the framework could be implemented for quantification and
similarity analysis with more information related to the urban sustainability. For instance,
the cultural background, the energy performance, the traffic conditions, etc. could be
added to the dataset, depending on the design task. The image-based similarity analysis
can be done via the deep learning model. This would provide precise references in similar
situations to better support the designers’ decision-making towards sustainable cities.

The limitations of this study involve that the highly automated process increases the
difficulty of emphasizing the specialties from a particular aspect. There are three main
limitations. First, the insufficient number of samples with similar plot sizes leads to some
noise in the case retrieval results. The results would be more robust if there were around
1000 cases with similar plot sizes. This limitation could be overcome by simply adding
more cases collected from cities around Nanjing based on AutoNavi.
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Second, all 3D information (e.g., building height and building shape) is lost since the
samples are represented as 2D images for learning. This drawback could be overcome by
adding one more color channel to represent the building height or by using voxels instead
of pixels to describe the plot in three dimensions. Third, the target needs to be trained
together with the cases in the dataset. In other words, once a new target is introduced, the
entire neural network has to be retrained.

5. Conclusions

This morphological similarity analysis represents a helpful analysis framework for
many fields, such as typo-morphological, historical evolution, pre-design contextualization,
and building energy performance. Finding cases in similar situations to the target could
support designers in obtaining new information and knowledge resulting in better decision
making and furthering scientific studies. Quantitative descriptions of urban morphology
provide a baseline for in-depth urban fabric interpretation. This study aimed to develop
a data-driven approach to quantitatively describe urban morphology and to develop a
multi-dimensional case retrieval method for urban design decision-making in the early
stage for association studies on morphology with specific social or economic aspects.

In this study, 3817 residential cases with geometrical and social service information
from Nanjing, China, were filtered to construct the dataset. The data source was exported
as figure–ground images for training the deep CNN GoogLeNet with the inception-v3
module, encoding the images into 2048-dimensional feature vectors based on grayscale
values. The similarity analysis of the cases was verified by calculating the Euclidean
distance between HDFV. A comparison study was conducted in the case retrieval process
to integrate the morphological and infrastructural similarity.

This study demonstrated the feasibility and power of the deep learning network in
urban morphological similarity analysis and multi-dimensional decision making. The
deep learning algorithms provided a method to automatically extract/learn the intrinsic
features from a large amount of data. The morphological features were represented by
HDFV, which contained comprehensive information for the morphological characteristics.

The multi-dimensional case retrieval method can support comprehensive decision-
making and morphology-related scientific studies by providing customers with many
references in similar situations with the target based on the comprehensive and precise
similarity analysis. This method is integrated with easy access to related infrastructure
and social and economic information. Other information that is related to the specific task
(e.g., culture, traffic, energy performance, and economic consequences) could be easily
implemented under the same framework to support decision-making and further scientific
studies regarding associations of morphology and other urban aspects.

Future work will focus on technological improvements and more application sce-
narios. Adding more dimensions to the data source, such as additional color values to
indicate building heights, would be an effective improvement of the model performance.
Approaches to using geometric spatial data as direct inputs to the neural network rather
than figure–ground images will be explored for better computational efficiency and more
precise case retrieval. More typo-morphology-related attributes could be added to the data
sources according to specific scenes.

For example, energy performance, user testimonials, traffic conditions, industrial
distributions, the natural environment, and so on could be introduced for more comprehen-
sive similarity analysis to better support design decision making. In addition, the HDFV
could serve as the interface for connecting retrieved cases and regeneration. For example,
new design proposals could be generated derived from retrieved cases by implementing
energy evaluation and optimization or rule-based generative design.
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