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Abstract. The regeneration of the industrial waterfront is a global 
issue, and its significance lies in transforming the waterfront brownfield 
into an eco-friendly, hospitable, and vibrant urban space. However, the 
industrial waterfront naturally has comparatively unmanageable 
morphological features, including linear shape, irregular waterfront 
boundary, and separation with urban networks. Therefore, how to 
subdivide the vacant land and determine the land-use type for each 
subdivision becomes a challenging problem. Accordingly, this study 
proposes an application of machine learning models. It allows the 
generation of morphological elements of the vacant industrial 
waterfront by comparing the before-and-after scenarios of successful 
regeneration projects. The data collected from New York City is used 
as a showcase of this method. 
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1. Introduction 

1.1. RESEARCH BACKGROUND 
Starting from the second half of the twentieth century, the recession of industry left lots 
of deteriorated or underutilized parcels, resulting in weakening ties between water and 
cities (Carpenter and Lozano, 2020). Accordingly, there arise the challenging problems 
of how to subdivide the vacant lands (Yang, 2014) and determine the long-term use for 
these waterfront parcels (Samant, 2017). Basically, these problems require a 
morphological regeneration, including forms and functions, of the waterfront. 

1.2. PROBLEM STATEMENT 

Urban morphology planning is a complex system that involves multiple design 
elements. According to Conzenian tradition, the urban form contains the street system, 
the building system (plots and the buildings located on them), and the land-use pattern  
(Conzen, 1960). In the last decades, several analysis methods or tools are introduced 
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globally to evaluate urban forms, such as Space Syntax (Hillier et al., 1993), Urban 
Network Analysis (Sevtsuk and Mekonnen, 2012), and Form Syntax (Ye et al., 2017). 
These tools sound the argument that the urban form is tangible and quantifiable, and 
they can help designers to evaluate a given scheme. However, these tools are not 
developed for generating new designs, they work only with analysable layouts. 
Besides, when it comes to complex space like the industrial waterfront, involving 
irregular boundaries and vast vacant area, the time required to figure out an analysable 
layout will become much longer. Hence, if we can provide an approach to generate a 
preliminary layout automatically, using it as a reference for designers to further develop 
their ideas or conduct morphological analysis, the efficiency of redesigning the 
industrial waterfront can be improved. 

1.3. OBJECTIVES 

Correspondingly, we propose to use the machine learning method to study whether the 
computer can identify the characteristics of the industrial waterfront and surrounding 
environment, and independently generate new designs based on them. 

Figure 1. An example of the input map and ideal output map 

At present, many studies have shown that machine learning can be applied in the 
fields of architecture and urban planning, such as building footprint generation (Shen 
et al., 2020), urban block reprogramming (Yu, 2020), and urban functional layout (Lin 
et al., 2020). Specifically, we use Generative Adversarial Network (GAN) to conduct 
this research. Such an image-to-image method is suitable for identifying the 
morphological features around the industrial land on the masterplan level, including 
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street network, building footprint, and land-use types.  
To make sure the discussion can be focused on one urban planning context, this 

study takes New York City, where the waterfront space is diverse enough, well 
developed, and following the same urban network system, as the research object. The 
goal of this study is to use the trained neural network to transform a given map of 
industrial waterfront into a map with street networks, building footprints, and land-use 
types (Figure 1). At the same time, this model should be able to give feedback to the 
change of the morphological elements and generate different and reasonable waterfront 
urban space. 

2. Methodology 

2.1. DATASET CONSTRUCTION 

The data set of this study is constructed through two steps. Firstly, the land-use 
shapefile in New York was obtained from the NYC PLUTO Data platform and then 
imported into the Mapbox platform, which contains the street network data. According 
to historical satellite maps, we also created the industrial land tileset on the platform. 
Together, these three tilesets constituted the data source of this paper. 

Figure 2. Dataset construction process 

The second step is data visualization, according to the land-use classification in 
Figure 1, the tilesets were modified as a series of image pairs (A and B). In these pairs, 
different land-use types were labelled with different colours. In image A, the industrial 
lands before regeneration were covered by a distinguishable colour (RGB:127,0,0). 
Namely, image A presented the land condition of the waterfront before regeneration, 
and image B illustrated the morphological features after the regeneration of the same 
site. According to the walking radius of 5 minutes, we took 800m*800m as the research 
scope of each waterfront space (that is, each image includes a circle of 400m radius), 
and cropped the images every 100m along the waterfront. The process ensures that the 
two adjacent maps are related, which is more suitable for analysing the continuous and 
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linear space like the waterfront. Respectively, 336 pictures were cropped from the 
above two maps and were divided into 61 test sets and 275 training sets (Figure 2). The 
275 training sets were used in the training process and the 61 test sets were prepared 
for verifying the results of morphological features generation in section 3.3. 

2.2. NETWORK TRAINING 

Pix2PixHD (Wang et al., 2018), a Generative Adversarial Network (GAN) model, was 
adopted to train the above dataset. In the neutral network, the generator generates 
pseudo images similar to the images in the training set, to increase the probability that 
the discriminator misjudges the accuracy of the images. Figure 3 shows the change of 
the training loss value of the generator and the discriminator in 200 training epochs. 
The entanglement and non-convergence of the two values indicate that the generator 
and the discriminator were competing with each other and evolved simultaneously in 
the training process. Additionally, the comparison of the results of the training set 
(Figure 4) indicates that the generated map is almost consistent with the actual 
morphological map. Therefore, the network training was completed. 

Figure 3. The loss values of the generator and discriminator in the training process 

Figure 4. Selected results of the input image, real land-use map, and the predicted land-use map in 
the training dataset 
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3. Experiments and Results 

3.1. RESULT ENHANCEMENT 
To test the feasibility of the machine learning model, two experiments were conducted. 
The feasibility refers to whether the model can identify the morphological elements of 
the industrial waterfront (such as water boundary, street network, building footprint, 
and land-use types) and can generate different maps according to the changes of 
elements. Since the waterfront space is linear whereas the data used by the generator is 
square, the morphological information at the edge of each input image may not be 
sufficient enough to support a reasonable calculation. To solve this problem, we 
inputted all the images that intersect the input area and then overlapped the 
corresponding output images with 50% transparency (Figure 5). The pixel coordinates 
of each image had been labelled in its file name, which was used for repositioning the 
corresponding output image in the overlapping process. In addition, the sequence to 
overlap the output image was determined by the Euclidean distance between each 
intersected image and the original area, with the original image at the top, followed by 
the picture with the closest Euclidean distance, and so on. The overlapped image was 
then cropped by the original area, resulting in a new map including more 
comprehensive information. Based on this method, two corresponding experiments 
will be discussed below. 

Figure 5. The process to overlap the output images 

3.2. MORPHOLOGICAL FEATURES IDENTIFICATION 
The first experiment was conducted to test whether the neural network could identify 
urban morphological features. We selected three samples from the training set as the 
control group and modified one of their morphological features (water boundary, land-
use composition, or street networks) to build three experimental groups. The results 
generated by the machine learning model are shown below (Figure 6). Generally 
speaking, instead of rigidly copying the urban form in original data, the model can give 
reasonable feedback to the changes of these three elements. 
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Figure 6. The outcomes of the morphological features identification experiment 

Specifically, the input images in experimental group A1 illustrate the same place 
with modified water boundaries. When the shape was slightly changed (A11), the 
output image keeps the building footprint and land-use composition in the original 
scheme. Moreover, when the shape changes dramatically, the generated map could 
adjust the morphological elements to match the new boundary. For example, in A12, 
the vacant parcel is narrow, thus the model only generates open space without setting 
any buildings. In A13, the output building footprints and street networks can still adapt 
to the irregularity of water boundary, and at the same time ensure the connectivity of 
waterfront open space. 
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The input map of group A2 changed on the street network. It turns out that the 
trained model can further subdivide the remaining vacant land (A21-A23) and apply 
various land-use types in different conditions. Group A3 shows that the model can also 
generate the land-use types in the vacant land according to the modifications in the 
existing land-use distribution. Particularly, in A32, the model has recognized a street 
in the middle of the map which is mainly "commercial and office buildings (pink)" and 
extended the feature of this street to the waterfront space. 

3.3. MORPHOLOGICAL FEATURES GENERATION 

In the second experiment, we chose images that were not included in the training 
dataset to verify whether the machine learning model worked in new scenarios. These 
images are included in the "Test label" dataset mentioned above (Figure 2) and have 
not been used in the training process. 

Since the number of samples used in this study is limited, we majorly selected areas 
with irregular shapes or unsatisfactory planning results to build up the data in "Test 
label". On one hand, such a classification helps to ensure the consistency of the training 
data. On the other hand, we can use the output of the "Test label" data to test whether 
the machine learning model can provide a better solution than the original scheme. The 
selected data contains four groups of continuous spaces with different characteristics. 
The maps in Group B1 are similar to the training set, which can be used to verify the 
accuracy of the generated images. The rest three groups of spaces have the following 
characteristics respectively: 

● Group B2 is an undeveloped area that contains an irregular water boundary.  

● Group B3 is characterized by a large vacant area. 

● Group B4 is the location of the United Nations Headquarters. The building is 
characterised by its interference with the urban network. Therefore, this data will 
help to imagine what the building should look like if it echoes the surrounding 
environment. 

It turns out that the generated results are similar to the real status and the model 
could even generate some details that were missing in the original data (Figure 7). The 
output of group B1 identified the shape characteristics of the highway, thus a large area 
of open space was generated on the vacant land. Besides, it recognized that the land 
was wide enough to contain pitches, which was consistent with the real design. In group 
B2, although the site lacks sufficient land-use reference, the model can still generate 
street networks highly similar to the original scheme by aligning the road to the water 
boundary. In group B3, because of the large vacant area, the generated map cannot 
effectively define the distribution of land-use types. However, the generated map 
clearly identifies an east-west road, although the road does not exist in the original land-
use map, it can be found that this road is the main street in the community from the 
satellite map. That is to say, the machine learning model generated a road that was 
missed in the original data (Figure 7b). In group B4, the new map effectively continues 
the standard urban grid of New York City and maintains the combination of the open 
space and institutional land-use type. 
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Figure 7. (a) The outcomes of the morphological features generation experiment; (b) The missed 
street in the original data of group B3 (Source: Google Map) 

4. Discussion 

4.1. RESULTS ANALYSIS 

It can be concluded from the above experiments that the machine learning model is 
more effective for identifying the water boundary and street networks. When it comes 
to land-use types, although the generated dominant land-use is usually correct, the land-
use boundary presented is rather vague, especially when the input data contains large 
vacant land. These phenomena can also reflect three features of the training model: 

● Boundary feature: Open space will generally be set at the vacant land adjacent to 
the water, defining a public space between buildings and the waterfront. If there is 
a street or highway adjacent to the water, dividing the vacant industrial land from 
the waterfront, the buildings will be directly built without in-between open space. 
Such a design logic is clear, thus it can be observed in nearly all regenerated maps. 

● Adjacent feature: The generated land-use type will generally continue the land use 
function of adjacent parcels. If the adjacent parcels are residential use, the vacant 
land will usually be redeveloped as open spaces and pitches instead of copying the 
residential type. However, if the land-use composition of adjacent parcels is 
complex, the generation of land-use will become uncertain. 

● Grid feature: The computer-generated street strictly follows the east-west network 
system of New York City. If the waterfront space locates in the south or north of the 
site, the street tends to be perpendicular to the water boundary instead of continuing 
the south-north grid. This feature is related to the irregular water boundary in the 
south of Manhattan and the lack of waterfront in the north, which also results in the 
distortion of some output maps facing south or north. 
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4.2. FEATURES UTILIZATION 

The above features were then utilized to generate an entire region of vacant industrial 
land rather than a single cropped square. Specifically, we selected the Green Point-
Williamsburg Waterfront as our research object. The region was first divided into 13 
maps according to the crop rule in Chapter 2 and imported to the trained model to 
generate the corresponding new maps. The new maps were then overlaid into a 
continuous image. By observing the image, we artificially mark the parts with clear 
boundaries and add them into the input maps, while leaving the blurry areas unchanged 
with the input colour. The new map becomes the input image for the next iteration 
(Figure 8 left). In each iteration, the machine learning model can generate some 
morphological elements related to the built space based on the above-mentioned 
features, then the newly generated elements can be used as new references to support 
the next iteration. Therefore, after five rounds of iteration, we obtained a waterfront 
map with clear street networks and regularly distributed land-use types (Figure 8 
middle). We further implemented another image-to-image machine learning model 
(Zheng, 2018, Huang and Zheng, 2018) to generate the satellite image from the colour-
coded map, the output image (Figure 8 right) shows a better visualization of the 
generated result. 

Figure 8. Left: The machine-learning-assisted process to generate the Green Point-Williamsburg 
Waterfront; Right: The satellite map was generated from the land-use map by our machine learning 

model 

4.3. CONCLUSION 

To conclude, the research explores the potentiality of GAN to learn and apply the 
morphological rules of industrial waterfront. The proposed methods for data 
preparation and manipulation illustrate the feasibility of understanding a linear, vast, 
and irregular urban space by converting a given area into a series of simple and 
analysable images. Therefore, these methods can help to regenerate other unique urban 
spaces that cannot be simply understood by classical morphological theories. By doing 
so, it is promising to simplify the procedure of early-stage planning to reuse the 
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deteriorated urban space and move forward the process to make a city more diverse, 
inclusive, and sustainable, which matches the Sustainability Development Goals 11 of 
the United Nations, Sustainable Cities and Communities. 
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