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Abstract. City develops gradually with the lapse of time. Cities, as a 
‘container’, are injected new urban elements along the trajectory of the 
times and the progress of human civilization, constructing the historical 
structures involved past, present and future. Thus, the cultural 
information of each era is preserved in the urban fabric together and 
urban fabric features are complex and rich, which are difficult to 
capture in traditional design methods. In this paper, we try to use 
Generative Adversarial Networks (GAN), one of the neural network 
algorithms, to explore the inner rules of complex urban morphological 
features and realize the perception of the urban fabric. Neural networks 
are innovatively applied to the larger and more complex city generation 
in this experiment. First, we collect European urban fabric as the dataset, 
then label data to facilitate machine training, use GAN to learn the 
feature of the dataset by adjusting parameters, and analyze the effect of 
the generated results. The automatic feature learning capability of the 
neural networks is used to summarize the inherent patterns and rules in 
urban development which is difficult for human to discover. 

Keywords. Deep Learning; Generative Adversarial Networks; 
Generative Design; Morphology Cognition; Urban Fabric; SDG 11. 

1. Introduction 
Cities are human settlements that develop gradually over time. Maurice Willmore 
Barley (1977) has mentioned that any social value and behavior, no matter how 
abstract they are, can generally be reflected in material forms. And the city is the 
concentrated expression of geographical environment factors, social value, 
economy and politics. Colin Rowe (1983) has expressed his opposition to the 
almost utopian urban design, which is completely detached from the social and 
temporal elements. 

Architects are used to chasing a set of rules as guidelines for design, while the 
real city is a complex aggregation under the influence of time, which is difficult to 
sort out and cannot be simply overlapped. Descending to the level of city plan, 
urban fabric that is immersed in time is also not directly designed by a designer. 
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Urban fabric is a collage of various periods, part of which are determined by local 
regulations, part by the monarch’s will, and part by aesthetic consciousness. With 
the continuous development of computer-aided technology, rule-based generative 
design methods are applied to architectural morphology design at present. 
Although the applications of logical algorithms take architects out of their inherent 
thinking, the collection of complex rules in urban design is hard to express by 
algorithms. Urban designs done under the traditional and rule-based design 
methods inevitably become the dilemma of Rowe’s writing. 

The great breakthroughs of artificial intelligence focus on the direction of neural 
networks and deep learning in recent years. Rather than directly processing the 
input data, neural networks simulate the neural thinking of the human brain, 
allowing the machine to automatically analyze and summarize the data feature. 
The application of neural networks to architecture also provides a new method to 
architecture generative design. The advantage of this data-driven method to 
generative design is that it does not require any parameters of the desired design 
solution to be determined in advance, use the machine to learn the visual 
characteristics of the existing urban fabric automatically, and then generate novel 
projects that mimic data feature. 

2. The complexity of urban fabric and data-driven generation methods 

2.1. THE COMPLEXITY OF URBAN FABRIC  
Urban Fabric is the term that describes the physical characteristics of urban areas, 
which includes the streetscapes, buildings, hard landscape, signage, roads and 
other infrastructure. According to the Conzen school, what historians and 
architects roughly call urban fabric is composed of three interrelated elements. 
First, the city plan, which refers to the street system; second, the plot pattern, the 
division of land; and third, the layout of buildings under the plot pattern (Jeremy, 
2001). City plan referred to here is what M.P. Conzen calls “a system of land 
division and registration consisting of legally protected land ownership”. The land 
use pattern represents the various uses of ground and space. Finally, urban fabric 
refers to the actual three-dimensional physical structure based on the subdivision 
of land parcels. 

Kevin Lynch (1960) argues that the city’s morphology, actual function, the ideas 
and values that people give to the city combine to create a miracle. It is the reason 
that urban fabric built over hundreds of years has shown complicated that is not 
easy to capture. Lewis Mumford (1961) refers to such urban spaces as “containers” 
from their origins, cities have been special structures designed to store and transmit 
the fruits of human civilization. In addition to the complex social factors, urban 
fabric also contains the architecture and construction ideas of each period. Colin 
Rowe (1983) attributes the irregularity of the urban fabric to time, and his collage 
city theory is to consider the existing structure of the city as a skeleton, which 
continuously is injected new urban elements with the spirit of the times. The city 
involves the historical structure in the present and future renewal construction. So, 
it is possible to keep the cultural information of each era side by side in the urban 
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carrier. The early skeleton would “decay and die” over time, and time is the 
element that designers most easily overlook but are also incapable of capturing. 

In addition to time, the order of different periods also determines the urban 
fabric. Urban historian F. Castagnoli (1971) says, an irregular city is a form that 
develops when the people who live on the land take full control of the city. If a 
ruling body had pre-divided the land before handing it over to the users, then 
another uniform pattern of cities would appear accordingly. Spiro Kostof (1991) 
attributes this irregular urban fabric to order, whether the controller of the order is 
the individual people or the city governor. The order also changes constantly over 
time, the complexity and changes of urban fabric are presented with the advance 
of time. 

2.2. DATA-DRIVEN GENERATIVE METHODS 
Neural network algorithms bring new ways of thinking for architectural design. In 
the era of artificial intelligence and data science, data and design mapping 
mechanism based on the neural nets-oriented and data-driven generative method 
can not only avoid accidental and one-sided problems due to individual experience 
but also use neural networks’ ability to automatically learn features to find 
solutions for complex problems (Hinton & Salakhutdinov, 2006). The neural 
network algorithm automatically summarizes the inherent rules from the input 
dataset and describes the common characteristics of the data in the form of coding 
(Bengio et al., 2013), which saves architects the time of data analysis and 
programming, and can also realize more experience-based architectural projects. 
In this case, data is the main driving element, and data filtering and processing are 
the main works that architects need to complete (Hansen et al., 2009). The type 
and quantity of data will directly determine the result and accuracy of the generated 
project. 

When facing complex urban fabric, it is possible to use the ability of neural 
networks to automatically learn morphological features to perceive and learn the 
complex time-immersed cities. Machine learns from the dataset of the existing 
urban fabric. Driven by a large amount of data, machine summarizes by itself the 
universal patterns and rules in the complex fabric left by the development of the 
city. 

2.3. OBJECTIVE 
The interdisciplinary application of computer technology and urban design has a 
long history. In previous studies, the application of deep learning in the field of 
architectural design can only address layout problems in which the logic is 
relatively clear, such as, residential floor plan zoning (Weixin et al., 2018) and 
buildings layout in small plots (Runjia Tian, 2021). With the continuous 
development of neural network algorithms, more complex urban generations with 
unclear rules will also become the focus of discussion, which will provide more 
comprehensive design guidance. 

On this basis, the research purpose of this paper is to explore the strategy of 
urban fabric perception based on neural networks and to realize the automatic 
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urban morphology generative design using Generative Adversarial Networks 
(GAN) model in deep learning technology. After effective training, the generative 
adversarial network model can quickly generate urban layout solutions that meet 
the requirements according to the site conditions in a short time, providing 
candidate solutions while inspiring architects to think about diverse designs in a 
short time. 

In this paper, we take the recent European urban fabric as the experimental 
sample. Firstly, we collect data on the layout of European cities; then we process 
the data to facilitate machine learning, keep the urban layout and the function and 
height data of buildings, and label them. And then we use GAN to train them by 
adjusting the parameters. Finally, the trained model is used to automatically 
generate the city morphology by inputting the initial data of the base such as 
geographical information. 

3. Methodology 

3.1. GENERATING ADVERSARIAL NETWORKS 
Based on the data type and the characteristics of neural networks, we use Image-
to-Image Translation with conditional Generative Adversarial Networks (Isola, 
Zhu et al., 2017) as the main algorithm, which is one of neural networks 
algorithms.  

Generative Adversarial Networks (GAN) consist of a Generator and a 
Discriminator. In the training process, the generator first generates an alternative 
image from the latent space and passes it to the discriminator. The discriminator 
takes either the real image or the alternative image as input and tries to distinguish 
whether the current input is the real data or the alternative data. During the training 
period, the whole process makes the generator and the discriminator play with each 
other, and they promote each other until the discriminator considers the result 
generated by the generator as real. Because of this, the advantages between the two 
combine to complement each other and thus improve the learning ability of the 
machine. The application of Generative Adversarial Networks is further enhanced 
by the proposal of conditional Generative Adversarial Networks (cGAN) (Mirza 
& Osindero, 2014). Compared with GAN, which are generative models that learn 
the mapping of random noise z to output image y, cGAN learns the mapping of 
random noise z and conditional variable x to output image y. In this experiment, 
the conditional variable x is chosen as the input of image information. 

3.2. DATA COLLECTION AND PROCESSING 
According to the experimental objectives, urban fabric data that meet the 
requirements are collected and processed to construct the experiment dataset. Data 
processing includes data sorting, cleaning, analysis and labeling. 

To get the original dataset, we use the open data from OpenStreetMap and batch 
its map information by using QGIS and python. We select 560 pairs of data from 
69 cities, which can represent the typical urban layout of different scales in Europe 
and have the comparative learning value of Generative Adversarial Networks in 
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machine learning. We then classify the dataset type of training dataset in the 
experiment: training dataset A is the image which means basic geographical 
environment, including the main roads, natural green spaces and water system of 
the site, and training dataset B is the image which means urban layout within the 
existing site, including building function, building height, and public space.  

In the data processing step, the original city images are simplified in the form of 
color labeling, with different colors representing various elements in the map 
(Figure 1). The color labeling acts as a supervised signal that guides the network 
to process, extract and transform the visual information to maximize the 
performance of the network on the desired task. In this experiment, the three 
channels of RGB colors are used to represent building information. R and G 
channels represent building functions and the B channel represents building height. 
With labeling of natural elements, roads and rail, these labels can represent most 
of the factors in urban morphology.  

Figure 1: Sample labeling rule 

Then, the labeled OSM data are separated according to attribute and layer.  As 
in Figure 2, training dataset is made based on the classification. The range 
represented by each image is 6.25km2. 
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Figure 2: Part of training dataset 

3.3. TRAINING AND TESTING 
Generative Adversarial Networks are learned by using the collected data. As 
mentioned before, the training sets are divided into two parts: Training dataset A 
contains the base conditions and initial limitations, (i.e., elements such as roads, 
railways, green spaces, and waters), and training dataset B contains the design 
content of the project, (i.e., building functions, building heights and artificial green 
space).  

The images of the training dataset are fed into the GAN model separately, and 
in order to achieve the learning of large-scale urban fabric, the images are adjusted 
into 1024*1024 pixels to match the data structure of the adversarial network. High-
resolution images put new demands on the machine's arithmetic power and the 
original algorithm, and we achieve effective learning of the machine by adjusting 
the parameters. In addition, we adjust the number of net layers and the number of 
neurons in each layer of the neural network, to avoid the frequent overfitting 
phenomenon in deep learning training and break the limits of machine arithmetic 
power. 

The loss values of the generator and discriminator are recorded in Figure 3 
during the training process. The training process is the process of generators and 
discriminators playing against each other. At the equilibrium point, which is also 
the optimal solution of the minimax game the discriminator considers the output 
of the generator as the real data, with a probability of 0.5. Meanwhile, a higher 
discriminator loss value and a lower generator loss value means that the training 
process tends to succeed. The training gradient is set to a constant learning rate 
before 200 epochs, and a decaying learning rate is used after 200 epochs, which 
facilitates better fitting of the data. From the loss images, it can be found that the 
losses of the generator and discriminator stabilize after 330 epochs.  
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As in Figure 4, the generated images which are displayed on the monitor web 
during the training, show that the generated images are blurred at the 10th epoch, 
the generated images at the 50th to 160th epoch recorded are gradually clearer and 
the city streets in the images tend to be more obvious. In the 380th epoch, the 
machine has learned the urban fabric effectively and grasped the more obvious 
urban morphological features. Finally, we choose the 400th epoch trained model 
as the urban generated experimental model. After the model training is completed, 
inputting the testing data including roads, railways, green spaces, and rivers, the 
new urban fabric responding to the base conditions can be quickly output. 

Figure 3: Generator loss (G_LOSS) and Discriminator loss (D_LOSS) during training. 

Figure 4: Output results for each training epoch 

4. Analysis of results 
In this experiment, the existing base information is used to generate urban fabric 
using neural networks, and the generated image is compared with the existing city 
image for similarity to verify the generation effect of neural networks. After 
comparing with Existing city areas, the final model is tried to generate a new urban 
fabric for undeveloped city areas. 

4.1. COMPARING WITH EXISTING CITY AREAS 
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First, we use the geographic information in the existing cities as the test dataset 
input. In general, the generated results show different degrees of similarity and 
difference with the existing urban fabric areas of Liege, Lille, and Vienna (Figure 
5) which are selected as the input for comparison. 

Figure 5: Compare between real images and generated images  

From the comparison between Liege’s synthetic fabric and the existing fabric, 
we can find that the original city’s baroque road networks with Renaissance 
characteristics are replaced by an irregular road network; the block scale shows a 
certain degree of unity; large plots are dismantled; the original high-rise buildings 
are replaced by low-rise buildings, while high-rise buildings appear along the main 
roads and the river. In addition, more artificial green spaces appear scattered 
throughout the city in the synthetic fabric. The radioactive axis network of Lille 
has also been replaced by a large number of blocks and a regional unification of 
block scales. The exhibition center, which is more visible in the original city, has 
been replaced by green space. A continuous green space has appeared along the 
main road on the east side. Compared to Liege and Lille, the overall layout of the 
generated fabric of Vienna remains consistent with the existing fabric and shows 
its consistent diversity, but the number of simulated artificial green spaces 
increases, the location of green spaces is slightly different from those in the existing 
fabric, and the functional height of a small number of buildings changes. 

4.2. GENERATING FOR UNDEVELOPED CITY AREAS 
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We briefly summarize the features of existing fabric in the dataset in advance and 
verify the generated projects by (1) the intrinsic characteristics of the city (e.g., 
block scale, street layout, building distribution), and (2) the response to the input 
information (e.g., railroad, highway, water system, public green space). 

From the synthesized urban fabric images (Figure 6), they are easy to find that 
the urban layout maintains the main characteristics of the existing European cities: 
the block scale is relatively uniform, its side length is controlled at 50-100m; the 
street layout is mostly a natural form of streets based on the appropriate modulus 
of housing buildings, which is locally expressed as an axial network layout; the 
public green space is evenly distributed between the gaps in the blocks; most of the 
high-rise buildings are distributed along the main roads and water. Apart from that, 
the generated fabric images also show that buildings setback along the road roads, 
railroads, and water systems. Railroad stations are generated in the dense areas of 
railroads. At the same time, both effectively deal with the relationship between 
synthetic fabric and the base conditions: the reasonable avoidance of roads, the 
simulation of public green areas. We can also find that the edges of the input natural 
green areas are partially encroached by buildings and other man-made facilities. 

Figure 6: Generated Urban Design Projects 

4.3. APPLICATION 
The above analysis shows that using deep learning, the machine can accomplish 
the learning of the complex morphology of the city at a large scale. The complex 
relationships among building forms, building functions, roads, railroads, green 
spaces, and water systems in the urban fabric are systematically summarized. 

In the process of future applications, on the one hand, the trained GAN model 
will provide architects and designers with rapid generation of urban morphological 
intentions, and the data-driven design method can avoid the chance and one-
sidedness arising from individual experience; on the other hand, the automatic 
feature learning capability of deep learning perceives the hidden inner laws in 
urban data, and the urban fabric generated by machine can inspire designers and 
scholars to think further about the city. 

5. Conclusion 
This experiment has completed the generation of urban morphology based on 
GAN. It demonstrates that deep learning can be an effective tool in perceiving 
urban fabric. By collecting and processing the data, the machine summarizes the 

271



Z. DONG 

general patterns of the traditional European cities, which have lasted for hundreds 
of years and are immersed in time. Time is reflected in the generated urban fabric, 
shapes of streets, the scale of blocks and the picturesque traditional streetscapes 
that are difficult for humans to perceive but relatively easy for machines. 

The data-driven perceptive and generative method opens up a new way of 
thinking for computational architectural design. Although the application of this 
method in real projects has not been proven, architects can use this method to 
broaden their horizons with the power of machines. The urban fabric generation 
tool based on GAN can acquire and process more complex urban elements, quickly 
providing a preview of new design solutions for urban tasks. From the perspective 
of design practice, data processing, neural networks adjusting and generated results 
evaluating is the next step for this research. 
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