A Hybrid cGAN Framework

For Predictive Spatial Openness Analyses of Urban Open Spaces

S. Elif Serdar Yakut!, Meltem Erdem Kaya?

12Istanbul Technical University

lserdarsa@itu.edu.tr 2erdemme@itu.edu.tr

This paper introduces a novel approach to extracting spatial information from aerial
imagery using a hybrid conditional Generative Adversarial Network (cGAN) model.
Aerial images have long been essential tools for mapping large areas, capturing
settlement patterns and vegetation. However, in complex, small-scale urban
environments, these images often lack detailed volumetric or spatial depth information.
To address this limitation, this study proposes an automated methodology that directly
transforms aerial imagery into predictive spatial openness analyses. The hybrid
framework is structured in three phases: (1) data acquisition and preprocessing, (2)
model development and training, and (3) predictive generation using real-world
examples. The model consists of two interdependent cGANS: the first translates aerial
imagery into segmented plan masks, and the second converts these masks into spatial
openness analyses. The architecture integrates U-Net and PatchGAN structures for high-
resolution outputs. A unique dataset focused on parks and green open spaces in urban
contexts was manually curated and used for training. The results demonstrate that the
system can accurately predict spatial openness and depth characteristics based on visual
similarities, offering a new way to evaluate spatial constraints. This integrated model not
only produces reliable spatial analysis but also enhances the urban design decision-
making process through automated, image-based insights.
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INTRODUCTION

Design and data are intertwined in the current
trajectories of digital technologies. Especially in
open space studies, detecting the spatial
elements is crucial for understanding the dynamic
relationships through time. Aerial imagery has
formed the conception of the monitoring of vast
landscapes since the 1960s. This shift in
perception has changed the capturing of the data
and extraction of specific characteristics as land
use delineation (Ulbricht and Heckendorff, 1998).
On the other hand, aerial imagery provides raw
and mostly embedded information, rather than

detailed and refined sets of data for spatial
elements. By extension of this, land classifications
mostly comprised of excessive and undetailed
characterizations of vast areas such as regional or
natural zones (Desimini and Waldheim, 2017,
p.113). This situation necessitates different spatial
investigations and theoretical foundations for
areas with high spatial complexity and level of
detail such as urbanized settings.

Similar to natural dynamics, cities as living and
evolving organisms, they also can be examined by
their patterns based on both natural and
mathematical language in the formation process
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(Hillier et al, 1976). Based on the placement,
orientation, and composition of structural and
vegetative landscape elements, various spatial
relationships such as human movement, land use
change, or social welfare are formed (Van Nes,
2011). The isovist field has been used as part of
the Space Syntax method based on spatial depth
and human vision to unfold these relationships
between elements and dynamic interactions
(Turner, 2007). Considering, this approach
requires elaborated three-dimensional
information for each sample site with dedicated
calculations to simulate the eye-vision. Even
though, aerial imagery has great potential as an
accessible and extensive data source for urban
settings; extracting the spatial information is a
very challenging issue for complex and detailed
environments such as urban landscapes due to
both resolution and lack of volumetric data.

From this point of view, the research aims to
present an automated predictive spatial openness
analysis methodology directly from aerial images
by focusing on urban open spaces, especially
urban parks. The main objective is to catalyze the
decision-making processes on urban landscapes
by automating the extraction of spatial depth
information quickly and easily. Therefore, the
research introduces a novel approach to reveal
the embedded spatial data with dual conditional
generative adversarial networks model (dual
cGAN), where one model translates aerial images
into masks, the other model converts the
generated masks into a combined openness
analysis. To that end, the proposed hybrid
framework was structured on hybrid data set
generation with parametric isovist analyzing and
pixel-based data labeling for various urban parks.
Following with the model generation of
interdependent dual cGANs training, and finally
prediction of the spatial openness analyses
testing with aerial images based on real-world
examples.
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Conditional GANs in urban context
Generative adversarial networks (GANs), which
have transformed artificial intelligence from an
analytical quest to a generative agent, have
become prominent for a while now (Goodfellow
et al, 2014). As a deep learning model, it has had
a great impact in terms of detecting the patterns
in visuals and generating new images by learning
from dataset as pairs. With this ability to generate
high-resolution images under certain conditions,
it has opened up a new experiential field,
especially in architectural  design, and
subsequently influenced other design disciplines.
The integration of GAN algorithms into design
has evolved rapidly, resulting in the emergence of
architectural plan scheme generations (Huang
and Zheng, 2018; Uzun, Colakoglu and inceoglu,
2020). These have been encountered in urban and
landscape design visions (Liu et al, 2022). It is
clear that GAN algorithms are structured in
different ways depending on the design objective,
scale or context. These models can also be
detailed and elaborated via various research as
conditional GANs according to specific
requirements or constraints (Gui et al,, 2021).
Among contemporary design approaches,
cGANSs are notable as a prevalent methodological
approach in the development of design layout
alternatives (Chaillou, 2020; Min, Zheng and Chen,
2023), and the creation of predictive methods for
time-consuming analyses, including human
movement (Wang et al, 2021), and daylight
simulation (He et al., 2021). It is evident that there
are additional notable examples include
LandscapeGAN (Chen et al, 2023) to produce
design schemes for similar urban parks,
GANmapper (Wu and Biljecki, 2022), which aims
to quickly analyze the lack of data at the urban
scale, Urban-GAN (Quan, 2022), which endeavors
to provide a participatory urban design
environment, and MasterplanGAN (Ye, Du and Ye,
2022), based on fast plan visualization. As these
examples set forth there are two main directions;
plan scheme alternatives and style transferring.



Figure 1
Workflow diagram

Therefore, it can be posited that the
integration of deep learning methodologies into
landscape and urban design processes has not yet
been as direct as the consideration of spatial
details. Due to the complex and dynamic
structure of urban landscape design, which exists
as a result of spatial constraints and potential, as
well as various dynamics, including many physical,
sociological and ecological ones, has not yet been
adequately addressed. In this context, the
objective of the research is to reposition GAN
models in order to reveal the implicit spatial
details of urban parks.

METHODOLGY

The proposed hybrid framework is structured with
two distinct yet interdependent conditional GAN
models, in three main phases; data acquisition
and processing(1), model building and training(2),
and generation of predictive analyses based on
new real-world examples(3). First, data conversion
from aerial imagery is performed by
decomposing the spatial elements into
segmented plan masks. Based on this, an
algorithmic model was structured to generate the
spatial openness analysis. Secondly, a dual cGAN
model, using U-Net and PatchGAN algorithms,
was structured as two nested models to predict
the spatial openness from aerial imagery. While
one model(M1) translates aerial images into
masks, the other model(M2) converts the
generated masks into combined openness
analysis. In doing so, a unique dataset was
manually generated based on urban landscapes
focusing on parks and green open spaces, and the
dual cGANs were subsequently trained. The
research workflow is represented in a diagram
consisting of three phases (Figure 1).
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Data acquisition and preparation

As part of the research focusing on urban
landscapes, a sample of 10 different urban park
projects was selected from prominent projects in
the northern hemisphere. The dataset was created
based on three main types of data: aerial images
collected from specific altitude value, plan masks
which created manually and spatial open analyses
created parametrically for each project.
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Plan masks created as 8 particular labels with
specific color codes, and spatial open analyses as
10 different types. Subsequently, both data
groups were generated based on the physical and
visual accessibility of the area, additionally “edge
effect” for spatial openness analysis using 10
different labels. These labels with related colors
and class numbers that used in model training for
both data groups are shown in a diagram in figure
2. Therewith, spatial openness analysis, which is
one of the important points in the design of urban
landscapes, is evaluated in the context of “edge
effect”. As one of the pillars of landscape ecology,
the “edge effect” suggests that interactions and
densities of organisms vary according to spatial
qualities along boundaries (Dramstad, Olson and
Forman, 1996, p.27). Similarly, urban ecology
highlights this behavior as an analogy for human
interactions in urban open spaces (Pickett and
Cadenasso, 2017). The spatial openness/closure
was developed using the visual coding tool
Grasshopper (GH) to adapt and customize it for
different project areas. Firstly, obstacles
restricting physical movement were defined on
the generated plan masks and boundaries were
determined by dividing the project area into 0.5m
grids. Isovist areas were then generated based on
a 50m axis line and 50 different directions from
each grid point. As a result of this process, field of
view distances were point. By averaging these
data, the values of the obtained in 50 different
directions from each whole area were combined
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and finally the spatial openness analysis was
obtained (Figure 3).

Finally, the acquisition and preparation of
data were grouped into triplets, with the inclusion
of plan masks, spatial openness analyses and
aerial images for each site. Thereafter, the dataset
was created by data augmentation with
operations such as rotation and flipping, and
patching into 256x256 pixels, resulting in a total
of 1792 triplets. The dataset was then split into
training and validation sets with respect to %80
and %20.

Model building and training

The architecture of the GAN model is based on a
zero-sum game consisting of a generator(G) and
a discriminator(D), which force each other to
make mistakes and learn from their mistakes
cyclically. While the generator tries to produce an
image as close as possible to the data set, starting
from the undefined noise with unknown details,
the discriminator tries to capture and discriminate
what this model produces by comparing it with
the original data set. This reciprocal relationship
promises rich potentials for infinite design
experiments (Chaillou, 2020).

Figure 2

Data set labels for
plan masks and
spatial openness
analyses with
accessibility and
edge parameters.

Figure 3
Generation of
spatial openness
analyses



Figure 4

Model structures
and data
integration for
M1(above) and
M2 (below).

In the field of design disciplines, cGAN's

model architecture is based on the fundamentals
of the Pix2Pix algorithm which performs style
transfer between different image pairs depending
on certain conditions to generate high resolution
and consistent output (Isola et al, 2017).
Depending on the research purpose and the data
set, different models have been reorganized as
multi-step (Min, Zheng and Chen, 2023), nested
(Chaillou, 2020) or multiple models (Liu et al,
2022) in a single production process come to the
fore.
The fundamental structure of the Pix2Pix model
architecture comprised a generator, U-net
(Ronneberger, Fischer and Brox, 2015), and a
discriminator, PatchGAN (Isola et al, 2017). The
research model architecture was structured on
this basis, with a difference of loss function
description. Whilst the Pix2Pix algorithm employs
the adversarial loss (L1) in the feedback
mechanism between G and D, within the scope of
this research, the Jaccard coefficient index as
intersection over union (loU) and the cross
entropy (CE) have been utilized in addition to the
adversarial loss function. While the adversarial
loss focuses on the discriminator loss based on
the real or fake images (0-1) produced by the
generator, the Jaccard coefficient index calculates
the accuracy of the generated images as the
intersection over the union segmentations with
respect to the ground truth; and the cross entropy
compares the pixel-based labels in between.
Based on these principles, a dual ¢cGAN model
approach has been developed, with M1 and M2
linked in a nested configuration (Figure 4). While
M1 generates plan masks from aerial imagery and
label_1, M2 predicts a spatial openness analysis
from fake mask of M1 generated and label_2.

Model 1

Model 2

Both models were built using the same cGAN
architecture and trained on different data pairs
and labels as conditions. For M1, aerial images
and plan-mask labels were given as inputs to the
generator (G1), while the discriminator (D1)
compared real plan-masks as additional inputs.
After optimization, the M1 model was trained for
100 epochs using 1434 training and 358
validation pairs of patches with 8 different labels.
As a result, the mean training and validation
metrics were documented as loU and accuracy
values: 0.5436, 0.4982, 0.7734, 0.7319, which are
sufficient to make correct predictions.

A similar training process was performed for
M2, with plan masks and openness analyses as
given inputs to the generator (G2), while the
discriminator (D2) compared real spatial
openness as additional inputs. After optimization,
the M2 model was trained for 50 epochs by
stopping early to avoid overfitting. The same
training and validation data size (1434/358) was
used with 10 different labels. As a result, the mean
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training and validation metrics were documented
as loU and accuracy values: 0.6790, 0.6041,
0.7989, 0.7268, which are even more consistent
than the M2. In figure 5 training metrics with loU,
accuracy and loss function values are shown for
both M1 and M2.

Model 1 opf s

Model 2 .

Subsequent to the conclusion of the training
process, test predictions were generated by
means of random selection from the validation
dataset of both models. A visual comparison was
made between the ground truth of the plan
masks and the generated images from M1. The
results showed that there was a high level of
similarity, but the edges were not as defined as
real inputs. This can be regarded as a slight
deficiency in the representation of the spatial
characteristics of urban landscapes, rather than
spatial diversity potential. In other respects, this
softening can also be observed in the opening
analyses predictions in M2 outputs. Conversely, of
extracting spatial depth information as new this
effect may yield a favorable outcome in terms
predictive details.

Predictive spatial openness analyses

Following the construction of the models, the
optimization and training phases of both models
were finalized as separated processes. Besides the
quantitative evaluation based on training metrics
like loU and accuracy values, also qualitative
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elaboration was conducted as comparison of
ground truth and predicted results of each model
(Figure 6).

When the predicted results showed
convergence with the ground truths based on
label segmentation, the final step was taken to
establish an interconnection between M1 and M2
as a pipeline. To this end, novel real-world project
sites were used to generate spatial openness
analyses as the final output of the dual ¢cGAN
model. These analyses are derived directly from
aerial imagery.

o s 100 1% e M0 % e 1% 200 e

input Plan Mask Predicted Openness

55
I {:
e

W e 1% o MHa

% o 1o e B P 5o a0 om0 e e ae

In addition to the validation and training data
sets, the testing data set was determined to
comprise three real-world project sites, with
consideration given to their locations and
typologies. Following this, Eda U. Gerstacker
Grove (Ann Arbor, Michigan), Hunter's Point
South Waterfront Park (Long Island City,
NewYork), and Governors Island (Manhattan,

Figure 5

Training metrics of
M1 (above) and
M2 (below).

Figure 6
Comparison of M1
and M2 inputs,
ground truths and
predictions as
256x256 pixel
patches.



Figure 7

Pipeline outputs in
comparison of
ground truths and
predicted results
of Eda Gerstaker
project by Stoss.

NewYork) project sites were taken as test samples.
Despite the variation in the size and typology of
these projects, the selection was made regarding
the representing the predominant typologies of
training dataset. The selected typologies
encompassed a campus park in an urban context,
a regional park exhibiting diverse vegetative
patterns, and a coastal park.

In this phase, a pipeline was constructed in
order to interconnect the models that had already

been trained. In this regard, the initial output from

Input P Model 1
al Image Ground Truth Mask

St e

As a result of this holistic prediction process,
was the generation of plan masks and spatial
openness analyses for all three real-world sites in
a very efficient and straightforward manner. A
subsequent examination of the outputs indicated
that the predictions of the classes, including

pavement and grassland, which  were
representing the training dataset dominantly,
primarily yielded optimistic results. Conversely,
classes such as walls, shrubs and structures, and
water, were found to compromise the consistency
of the overall prediction. Especially in the plan
masks, it was observed that the general geometry
of the structural elements could not be obtained
exactly, while it was noticed that water elements
were prominent on unnecessary surfaces.
Alongside the M1 outputs, it can be said that the
M2 outputs were generally consistent, yet
improper due to the lack of spatial information.

Limitations and Adaptation

After deliberately elaboration of the results, which
shown in the figure 8, and the generation process,
couple reasonable limitations can be drawn based

the M1 model was a plan mask, which was
generated in response to the incorporation of
aerial imagery into the system. Thereafter, this
generated plan mask is automatically transmitted
to the M2 model, and the spatial openness
analyses is predicted accordingly. This process
ultimately results in the formulation of a decision-
support tool that facilitates the direct acquisition
of spatial depth information from any given aerial
imagery (Figure 7).

Model 2

Opernss Final Output

Ground Truth

on data set and model structure. However, the
dataset is adequate numerically to obtain fast
spatial data directly from aerial imagery. It turns
out the two main drivers can be highlighted;
instability of the resolution of aerial images and
the imbalances of labels. However, aerial photos
are the most detailed easily accessible data
sources; the qualities differ based on the project
selection and location.  Also, labels were
imbalanced in regard to distribution over dataset.

Considering the pixel counts of the labels for
M1, pavement (163,008 pixels), water (120,136
pixels) and grassland (104,328 pixels) has been
stands out among other balanced labels, as
overrepresented. A similar situation was observed
in the M2 model dataset. Water (2,271,491,800
pixels), multipurpose areas (1,874,134,300 pixels)
and openings (1,191,580,100 pixels) are
overrepresented,  whereas  shrub  groups
(2,888,082 pixels) and, in particular, walls (688,222
pixels) are underrepresented. To overcome this
situation, class-weighted training was introduced.
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Input Real Aerial Images

M1 output Predicted Plan Mask

M2 output Predicted Spatial Openness based on M1 output
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Considering the class-wise loU and accuracy
values obtained during the training processes, the
performance of M1 and M2 differs (Figure 9). The
accuracy values for the wall, structure and shrub
labels, which have low loU scores due to
underrepresentation, are greater than 60% in the
M1 model. Conversely, in the M2 model, the
pixel-based label representation is much more
imbalanced, resulting in inaccurate openness
qualities. Therefore, the M2 model yielded more
predictions based on extensive open space
definitions, such as multipurpose areas or large
disclosures.
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Another limitation can be the architecture of
models that are trained separately and
interconnected as a holistic pipeline, which can
lead to misleading predictions due to cumulative
errors. Taking this data-loss during the connected
generation process into account, it could be
argued that the most significant disadvantage is
undertaking spatial evaluation of the masks
produced by the M1 model when its predictions
are incomplete or inaccurate.

Aside from these limitations, the research
demonstrates significant potential in terms of
methodology and dataset for revealing detailed
spatial characteristics directly from aerial images.
For future research, the loU and accuracy values
in the learning process could be improved by

Figure 8
Predictions

of Hunter's Point
South Waterfront
Park(right) and
Governors Island
park (left) sites
from dual cGAN
pipeline.

Figure 9
Class-wise loU and
accuracy metrics
of plan mask and
openness labels.



enhancing the dataset with homogeneous label
representations. In particular, enlarging the
dataset to cover densely built areas would
improve the ability to predict more complex
spatial characteristics.  This would make the
model much more scalable and adaptable as a
design decision support tool for different areas.
The model can be integrated into design
processes as a stand-alone predictive model,
utilizing an expanded and diverse dataset. As for
future research, there is potential for an
automated add-on to be integrated into GIS
systems, rather than manual and heavily pruned
dataset generation.

CONCLUSIONS

Following the objective of this research a dual
cGAN model was developed for the purpose of
generating spatial openness analyses directly
from an aerial imagery. The aim was to minimize
time-consuming analyses and present a decision
support tool. The development of the dual cGAN
model was informed by data acquisition and
preparation, which involved a hybrid framework
structured upon both manual data labelling and
parametric modelling. The resultant models (M1-
M2) demonstrated high performance in terms of
loU and accuracy metrics, along with the visual
elaborations of individual predictions. However,
two main issues can be highlighted to enhance
the quality and the performance of the overall
framework: The resolution of the aerial images
and the selection of the project site with regard to
homogenity of the labels.

If the resolution differences among selected
aerial images, may caused uncertainty and pixel-
based errors during the training. Correlatively
with the quality and the typology of the sample
sites, label imbalances leads to the biased and
incorrect predictions. As a result, it is evident that,
the large number of labels for each model, and
their heterogeneous dispersion along with the
training dataset, raised the variability of class-wise
loU scores. Therefore, it can be hypothesised that

the expansion of the data set regarding balancing
the label class representation with consistent
resolution will yield substantial enhancements.
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