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A B S T R A C T

Rapid urbanization and global climate change have intensified the Urban Heat Island (UHI) effect. However, 
practical implementation is often constrained by limitations in data availability and computational capacity, 
overlooking the influence of socioeconomic factors and spatial heterogeneity. This study proposed an end-to-end 
urban 3D morphology generation framework that leveraged multimodal datasets, including Local Climate Zones 
(LCZ), Land Surface Temperature (LST), and Population Density (POPH) through a novel CycleGAN-Pix2pix (CP- 
GAN) model chain. Using six representative LCZ areas in Guangzhou as case studies, the research evaluated the 
Urban Morphology Indicators (UMI), Land Use and Land Cover Change (LUCC), and Points of Interest (POI) 
across various responsive generation scenarios to identify urban morphologies that balanced cooling effects with 
socioeconomic and ecological benefits. The results showed that:(1) The CP-GAN achieved robust performance in 
urban morphology generation, demonstrating stable convergence and high precision, with an average structural 
similarity index exceeding 0.811, along with high signal-to-noise ratios and low error metrics. (2) Rising tem
peratures reshaped urban morphology, with every 3◦C increase reducing green space by 5.47% while raising 
commercial activity and impervious surfaces by 2.38% and 2.84%, respectively; (3) Population density drove POI 
clustering but exhibited weaker morphological control than temperature gradients. (4) LCZ4, LCZ5, and LCZ6 
exhibited spatial heterogeneity in UMI, LUCC, and POI responses to temperature and population density vari
ations, necessitating LCZ-specific adaptive strategies. This generative system offers fine-grained 3D morpho
logical solutions to mitigate UHI effects while establishing a transformative framework for sustainable urban 
development.

Abbreviations
CGANs Conditional Generative Adversarial Networks
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MSE Mean Square Error
NSGA-II Non-dominated Sorting Genetic Algorithm II
POI Points of Interest
POPH Population Heat (Population Density)
PSNR Peak Signal-to-Noise Ratio
SSIM Structural Similarity Index
UHI Urban Heat Island
UMI Urban Morphology Indicators
VAE Variational Autoencoder

1. Introduction

Global climate change has increased the frequency and intensity of 
extreme weather events, particularly urban heat island (UHI), signifi
cantly amplifying thermal stress in urban areas. This phenomenon is 
further exacerbated by accelerated global urbanization, characterized 
by uncontrolled spatial expansion and rapid population growth. The 
combined effects of these factors intensify UHI effects, posing critical 
challenges to urban sustainability and resilience (Gu et al., 2024). 
Existing research highlighted the strong correlation between urban 
morphology and environmental conditions (Su et al., 2022; Xu et al., 
2024). Besides, given the localized nature of urban thermal dynamics, 
the block scale provides a more granular perspective for understanding 
the spatial heterogeneity of heat distribution and the interactions be
tween urban morphology and microclimate. These findings underscore 
the urgent need for intelligent, dynamically responsive urban block 
spatial configurations to address the complex impacts of environmental 
and population changes effectively.

To assess how variations in urban morphology influence thermal 
conditions quantitatively, researchers have employed a variety of 
analytical frameworks and classification methods. Among these, Urban 
Structure Types (UST), Urban Climate Zones (UCZ) and Global Urban 
Footprint (GUF) stand out as key tools for examining the spatial and 
structural diversity of urban areas and their effects on local thermal 
patterns (Lee et al., 2019; Heiden et al., 2012). However, these methods 
often fell short in practical applications due to limitations in climate 
relevance, regional specificity, and scale adaptation (Qiu et al., 2018; 
Lee et al., 2019). In contrast, the Local Climate Zone (LCZ) system, 
proposed by Stewart and Oke in 2012, offers a more robust and effective 
framework for such evaluations (Stewart & Oke, 2012). The LCZ 
framework effectively captures urban local climates. These climates are 
shaped by the interaction of local weather patterns, natural geographic 
features, and the three-dimensional (3D) structure of cities. Given its 
moderate spatial scale and detailed representation of building struc
tures, the LCZ is widely regarded as an ideal unit for implementing 
urban morphology optimization strategies to mitigate the UHI effect 
(Zheng et al., 2018; Rodler & Leduc, 2019). This capability lays a solid 
foundation for quantitative analysis of the relationship between urban 
morphological heterogeneity and environmental impacts.

In recent years, the integration of multimodal data has gained 
increasing attention in urban environmental monitoring and planning, 
emerging as a critical tool for addressing urban heat environments and 
dynamic population changes (Dalla Mura et al., 2015; De et al., 2021; 
Roche et al., 2022). Satellite remote sensing data, with its extensive 
coverage and high spatiotemporal resolution, effectively captures LCZ 
and Land Surface Temperature (LST), revealing spatial patterns of urban 
heat environments. However, these static environmental datasets have 
limitations in capturing the dynamic interactions between urban mi
croclimates and human activities. To address this gap, mobile signaling 
data has been introduced as an effective solution. By providing 
real-time, high-frequency information on population density and activ
ity patterns, mobile signaling data enhances the ability to accurately 
understand the influence of population distribution on urban heat en
vironments, offering a more comprehensive perspective on the interplay 
between social behavior and microclimatic conditions.

Current research primarily focused on the impact of urban 

morphology on environmental temperatures, often analyzing existing 
urban environments to diagnose current conditions and summarize 
observed patterns in urban thermal characteristics. Studies consistently 
highlighted the significant influence of 3D urban morphology on urban 
thermal environments. For instance, Cao et al. (2021) demonstrated that 
in Beijing, 3D morphological metrics explained over 60% of temperature 
variations across different scales and seasons. Similarly, Qiao et al. 
(2020) found that 3D morphology, particularly building volume and 
height, significantly enhanced the explanatory power for the urban heat 
island effect at larger spatial scales. Hu et al. (2020) revealed that while 
2D land-use variables were most strongly correlated with LST during 
summer and spring, 3D building-related variables had a greater impact 
in colder weather. Despite these findings, challenges remain in 
analyzing spatial heterogeneity because of the difficulty of obtaining 
high-resolution data and the substantial computational resources 
required for dynamic simulations and modeling. Moreover, current 
studies were often limited to retrospective analyses rather than 
forward-looking solutions. Retrospective approaches focus on proposing 
corrective measures after planning implementation, offering limited 
efficacy. In contrast, prospective solutions involve the evaluation and 
refinement of design plans prior to implementation, facilitating the 
identification of optimal strategies and yielding significantly greater 
impacts. These limitations hinder comprehensive studies of the dynamic 
evolution of urban morphology but simultaneously underscore critical 
directions for future urban planning research. Addressing these gaps 
requires integrating multimodal data and innovative generative tech
nologies to enhance design performance. Additionally, directly simu
lating dynamic changes in urban morphology by modifying 
environmental factors offers a promising avenue for advancing the field.

In recent years, research on automated building morphology gener
ation has grown rapidly. From a methodological perspective, most 
existing studies relied on rule-based approaches and heuristic algo
rithms to optimize environmental performance. Rule-based generation 
methods and evaluation tools, such as shape grammar, automated site 
planning (ASP) models, Non-dominated Sorting Genetic Algorithm II 
(NSGA-II) models, and cellular automata (CA) models, iteratively 
generate building configurations based on predefined rules(Zhou et al., 
2025). For example, Sun and Rao (2020) optimized building layouts in a 
Shanghai neighborhood using the Grasshopper plugin, focusing on 
building height restrictions, plot utilization, and solar radiation assess
ments. Their results showed a 35% improvement in performance for the 
optimal solution compared to the least favorable one. Similarly, Boy
ukliyski et al. (2022) applied genetic algorithms to optimize urban 
building areas and green space configurations while accounting for 
population demands, significantly improving urban planning efficiency. 
However, rule-based generation methods have notable limitations. First, 
defining effective rules requires extensive expert knowledge and design 
experience. Second, the generated design solutions often struggle to 
balance multiple objectives, such as urban aesthetic and environmental 
benefits, leading to reduced diversity and practical applicability. Be
sides, the performance of these algorithms heavily depends on param
eter optimization and trade-offs between objectives, resulting in high 
computational costs and limited generalizability(Zhou et al., 2022).

With the growing application of deep generative methods in design, 
GAN-based approaches have emerged as one of the most prominent 
technologies. Unlike rule-based modeling, learning-based methods do 
not rely on extensive expert knowledge or design experience. They use 
neural networks to automatically learn connections between image 
features and urban morphology. This process is based on real-world 
design cases. Huang et al. (2022) proposed a performance-driven 
urban design process that combines a GAN-based model with 
multi-objective algorithms. Similarly, Wu and Biljecki (2023) created a 
GAN-based model to generate urban morphologies. The model was 
applied to 16 cities. It achieved high accuracy in simulating 
ground-truth urban forms. However, most GAN-based studies primarily 
focused on learning typical urban morphological patterns from sample 
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data, often failing to incorporate environmental requirements and so
cioeconomic contexts into the design process. This limitation reduces 
their practical applicability. These gaps underscore the need for a uni
fied framework that integrates morphology generation with 
socio-economic and ecological development goals, ensuring adaptability 
to diverse planning and design requirements.

Despite significant advances in understanding the interactions be
tween urban morphology and environmental conditions, existing studies 
face critical limitations in their practical application to urban planning 
and design. These limitations include: (1) insufficient integration of 
multimodal data; (2) the lack of performance-driven, rather than rule- 
based, three-dimensional urban morphology generation models; and 
(3) the lack of end-to-end frameworks that replace retrospective ap
proaches with proactive design strategies. To address these research 
gaps, this study introduces an improved GAN-based model, designed to 
automatically generate 3D urban morphology solutions that mitigate the 
UHI effect while ensuring socioeconomic benefits. The model functioned 
as the core of an end-to-end generative system, producing environ
mentally compatible and semantically coherent urban layouts based on 
integrated preset conditions. The specific objectives of this study 
include: (1) Integrating static datasets (LCZ, LST) and dynamic datasets 
(POPH) to construct a multimodal dataset; (2) Developing an automated 
CP-GAN-based 3D morphology generation model achieving controlled 
cooling effects and ensuring socioeconomic benefits; (3) Establishing a 
forward-looking framework to evaluate how land-use patterns and 
urban functionalities in response to thermal environment and de
mographic dynamic changes; This study seeks to deliver practical so
lutions for sustainable development in high-density urban environments 
by balancing tradeoffs among economic, social and ecological devel
opment, ultimately enhancing urban adaptability to environmental 
changes.

2. Methodology and materials

This study proposed an automated generative framework based on 
the CP-GAN model for targeted creation of urban morphologies with 
cooling and socioeconomic benefits. This study was organized into four 
primary stages, as illustrated in Fig. 1: (1) Collecting satellite remote 
sensing data and mobile signaling data to construct a multimodal 
dataset encompassing LCZ, LST, and POPH data. (2) Constructing a 
novel CP-GAN model by integrating CycleGAN and Pix2pix allowed for 
dynamic 3D urban morphology generation; (3) Developing a proactive 
analysis framework that controlled either LST or POPH to evaluate their 
respective impacts on Urban Morphology Indicators (UMIs), Points of 
Interest(POI) and Land Use and Cover Change(LUCC); (4) Establishing a 
multivariate analysis framework, where both temperature and popula
tion density were simultaneously changed to evaluate the resulting in
fluence on UMI, LUCC and POI. This study employed the Grasshopper 
plugin within Rhino software to automate the generation of 3D urban 
morphology, leveraging 2D images produced by generative adversarial 
networks (GANs) as the foundational input. The CP-GAN framework as 
an end-to-end generative system, integrates site conditions and planning 
constraints to produce design solutions tailored to user needs. Addi
tionally, it evaluates the performance of urban sustainability strategies, 
enabling informed decision-making during the early design stages.

2.1. Study area

Guangzhou as the study area for this research, is located between 
22◦26′-23◦56′ N latitude and 112◦57′-114◦3′ E longitude (Fig. 2). 
Guangzhou is the capital and megacity of Guangdong Province, China, 
with an area of about 7434.4 km2. With more than 18.73 million resi
dents, Guangzhou is one of the most densely populated cities in the 
world, with about 2,520 individuals per km2. Guangzhou’s climate falls 
under the Cwa category in the Köppen-Geiger classification. This means 
it has a subtropical monsoon climate. In 2022, the average annual 

temperature was 23.1◦C, with an average summer temperature of 
29.2◦C, which is higher than the average level of the whole province, 
making it one of the famous “Stove Cities” in China. The unique com
bination of high population density, complex urban morphology, and 
significant climate challenges makes Guangzhou a prime example for 
studying the impacts of urban thermal environments and exploring 
strategies to improve thermal performance in subtropical urban areas. 
Based on the categories of LCZs, six types of LCZ sites were selected as 
study areas, representing the typical LCZs in Guangzhou’s high-density 
urban built environment. The locations of these six locations are shown 
in Fig. 2. These six locations represent LCZ1 (GZ01), LCZ2 (GZ02), LCZ4 
(GZ03), LCZ5 (GZ04), LCZ6 (GZ05), and LCZ7 (GZ06), which have 
different architectural forms and functional characteristics.

2.2. Preparation of multimodal data

Multimodal data refers to the integration of diverse data sources 
collected through various sensing mechanisms, enabling a more 
comprehensive analysis of complex urban phenomena. This study 
leveraged a multimodal data fusion approach to deepen the under
standing of microclimate characteristics and population dynamics 
within high-density urban environments. The dataset utilized in this 
research comprised three primary data types: LCZ, LST, and POPH.

LCZ and LST data, derived from satellite remote sensing, serve to 
characterize urban areas in terms of building density, land cover, and 
temperature distribution. These datasets provide a macro-level, static 
view of the urban environment, essential for analyzing spatial patterns 
related to urban heat islands and morphological structures. In contrast, 
POPH are generated from mobile signaling data, which capture high- 
resolution temporal changes in population density and movement pat
terns. This dynamic data offers insights into how human mobility in
fluences the thermal landscape of urban areas. By integrating these 
diverse data modalities, this study can more precisely identify heat- 
sensitive urban zones and analyze their interactions with human activ
ities. The complementary nature of static environmental metrics from 
remote sensing and dynamic social behavior data from mobile signaling 
enhances the accuracy of predictive models.

In addition, it is important to highlight that the datasets used in this 
study—LCZ, LST, and POPH—are relatively accessible. Both LCZ and 
LST data are available globally through public remote sensing platforms, 
enabling the application of this methodology to a wide range of 
geographic contexts. In cases where population heatmap (POPH) data 
might be incomplete or unavailable, alternative proxies, such as night
time light data, can be utilized as substitutes to reflect urban vitality. 
While data imputation methods could be applied to address incomplete 
datasets, these methods might introduce biases or inconsistencies that 
could affect the final results. The simultaneous availability of all three 
data channels is optimal, as each offers distinct and complementary 
information essential for the analysis. The absence of any one channel 
would lead to gaps in the corresponding results components of the 
analysis, thereby limiting the comprehensiveness and accuracy of the 
final results.

2.2.1. Acquisition of LCZ data
This study used LCZ maps generated by the advanced LCZ map 

generator. The tool is provided by the World Urban Database and Access 
Portal Tools (WUDAPT, https://www.wudapt.org/). WUDAPT, struc
tured around the LCZ framework, provided a consistent method for 
mapping urban morphology to support climate and environmental 
research at a global scale (Bechtel et al., 2019). This research employed 
WUDAPT’s Level 0 (L0) tool to produce detailed LCZ maps of Guangz
hou. More than 20 training samples were selected for each LCZ category 
utilizing Google Earth imagery. Building heights and distances between 
buildings were measured using the ruler tool in Google Earth. This was 
done during the sample selection process. Local experts identified 17 
types of Local Climate Zones (LCZs) in Guangzhou. These data were 
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Fig. 1. The workflow of this research. (The relevant data images for the data processing steps are provided in Appendix B for further reference).
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Fig. 2. Locations of Guangzhou and the selected six typical sites.
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processed using the WUDAPT Level 0 LCZ generator and classified with 
an online random forest algorithm at a spatial resolution of 100 meters. 
To improve sample quality, the training process underwent several it
erations until it achieved satisfactory overall accuracy. This effort suc
cessfully produced a detailed LCZ map of Guangzhou, illustrated in 
Fig. 3(a). The analysis showed that vegetated LCZs (LCZ A–D) domi
nated the land cover, particularly in the Hua Du and Cong Hua districts, 
while urbanized areas primarily corresponded to LCZ types 1–7. Given 
the study’s emphasis on high-density urban regions, non-urban areas 
were excluded, and the analysis focused on a key urban center for model 
training (Fig. 3b).

For a detailed investigation, this study selected six representative 
sites within the urban core, each defined by a grid of 600m x 600m units. 
These sites predominantly consisted of LCZs 1-7, with LCZ 3 excluded 
due to its negligible presence in Guangzhou’s urban fabric. The site 
GZ01 encompassed a mix of commercial and residential areas, primarily 
categorized as LCZ 1. GZ02 was mostly residential, featuring a blend of 
LCZ 2 with some commercial elements. GZ03 represented a typical 
residential community with various services and was dominated by LCZ 
4. GZ04 served as a multifunctional zone, combining educational, resi
dential, and commercial uses, predominantly falling under LCZ 5, with 
some areas classified as LCZ 3. GZ05 was largely a residential area, 
primarily consisting of LCZ 6. Lastly, GZ06 comprised a mix of older 
residential buildings and industrial structures, falling mainly within LCZ 
7. LCZ maps for these six sites were extracted from the Guangzhou LCZ 
dataset to facilitate model inference (Fig. 4). The final column repre
sented the POI attributes of each 3D building. In the planar maps, POI 
attributes were depicted as channel values; however, directly converting 
these values into 3D models often resulted in suboptimal visual quality. 
To address this issue and enhance visualization, this study reassigned 
colors to POI attributes in the 3D morphology. Detailed color informa
tion is provided in Table 1.

2.2.2. Acquisition of LST data
This study used the Landsat Collection 2 Science Products Surface 

Temperature dataset. The dataset was obtained from the United States 
Geological Survey (USGS, 2013) It is based on U.S. Landsat Analysis 
Ready Data (USGS, 2023). The data was processed using high scientific 
standards and derived from remote sensing techniques. It is commonly 
used for landscape monitoring and change assessment. The dataset 
provided surface temperature measurements in Kelvin at a 30-meter 
spatial resolution using the World Geodetic System 1984 (WGS84) 
datum. However, due to limitations in data availability, nighttime LST 

measurements were not included, meaning the analysis in this study 
focuses solely on daytime LST values.

The process of generating the LST map for Guangzhou is illustrated 
in Fig. 5. This study first accessed raw LST data from 2023 using the 
USGS EarthExplorer platform, matching it with built environment 
datasets. To ensure both the relevance for environmental design and the 
accuracy, this study only selected LST maps from the summer months 
(June-September) with minimal cloud cover (less than 1 percent), cloud 
shadow, and snow or ice coverage. Four maps were obtained, repre
senting each summer month, and the seasonal average LST was deter
mined using the Raster Calculator tool in ArcGIS. The map was clipped 
to the Guangzhou borough boundaries, and the final output illustrated 
the average daytime summer LST for Guangzhou. Areas of higher gray 
value, appearing whiter on the map, indicated higher LST levels. Water 
bodies outside the main Guangzhou region were excluded from the map 
due to the study’s focus.

2.2.3. Acquisition of population heat map(POPH)
Baidu Heatmap uses real-time geolocation data from smartphone 

users of Baidu products. It calculates pedestrian activity in various urban 
areas. This tool captures the dynamic distribution of populations in 
urban spaces (Fan et al., 2021; Li et al., 2019; Lyu & Zhang, 2019). 
Therefore, this study used Baidu Heatmap to represent the real vitality 
values of neighborhoods. Baidu Heatmap data was collected from 
Guangzhou on 19 to 25 May 2023 (weekdays), avoiding the effects of 
holidays and extreme hot and cold weather. This study collected heat
map data every 2 hours between 8:00 and 22:00. A total of 40 heatmaps 
with a spatial resolution of 3.5 m were analyzed. The real vitality value 
was calculated as the average across different periods on weekdays.

2.2.4. Data encoding
To facilitate the integration of image inputs into surrogate models, 

we performed encoding on LCZ classification and urban morphology 
images. This process is essential for preparing the data and establishing 
the required representations in the surrogate models. The 16 different 
LCZ categories are represented using distinct colors based on RGB 
encoding. LUCC, which includes building outlines and vegetation 
boundaries, is encoded into grayscale images. Additionally, data such as 
POPH, POI, building height, and LST are normalized and then linearly 
mapped into the RGB channel value range. Consequently, the input RGB 
channels represent LCZ, LST, and POPH, while the output channels 
correspond to building height, POI, and LUCC. The dataset consists of 
940 samples, with 70% allocated for training and the remaining 30% for 

Fig. 3. LCZs map of Guang Zhou.
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Fig. 4. LCZ and POI maps of the six typical sites.
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validation. All samples are processed into paired data for training the 
Pix2pix and CycleGAN models.

2.3. The framework of CP-GAN model

Generative Adversarial Networks (GANs) divides into two primary 
elements, including the generator and the discriminator. The generator 
utilizes convolutional layers to create new samples from input vectors, 
while the discriminator assesses these samples’ authenticity, producing 
a probability score (Creswell et al., 2018). The principal aim of GANs is 
to generate data distributions that are indistinguishable from real-world 
samples. This process is driven by a minimax game where the generator 
strives to fool the discriminator, which in turn enhances its ability to 
identify fake data(Zhou et al., 2025). This iterative training ultimately 
yields highly realistic data. Among Conditional GANs (CGANs), Pix2pix 
has been found to surpass CycleGAN in terms of predictive accuracy and 

model robustness (Zhou et al., 2023). Nevertheless, both algorithms 
have unique advantages and limitations. The Pix2pix model excels in 
generating high-quality translations due to its use of paired training 
data, enabling it to capture essential image information effectively and 
deliver clear outputs (Cira et al., 2021). However, it struggles with 
preserving morphological details, particularly in accurately rendering 
pixel information at the edges(Zhu et al., 2025). In contrast, CycleGAN 
addresses this limitation by iteratively learning edge features from in
dividual images, allowing for more precise delineation of morphological 
contours. Its reliance on unpaired data further enhances its versatility 
(Zhu et al., 2017).

To leverage the strengths of both models, this study introduces a 
novel hybrid model, CP-GAN, which integrates the methodologies of 
CycleGAN and Pix2pix. By combining these approaches, CP-GAN over
comes the individual limitations of each model, providing a more ac
curate simulation and generation of urban morphology. The 

Table 1 
Color comparison of POI attributes for 3D buildings.

Fig. 5. Processing of LST datasets.
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architecture of the CP-GAN model is depicted in Fig. 6.
The CP-GAN model integrates the strengths of both Pix2Pix and 

CycleGAN, enabling efficient utilization of both paired and unpaired 
training data for improved image translation(Zhou et al., 2025). Its ar
chitecture operates in two main stages: the Pix2Pix and CycleGAN 
stages.

In the Pix2Pix stage, the model employs a U-Net generator G and a 
PatchGAN discriminator Dto manage paired data. the Pix2Pix is a spe
cific implementation of conditional generative adversarial networks 
(cGANs). The model’s performance is enhanced using a combined loss 
function that combines adversarial loss with L1 loss and L2 loss. The core 
of L CGAN lies in the interaction between the generator and the 
discriminator. These two components are optimized through a game- 
like process. The generator aims to maximize the probability of the 
discriminator making incorrect judgments, while the discriminator 
strives to improve its ability to correctly distinguish real from generated 
data. Ultimately, this competitive relationship achieves equilibrium, 
progressively enhancing the quality of the generated images. The 
adversarial loss function is expressed as: 

L CGAN(G,D) = Ex,y[log(D(x, y))] + Ex,z[log(1 − D(G(x, z)))] (1) 

Where, G is the generator, D is the discriminator, x is the input image, y 
is the real image and z is the random noise.

Additionally, the L1 loss is used to optimize the generator, ensuring 
that the generated samples are sharper and more visually clear. The L1 
loss is mathematically expressed as: 

L L1(G) = Ex,y,z[ ‖ y − G(x, z)‖1] (2) 

The LL1(G), while effective in minimizing pixel-wise differences, is 
prone to overfitting the training images (Aithal et al., 2020). To address 
this limitation, this study added LL2(G) as an extra term in the total loss 
function. This study uses LL2(G) loss minimizes the squared differences 
of each feature, which may result in smoother generated samples. The 
loss function is mathematically expressed as: 

L L2(G) = Ex,y,z[ ‖ y − G(x, z)‖2] (3) 

The combined loss function is expressed as: 

G∗ = argmin
G

max
D

L cGAN(G,D) + λL L1(G) + βL L2(G) (4) 

Where λ and β are tuning parameters that control the relative contri
butions of the two losses. The term argminGmaxDL CGAN(G,D) represents 
the optimization process. Specifically, minG refers to the process of 
adjusting the generator G parameters. The goal is to reduce the likeli
hood that the discriminator D can correctly identify the generated im
ages as fake. Conversely, maxD represents the discriminator’s objective 
to enhance its ability to distinguish real image pairs from generated 

ones. This adversarial interaction continues until a Game-theoretic 
equilibrium (G∗) is achieved, where the G is refined to generate im
ages that accurately reflect the structural features of the ground truth, 
and the D is no longer able to reliably distinguish real from generated 
images (Albert et al., 2018).

In the CycleGAN stage, generator F plays a critical role in mapping 
images from domain Y to domain X, working collaboratively with 
generator G to establish a bidirectional mapping between domains X and 
Y. Specifically, G (GXY ) and F (work alongside discriminators DX and 
DY , facilitating image translation between two domains, X and Y, while 
maintaining cycle consistency. The total loss function in this stage in
corporates adversarial loss and cycle consistency loss, ensuring accurate 
domain translation. It is represented by the following equation: 

G∗, F∗ = argmin
G,F

max
Dx ,DY

L (G, F,DX,DY) (5) 

argminG,FmaxDx ,DY L (G, F,DX,DY) is finding parameters for the Gener
ator (G, F) to minimize (minG,F) the loss of the generator to produce 
samples that are as realistic as possible, spoofing the discriminator and 
the process for the Discriminator (Dx,DY) to maximize (maxDx ,DY ) the 
loss in order to try to distinguish between real and generated samples, 
forcing the generator to continuously improve. Similar to the pix2pix 
model, the G and D continuously compete with each other until reaching 
a Nash equilibrium (G∗,F∗) is reached.

By combining the conditional generation and L1 loss of Pix2Pix with 
the cyclic consistency loss of CycleGAN through these two stages of task 
processing, the total loss function for CP-GAN integrates these compo
nents. The total loss function for CP-GAN integrates these components: 

LCP− GAN = LGAN(G,D) + λL1LL1(G) + LGAN(GYX,DX) + LGAN(GXY ,DY)

+ λcycLcyc(GXY ,GYX) (6) 

LGAN(G,D) represents the adversarial loss in the Pix2Pix stage, where 
G is the generator that transforms input image X into output image Y, 
and D is the discriminator that distinguishes between real image pairs 
(X,Y) and fake pairs (X, G(X)). The term LL1 is a hyperparameter that 
controls the relative importance of theLL1(G), helping to ensure struc
tural similarity. LGAN(GXY ,DY) andLGAN(GYX,DX) represent the adversa
rial losses for the CycleGAN stage. GXYand GYXare the generators that 
translate images between domains X and Y, while DX and DY are the 
discriminators that distinguish between real and generated images in 
domains X and Y respectively. The cycle consistency loss LGAN(GXY ,

GYX)ensures that an image translated from domain X to domain Y and 
back to domain X (and vice versa) remains similar to the original image, 
maintaining semantic consistency. The hyperparameter λcyc controls the 
weight of this cycle consistency loss. By optimizing these loss functions, 
CP-GAN aims to produce high-quality and semantically consistent 

Fig. 6. RGB image channel data fusion.
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images across different domains.

2.4. Performance evaluation

To measure the precision of the GAN training process quantitatively, 
this study employed a set of five commonly used evaluation metrics 
based on a thorough review of the literature. These metrics include the 
Structural Similarity Index (SSIM) (Wang et al., 2004), Peak 
Signal-to-Noise Ratio (PSNR) (Desalegn & Jifara, 2024; Bagavathi et al., 
2024; Samreen & Venu, 2024), Coefficient of Determination (R²) (Lucas 
et al., 2018; Song et al., 2022), Mean Square Error (MSE) (Liang et al., 
2022; Desalegn & Jifara, 2024), Fréchet Inception Distance (FID) 
(Heusel et al., 2017), and Kernel Inception Distance (KID) (Bińkowski 
et al., 2021).The specific calculation formula is as follows: 

SSIM(x, y) =

(
2μxμy + C1

)(
2σxy + C2

)

(
μ2

x + μ2
y + C1

)(
σ2

x + σ2
y + C2

) (7) 

Where μx and μy are the mean brightness values of images x and y, 
respectively. σx and σy are the standard deviations of images x and y, 
respectively. σxy is the covariance between images x and y. C1 and C2 are 
constants used to avoid division by zero. Generally, C1 = (K1L)2 and C2 

= (K2L)2, where K1 = 0.01 and K2 = 0.03, and L is the dynamic range 
(e.g., for 8-bit images, L = 255). 

PSNR = 10 × log10

(
MAX2

I
MSE

)

(8) 

R2 = 1 −

∑m− 1
i=0

∑n− 1
i=0 [I(i, j) − Mean (K)]2

∑m− 1
i=0

∑n− 1
i=0 [K(i, j) − Mean (K)]2

(9) 

MSE =
1

mn
∑m− 1

i=0

∑n− 1

i=0
[I(i, j) − K(i, j)]2 (10) 

Where I(i, j) is the true value of image I, K(i, j)is the predicted value of 
image K, and Mean (K) is the average value of pixels of the genuine 
image K. 

FID =
⃒
⃒μx − μy

⃒
⃒2 − Tr

(
Σx+Σy − 2

̅̅̅̅̅̅̅̅̅̅̅
ΣxΣy

√ )
(11) 

Where |μx − μy|
2 is the sum squared difference between the feature-wise 

mean of both the real and the generated images. Tr
(
Σx + Σy −

2
̅̅̅̅̅̅̅̅̅̅̅
ΣxΣy

√ )
is the difference calculated using the trace of the matrix, x and 

y epresent the covariance matrices of the genuine and generated images 

KID = MMD2(P,Q) = ‖ μP − μQ ‖
2
F (12) 

Where P and Q denote the features extracted from the genuine and 
generated images, respectively. The MMD measures the difference be
tween the feature distributions of P and Q. μP and μQ denote the mean 
values of the features P and Q.

3. Results and discussion

All code is written in Python with the help of the TensorFlow library. 
The experiments were run on a platform built with an Intel Core i5- 
12400 CPU and an NVIDIA GeForce RTX 3070 GPU. The model ran 
for over 1200 training sets, and the total training time was approxi
mately 43 hours. It can be integrated as an API for easier access and use. 
The trained model was deployed on our Transo platform in our lab.

3.1. CP-GAN generation results

3.1.1. Training process and validation of model performance
The loss curves for CP-GAN were depicted in Fig. 7, illustrating the 

training dynamics of both the generator and discriminator. The gener
ator’s loss curve reflects its ability to produce images that deceive the 
discriminator, while the discriminator’s loss curve measures its skill in 
differentiating between real and generated images. Additionally, the 
overall GAN loss curve primarily represents the discriminator’s perfor
mance, whereas the L1 loss curve indicates how accurately the generator 
reconstructs the target images (Huang et al., 2022). As shown in Fig. 7, 
the loss curves for both the generator and discriminator exhibited 
smooth trajectories, suggesting that the model maintained stable per
formance throughout the learning process (Kastner & Dogan, 2023). The 
total GAN loss curve demonstrated a gradual decrease, with stabilization 
occurring after approximately 400 generations. This steady decline 
highlighted the model’s progression toward stability. After 750 epochs, 
the loss reached its minimum value of 15, indicating convergence to
wards the optimal solution. Similarly, the L1 loss curve showed a 
gradual decline during the early training phase, stabilizing around 
generation 200 and achieving its lowest point at generation 750. The 
plots below illustrated the progressive learning effect of the CP-GAN 
model. During the initial 50 iterations, significant changes were 
observed in both the urban morphology and the distribution of POI, 
indicating that the model is still refining its understanding of the spatial 
features. By the 250th iteration, the model began to establish a rudi
mentary yet recognizable urban form, with the POI types largely settled. 
At the 1,000th training iteration, the learning process has effectively 
converged, resulting in a city morphology and POI distribution that 
closely align with the target patterns. This indicated that the model has 
successfully captured the essential contours and spatial characteristics of 
the urban structure.

3.1.2. Validation of model performance
To rigorously evaluate the predictive accuracy of the CP-GAN model, 

this study conducted a comprehensive assessment of its output quality 
using both qualitative and quantitative approaches. This dual assess
ment framework enables a more precise and intuitive analysis of the 
model’s performance, capturing both the visual fidelity and numerical 
accuracy of the generated urban morphology. Fig. 8 presented the 
generated images alongside relative error assessment maps for six 
typical LCZ samples, displaying ground truth maps, urban texture maps 
generated by CP-GAN, 3D regional models, and relative error maps. The 
urban texture maps primarily rely on CP-GAN’s generation capabilities, 
while the 3D models are derived from the texture maps using RGB-based 
automation functions via the Grasshopper plugin in Rhino (S. Zhou 
et al., 2023).

The relative error maps (Last column in Fig. 8) demonstrated mini
mal discrepancy between generated textures and models, highlighting 
the high-quality output of CP-GAN. In the relative error maps, the color 
gradient from blue to red indicated increasing error levels. The analysis 
reveals that, overall, the prediction errors were generally low across the 
selected plots. However, higher error regions (highlighted in red) were 
observed near road-adjacent areas in plots GZ01, GZ05, and GZ06. This 
discrepancy is likely due to pixel-level confusion in the input data, 
particularly in regions where roads intersect with buildings, leading to 
reduced model accuracy in these areas(Fig. 9).

To ensure the optimal performance of the CP-GAN model, this study 
first referred to prior research, particularly studies that utilized similar 
hybrid GAN approaches, to provide an initial range for the λ values. 
Based on these insights, this study employed a grid search method to 
explore different λ values, then conducted an ablation study to evaluate 
the impact of different hyperparameter settings. Specifically, we tested 
eight different combinations of the discriminator learning rate (lear
ning_rate_D), generator learning rate (learning_rate_G), and batch size. 
These combinations were selected based on prior studies and empirical 
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testing, and the performance of each model was evaluated using SSIM as 
the primary performance metric. The results of the ablation experiment 
(Fig. 10) show that Model 4, which had a learning_rate_D of 8.0e-5, a 
learning_rate_G of 1.0e-4, and a batch size of 4, achieved the highest 
SSIM value of 0.811, outperforming all other configurations. This 
combination of hyperparameters was selected as the optimal setting for 
the CP-GAN model in this study. The total loss curve also showed that 
Model 4 achieved smoother convergence with lower overall loss, as 
compared to other models. This ablation study not only demonstrated 
the importance of hyperparameter tuning but also highlighted the 
robustness of the CP-GAN model for urban morphology generation.

This study evaluated the performance of the CP-GAN model in terms 
of image quality and predictive accuracy using metrics such as SSIM, 
PSNR, R², MSE, FID and KID calculated through functions provided by 
the TorchMetrics Python library (TorchMetrics K.L., 2022). The results 
revealed that CP-GAN achieves an average SSIM of 0.811with all indi
vidual values exceeding 0.75, reflecting its strong ability to preserve 
structural fidelity in generated images. The average PSNR of 15.386 
demonstrates the model’s capability to produce low-noise, high-quality 
outputs. With a mean R² of 0.687, the model reliably reconstructs urban 
morphological details. Furthermore, the average MSE of 3317.627 in
dicates acceptable levels of reconstruction error, while the FID and KID 
averages of 19.315 and 1.922, respectively, highlight minimal diver
gence between real and generated images. Collectively, these metrics 

affirm the CP-GAN model’s efficacy and reliability in generating accu
rate, high-quality urban morphology representations (Table 2).

To comprehensively evaluate the performance of CP-GAN, this study 
compared it with another advanced generative model, the Variational 
Autoencoder (VAE) (Fig. 11). VAE is a deep learning model typically 
used to generate high-quality images by learning the distribution of 
input data. The VAE model was trained on the same multimodal dataset 
as CP-GAN. The results showed that VAE had a loss rate of 19.14%, 
which was significantly higher than that of CP-GAN. Moreover, CP-GAN 
exhibited superior performance compared to VAE across multiple kinds 
of evaluated dimensions. Structurally, CP-GAN improved the SSIM score 
by 18.4%, indicating a stronger ability to preserve spatial patterns. The 
PSNR also increased by 13.5%, reflecting enhanced suppression of 
reconstruction noise. From a perceptual standpoint, CP-GAN reduced 
the FID by 17.2% and KID by 12.9%, suggesting that the generated 
images more closely resembled real data distributions. In terms of model 
fit, CP-GAN outperformed VAE with a 15.3% improvement in R², 
highlighting its enhanced explanatory power. Simultaneously, the mean 
squared error dropped by 9.2%, pointing to more accurate predictions 
(Table 2). Visual comparisons of images generated by both models 
revealed that VAE produced incomplete building forms, lacked accuracy 
in building edges, and exhibited missing building units compared to CP- 
GAN (Fig. 11). Based on these findings, CP-GAN demonstrated 
outstanding capability in generating realistic and structurally consistent 

Fig. 7. Model architecture of CP-GAN model.
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urban morphology, making it the model of choice for this study, 
(Figs. 12 and 13).

To evaluate the robustness and responsiveness of the CP-GAN model, 
this study conducted a structured sensitivity analysis focusing on two 
key input variables: Land Surface Temperature (LST) and Population 
Heat (POPH). The analysis was divided into two parts. First, a univariate 
sensitivity analysis was performed, where LST and POPH were inde
pendently adjusted across a range of values to observe their isolated 
effects on the generated urban morphology. Second, a bivariate sensi
tivity analysis was conducted, in which both LST and POPH were varied 
simultaneously to examine their combined influence. These experiments 
aimed to investigate how fluctuations in environmental and de
mographic conditions impact the CP-GAN-generated outputs. The 
detailed results are presented in Sections 3.2 and 3.3.

3.2. Process and results of univariate analysis

Building on the robust generative capabilities of the CP-GAN model, 
as a step toward prospective research, this study investigated how urban 
environmental factors influence urban morphology by adjusting the 
model’s conditional inputs. The model used multimodal inputs, 

integrating LCZ, LST, and POPH, to generate outputs that depict varia
tions in urban features. Specifically, the outputs included visual repre
sentations of changes in POI, LUCC and Build Footprint. Building 
footprints are further utilized to calculate UMIs, which provide quanti
tative metrics for analyzing urban form, like building height, building 
density and floor area ratio. POIs represent significant locations such as 
amenities, residential areas, restaurants, and shops, while LUCC refers to 
changes in land use and surface characteristics, like vegetation and 
impervious surfaces. The subsequent analysis explored the effects of 
independent variations in LST and POPH on POI, LUCC, and UMI to 
further understand their influence on urban spatial patterns. For brevity, 
this study presents an analysis of representative experimental data, with 
the specific indicators and their calculation methods, as well as the 
complete dataset for each parcel, detailed in Appendix 1.

3.2.1. Effect of temperature change on UMI, LUCC and POI
Scenario 1 explored the impact of varying land surface temperature 

(ranging from 18◦C to 49◦C) on POI, LUCC, and UMI across six key 
parcels in Guangzhou (GZ01 to GZ06), while keeping regional popula
tion density constant. Fig. 12 illustrated the predicted changes in POI, 
LUCC, and UMI using line charts, and further provided visual outputs at 

Fig. 8. Training loss curves of CP-GAN.
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three critical temperature benchmarks—25◦C (25% increase), 33.5◦C 
(50% increase), and 42◦C (75% increase). These visualizations offered a 
clearer understanding of how temperature fluctuations influence urban 
spatial patterns and land use dynamics.

The analysis of POI changes across the six parcels revealed distinct 
patterns influenced by rising temperatures. In GZ01 (LCZ1) and GZ02 
(LCZ2), leisure spaces, commercial facilities, and dining establishments 
underwent significant shifts as temperatures increased. Notably, when 
temperatures exceeded 35◦C, there was a sharp rise in the number of 
commercial and entertainment facilities, with the commercial facility 
rate in GZ01 increasing from 0.0947 to 0.2121, and in GZ02 from 0.0597 
to 0.3019. Conversely, residential and public service facilities declined, 
suggesting a shift in population mobility toward commercial and 
entertainment venues under high temperatures, likely due to the cooling 
benefits provided by air conditioning in these spaces (Zullo et al., 2019; 

Yin et al., 2021). However, this shift also implied increased energy 
consumption in these buildings. A similar trend was observed in GZ03 
(LCZ4) and GZ05 (LCZ6), where commercial POIs expanded signifi
cantly. Unlike GZ01 and GZ02, these parcels also experienced marked 
growth in industrial functions. In particular, industrial density surged at 
33.5◦C and 42◦C, indicating a concentration of industrial activities in 
these areas under elevated temperatures. In GZ04 (LCZ5), the patterns of 
entertainment and residential functions aligned with those observed in 
GZ01 and GZ02. Meanwhile, GZ06 (LCZ7), characterized by high green 
cover, showed a rapid increase in shop rate from 0.1 to 0.174 as tem
perature rises from 25◦C to 35◦C.

From the perspective of LUCC, the green rate of all plots decreased 
with the increase of temperature, but the amplitude was different. A 
clear trend emerged where forest and grassland cover in GZ01 (LCZ1) 
and GZ02 (LCZ2) declined sharply after temperature exceeds 30◦C, with 

Fig. 9. Generated images for six locations with their corresponding relative error evaluation maps. Note: Dark red and blue pixels highlight major differences 
between the actual and predicted values, while light-colored pixels indicate accurate predictions.
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an almost complete loss of forest observed above 40◦C. For instance, in 
GZ02, the forest rate decreased from 0.2981 to 0.0120, while the 
grassland rate dropped from 0.1208 to 0.0247. These results aligned 
with Biao et al. (2012), who found that hot cities exhibit significantly 
lower green space coverage compared to cooler cities, which in turn 
increases the proportion of impervious surfaces and exacerbates urban 
heat island effect. Similarly, GZ03 (LCZ4) and GZ05 (LCZ6) also showed 
substantial reductions in forest and grass cover under rising tempera
ture. The temperature thresholds for changes in impervious rates varied 
significantly across different LCZs. For example, GZ01 (LCZ1) and GZ02 
(LCZ2) exhibited rapid increases in impervious surface rates when 
temperatures exceeded 30◦C, while GZ04 (LCZ5) and GZ05 (LCZ6) 
showed a marked acceleration only at temperatures above 42◦C. In 
contrast, GZ06 (LCZ7) experienced a sharp rise in impervious surface 
rates when temperatures surpassed 25◦C. These variations likely 
contribute to more pronounced spatial heterogeneity in Urban Heat Is
land (UHI) effects at the local scale (Unger et al., 2018). The underlying 
causes of these differences are rooted in the distinct characteristics of 
each LCZ. High-density, high-rise zones face increasing functional de
mands as temperatures rise, driving the expansion of hardened surfaces 
to accommodate these needs. In contrast, medium- and low-density 
areas have lower building densities, leading to slower functional 
changes and a delayed response to temperature increases. Meanwhile, 
low-density, green-covered zones are highly sensitive to temperature 
fluctuations due to their ecological characteristics.

From the standpoint of UMI, the BCR in GZ01 (LCZ1) and GZ03 
(LCZ4) initially decreased slightly with rising temperature, followed by 

an increase, eventually stabilizing around 37◦C. This indicated that the 
impact of temperature on building coverage is more pronounced in non- 
high-rise building zones compared to high-rise zones. This difference is 
primarily because high-rise zones, such as LCZ1 and LCZ4, typically 
already exhibit building coverage rates near their upper limits, leaving 
limited room for further increases in response to temperature variations 
(Xu et al., 2022). Similarly, the FAR in GZ01 (LCZ1), GZ02 (LCZ2), and 
GZ03 (LCZ4) followed a comparable trend, with a slight initial decline as 
temperature rose, followed by an increase, and stabilization beyond 
37◦C. In contrast, the FAR in other parcels showed no significant 
response to temperature changes, suggesting that mid- to high-rise 
buildings are more sensitive to thermal variations in their volumetric 
utilization than low-rise structures.

In conclusion, rising temperatures exert a substantial influence on 
specific land uses, notably leading to the degradation of green spaces 
and residential zones, while concurrently amplifying the share of com
mercial activities. The data indicate that for every 3◦C increase in 
temperature, the average green space coverage across various LCZs 
decreases by 5.47%, commercial activity increases by 2.38%, and 
impervious surface rates rise by 2.84%. In contrast, industrial and 
entertainment functions demonstrate greater resilience to thermal 
stress, exhibiting reduced sensitivity to temperature fluctuations. This 
study highlighted that open spaces are more vulnerable to ecological 
degradation and urban hardening under high-temperature conditions 
compared to compact areas. These findings underscored the necessity 
for urban planners to prioritize green space design in open areas to 
enhance resilience against climate-induced stresses.

Fig. 10. The results of the ablation experiment.

Table 2 
Performance comparison of CP-GAN and VAE using testing datasets.

Model Name Sites SSIM PSNR R2 MSE FID KID

CP-GAN GZ01 0.810 15.182 0.750 3398.508 22.360 2.240
GZ02 0.761 14.201 0.542 4043.479 24.850 2.480
GZ03 0.869 16.696 0.865 2599.210 14.890 1.490
GZ04 0.840 16.361 0.772 2757.957 16.790 1.680
GZ05 0.836 15.227 0.656 3371.592 17.670 1.710
GZ06 0.752 14.649 0.539 3735.017 19.330 1.930
Average 0.811 15.386 0.687 3317.627 19.315 1.922

VAE GZ01 0.694 13.345 0.592 3321.641 24.194 2.787
GZ02 0.689 12.905 0.502 3441.374 28.527 1.166
GZ03 0.684 13.613 0.613 4105.117 18.739 2.702
GZ04 0.684 13.518 0.640 3670.138 23.210 2.928
GZ05 0.683 14.080 0.589 3786.852 23.784 1.003
GZ06 0.675 13.878 0.640 3607.490 21.467 2.647
Average 0.685 13.556 0.596 3655.435 23.320 2.206
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3.2.2. Effect of population density change on POI, LUCC and UMI
Scenario 2 explored the impact of varying population density 

(ranging from 85 to 1196 people/km²) on POI, LUCC, and UMI across six 
key parcels in Guangzhou (GZ01 to GZ06), while keeping regional land 
surface temperature constant. Fig. 13 illustrated the predicted changes 
in POI, LUCC, and UMI using line charts, and further provides visual 
outputs at three critical population density benchmarks—342 people/ 
km² (25% increase), 598 people/km² (50% increase), and 940 people/ 
km² (75% increase). These visualizations offered a clearer understand
ing of how population density fluctuations influence urban spatial pat
terns and land use dynamics under certain climate conditions.

The analysis of POI distribution revealed that as population density 
increases, commercial, entertainment, and dining facilities become 
more concentrated, indicating a clustering effect of economic activities 
and services in high-density areas (Zhao et al., 2020). For instance, in 
GZ01 (LCZ1), the concentration of commercial and public facilities 
increased significantly as population density rises from 342 to 940 
people per square kilometer. Although higher population density led to a 
greater concentration of POI, the land use proportion of POI remained 
relatively stable, showing much less variation compared to the shifts 
observed under changing temperature conditions. This suggests that 
changes in the distribution of POI have a greater impact on the urban 
thermal environment than on the urban population.

Within the framework of LUCC, increasing population density was 
associated with a decline in forest and grassland coverage. For example, 
in GZ01 (LCZ1), forest rate decreased from 0.166 to 0.115, while 
grassland rate dropped from 0.0695 to 0.045. These findings were 
consistent with those of Li et al. (2019), who reported that urbanization 
and population pressure significantly reduce ecological spaces. Notably, 

the decline in green coverage driven by population density appeared to 
follow a more linear and gradual trend compared to the fluctuations 
observed under changing temperature conditions. Furthermore, imper
vious rates increased with rising population density in GZ05 (LCZ6) and 
GZ06 (LCZ7), whereas in GZ02 (LCZ2), GZ03 (LCZ4), and GZ05 (LCZ5), 
these rates remained relatively stable. This disparity could be attributed 
to the lower initial development intensity in low-rise building areas, 
which allows for an increase in impervious surfaces through new 
infrastructure to accommodate population growth. In contrast, other 
zones were more fully developed, and population increases were pri
marily reflected in the optimization of spatial functions rather than 
additional infrastructure development. Importantly, temperature 
changes exerted a broader and more significant impact on impervious 
rates compared to population density. This is because temperature 
variations drive adjustments in urban infrastructure and functionality at 
a city-wide scale, whereas the effects of population density are more 
localized to specific areas (Pan et al., 2023).

Considering UMI, variations in BCR across parcels exhibited distinct 
patterns in response to changes in population density. In GZ01 (LCZ1), 
GZ02 (LCZ2), GZ03 (LCZ4), and GZ04 (LCZ5), the BCR increased with 
rising population density, whereas in GZ05 (LCZ6), it remained rela
tively stable, and in GZ06 (LCZ7), it even decreased. This variation arose 
from the spatial heterogeneity of urban structures, reflecting differences 
in land use policies and planning objectives across regions. In urban core 
areas, higher land-use intensity is required to accommodate population 
growth (Zhao et al., 2023). In contrast, open zones such as LCZ6 and 
LCZ7 experience a decline in BCR due to the constraints imposed by 
green spaces and lower building densities (Yu et al., 2010). Similarly, 
the FAR increased with population density in high-rise zones such as 

Fig. 11. Comparison of CP-GAN and VAE model performances.
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Fig. 12. Simulation analysis of changes in land use and urban functions of the six LCZ parcels under Scenario 1.
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Fig. 13. Simulation analysis of changes in land use and urban functions of the six LCZ parcels under Scenario 2.
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GZ01 (LCZ1) and GZ03 (LCZ4), reflecting the trend of vertical expansion 
in urban centers to meet urbanization demands (Li et al., 2021).

Overall, commercial, entertainment, and dining facilities exhibited a 
clustering effect in high-density areas, though changes in land use pro
portions remained minimal. Green space coverage decreased linearly 
with rising population density, while population density significantly 
influenced the BCR and FAR in high-rise building parcels. However, its 
impact on the diversity of POI and UMI across most parcels was rela
tively limited. Compared to the effects of temperature fluctuations, the 

influence of population density changes on land use and urban 
morphology was considerably smaller.

3.3. Process and results of bivariate analysis

This section employed a dual-factor analysis to investigate the 
combined effects of temperature and population density on POI, LUCC, 
and UMI, providing insights into their collective impact on urban spatial 
morphology. The study focused on parcels within LCZ4, LCZ5, and LCZ6 

Fig. 14. Simulation analysis of changes in land use and urban functions of the LCZ4 under Scenario 3.
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in Guangzhou due to their distinctive urban morphological character
istics, which represent a broad spectrum of density, building height, and 
land-use diversity. Other LCZ types were excluded due to their limited 
diversity in POI and LUCC characteristics or lower sensitivity to the 
combined effects of temperature and population density, making them 
less relevant to the objectives of this study.

Scenario 3 explored the impact of varying land surface temperature 
(ranging from 18◦C to 49◦C) and population density (ranging from 85 to 
1196 people/km²) on POI, LUCC, and UMI across these three parcels. 

Figs. 14-16 illustrated the predicted changes in POI, LUCC, and UMI of 
LCZ4, LCZ5, LCZ6 using line charts respectively, and further provided 
visual outputs at three critical benchmarks—25◦C with a population 
density of 342 people/km² (25% increase), 33.5◦C with 598 people/km² 
(50% increase), and 42◦C with 940 people/km² (75% increase). These 
visualizations offered a clearer understanding of how temperature and 
population density fluctuations synergistically drive urban spatial pat
terns and land use dynamics.

Fig. 15. Simulation analysis of changes in land use and urban functions of the LCZ5 under Scenario 3.
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3.3.1. The analysis of the LCZ4
LCZ4 captures high-density urban centers with significant economic 

activities, and this study can gain insight into the dynamics of space use 
and resource allocation under different temperature and population 
density conditions in urban centers by analyzing this site. In terms of 
POI, Industrial land use under higher population density exhibited a 
dynamic response pattern characterized by two significant fluctuations. 
Specifically, the proportion of industrial land decreased from 0.105 at 
18.4◦C to 0.068 at 27.8◦C, rises again to 0.125 at 40◦C, and subsequently 

declined to 0.097 at 46◦C. These fluctuations could be attributed to the 
complex interplay between environmental constraints and socio- 
economic demands. Additionally, this pattern highlights the critical 
role of specific temperature thresholds, such as 27.8◦C and 40◦C, in 
influencing industrial land use decisions within LCZ4. Meanwhile, 
restaurant land use fluctuated even more prominently. The restaurant 
rate peaked at 0.121 at 27.8◦C and a population density of 740 people/ 
km² but decreased slightly to 0.107 at 46◦C. This also reflected the 
phenomenon that with increasing temperature, restaurants first expand 

Fig. 16. Simulation analysis of changes in land use and urban functions of the LCZ6 under Scenario 3.
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their operations to outdoor spaces, followed by a subsequent contraction 
back to indoor areas.

Focusing on LUCC, the forest rate declined markedly as urban 
development intensified. Initially at 0.232 in cooler, low-density con
ditions (18.4◦C, 56.9 people/km²), the forest rate decreased sharply to 
0.051 at higher temperatures and densities. Although the grassland rate 
fluctuated with rising temperature and density, overall, it decreased 
from 0.113 at low temperatures to 0.062 under high temperature and 
density conditions. This indicated that urban green spaces in the area 
play a crucial role in regulating urban temperature and population 
density, with forests exhibiting a significantly greater impact compared 
to grasslands (Lei et al., 2014; Vieira et al., 2018; Zhou et al., 2019). The 
impervious rate also served as a key indicator, demonstrating notable 
changes in urban development intensity. As both temperature and 
population density rise, this rate increased to 0.31 at 46.6◦C and 1,195 
people/km², suggesting High temperature and population growth 
necessitate a high proportion of impervious surfaces to provide adequate 
support, consistent with literature on the urban heat island effect and 
impervious surface dynamics (Sun et al., 2022).

3.3.2. The analysis of the LCZ5
LCZ5 reflects transitional zones with mixed land-use characteristics, 

and this study can gain insight into the dynamics of space use and 
resource allocation under different temperature and population density 
conditions in transitional zones by analyzing this site. In terms of POI, 
the differentiation in industrial land use under high-temperature con
ditions highlighted the spatial heterogeneity of urban functions and 
adaptive responses. In high-density areas, the industrial land use rate 
accelerated to 0.124, driven by the demand for economic expansion and 
intensified land-use efficiency to support population growth. In contrast, 
in medium- and low-density areas, the industrial land use rate stabilized 
around 0.1, reflecting a focus on maintaining land-use stability and 
prioritizing environmental sustainability. This divergence underscored 
the role of population density as a key driver of industrial growth, 
shaping the varying responses of industrial land allocation to environ
mental pressures across different urban contexts.

Pertaining to LUCC, impervious rate generally rose with increasing 
temperature and population density, reflecting intensified construction 
activity under these conditions (Hua et al., 2020). However, there was a 
notable dip in the 30–35◦C range, suggesting that in moderate temper
atures, urban planning may prioritize comfort and ecological consider
ations over further construction. Exploring UMI, The BCR similarly 
peaked at 0.185 between 40–45◦C and 900 to 1,100 people/km², 
underscoring heightened land development intensity under extreme 
conditions (Wang et al., 2024). This ratio slightly declined in the 
30–35◦C range, due to more green space being allocated at moderate 
temperatures.

3.3.3. The analysis of the LCZ6
LCZ6 represents low-density urban areas that balance built-up spaces 

and green cover, and this study can gain insight into the dynamics of 
space use and resource allocation under different temperature and 
population density conditions in low-density urban areas by analyzing 
this site. About POIs of LCZ6 parcel, the industrial land use rate in LCZ6 
stabilized at 0.13 after reaching its peak around 40◦C, demonstrating the 
resilience of low-density areas like LCZ6 in maintaining functional bal
ance under high-temperature conditions. This contrasted with the more 
dynamic industrial land use changes observed in medium- and high- 
density zones under similar thermal stresses. The stabilization at 0.13 
also suggested that, in low-density regions, this value may represent a 
threshold for industrial land use under such environmental conditions, 
highlighting the unique adaptive characteristics of LCZ6 in response to 
thermal and spatial constraints.

Analyzing LUCC, forest cover was better preserved in moderate- 
density and moderate-temperature areas, which peaked at 0.28 under 
densities of 400–600 people/km² and around 35◦C. Meanwhile, in LCZ6, 

the grassland rate remained stable at approximately 0.1, regardless of 
changes in temperature or population density. This stability could be 
attributed to the relatively simple ecological function and high adapt
ability of grasslands, which allow them to be distributed across diverse 
environmental conditions. Additionally, grasslands were often charac
terized by dispersed land use and low economic development potential, 
leading to a lower priority for conversion or development. Besides, the 
impervious rate increased with both temperature and density, though a 
slight decline occurs in the 35–40◦C range.

3.3.4. Differences of these LCZs
A comparative analysis of Guangzhou’s LCZ4, LCZ5, and LCZ6 

highlighted both similarities and differences in the performance of UMI, 
POI, and LUCC under varying temperature and population density 
conditions. For UMI, the BCR in LCZ4 and LCZ6 showed a linear increase 
with rising temperatures, while LCZ5 demonstrated a minor peak at 
approximately 30◦C, followed by a fluctuating upward trend. This 
variability in LCZ5 might result from increased commercial activities or 
short-term residential demands with this comfortable temperature. In 
contrast, the BH and FAR exhibited similar patterns across all three LCZ 
types, indicating consistent responses to temperature and population 
density variations.

From a LUCC perspective, LCZ4 retained relatively high grassland 
and forest rates under favorable temperature and low-density conditions 
(20◦C, 200 people/km²), with values of 0.12 and 0.24, respectively. 
Similarly, LCZ6 maintained high ecological coverage under comparable 
conditions. In contrast, LCZ5 achieved notable grassland and forest 
coverage only near 35◦C. These variations indicated that green spaces in 
LCZ4 areas effectively mitigate urban heat island effects. In contrast, 
urban green spaces in LCZ5 and LCZ6 exhibited limited effectiveness in 
mitigating urban heat island effects. This outcome might primarily 
result from the vegetation composition or potential errors inherent in 
the model’s generation process.

On the basis of POI, LCZ6 showed a sharp increase in shop density 
around 30◦C, whereas LCZ4 and LCZ5 exhibited a gradual and steady 
rise with increasing temperature. This difference was likely due to the 
higher flexibility of commercial layouts in low-rise areas, which allowed 
for rapid responses to consumer demand under favorable conditions. 
Conversely, commercial facilities in LCZ4 and LCZ5 were more 
concentrated, with longer development cycles and less adaptability to 
temperature fluctuations. Other POI categoried across the three LCZ 
types display largely consistent changes.

In conclusion, under the combined influences of temperature and 
population density, LCZ4, LCZ5, and LCZ6 showed similar trends in 
urban functions, as reflected in UMI and POI, emphasizing shared 
characteristics of functional integration and facility distribution. How
ever, significant differences in LUCC revealed the diversity in urban 
morphology and land development potential. These findings offered 
critical insights for refining planning strategies across different LCZ 
types, highlighting the balance between functional consistency and 
adaptive land development.

3.4. Implementation suggestions

This study employed univariate and bivariate analyses to reveal the 
nuanced land-use optimization and functional distribution needs of 
different LCZ parcels in Guangzhou under varying temperature and 
population density conditions. In compact mid- and high-rise areas, such 
as LCZ01 and LCZ02, urban POIs tended to shift towards commercial 
and recreational activities in a high-temperature environment, thereby 
exacerbating the urban heat island effect. This dynamic underscored the 
necessity of heat island management strategies, including policies fa
voring vertical development and heat-resistant materials. Vertical 
expansion not only preserves ground-level green spaces but also en
hances ventilation and moderates thermal conditions through the use of 
climate-adaptive materials (Coutts et al., 2013).
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LCZ04, an open high-rise zone dominated by dense commercial and 
industrial activities, relies critically on green spaces for effective regu
lation of urban temperature. Planners can propose targeted cooling 
strategies, such as shaded green spaces, green roofs, and cooling corri
dors, to mitigate the heat island effect while enhancing user comfort and 
commercial viability (Bowler et al., 2010). Additionally, multifunctional 
green spaces that accommodate both commercial and industrial needs 
could be promoted within the area to counteract the expansion of 
impervious surfaces, improving thermal comfort and operational 
stability.

LCZ05, sensitive to both density and temperature, demonstrates 
strong resilience in transportation and commercial functions under high 
temperature, accompanied by reduced demand for building land and 
public facilities. This behavior presents a strategic opportunity to 
enhance green space ratios, such as the development of urban wetlands 
and parks, to bolster urban ecological resilience during extreme heat 
(Bowler et al., 2010). Furthermore, increasing the floor area ratio in 
extremely high-temperature and high-density scenarios, supported by 

green infrastructure, can accommodate additional residential and 
commercial functions. This integrated approach balances development 
through green layouts, mitigating the impacts of high temperature and 
density.

Due to its open and low-density characteristics, LCZ6 demonstrates 
the most significant role of urban green spaces in regulating urban 
temperature among all types. Planners could promote vertical industrial 
development to minimize ecological loss while maintaining POI di
versity. Prioritizing permeable surfaces and vegetative buffers would 
enhance thermal regulation and improve adaptability to rising popula
tion density (Fini et al., 2017; Liu et al., 2020). Additionally, govern
ment policies could implement low-density zoning to curb the expansion 
of impervious surfaces, preserving ecological resilience under escalating 
environmental pressures (Chu et al., 2022; Song et al., 2022).

In conclusion, the findings suggest a multi-layered planning 
approach that integrates green infrastructure, adaptive zoning, and 
responsive land-use policies across all LCZ types. High-density areas 
should prioritize green space expansion, adopt heat-resistant materials, 

Table 3 
Optimization implementation suggestions for different LCZ areas.

LCZ Design Suggestions Schematic Diagram

LCZ01 
LCZ02

Adopt heat-resistant materials, prioritize vertical development to preserve ground-level green spaces, and 
improve thermal conditions.

LCZ04 Targeted cooling strategies like shaded green spaces, green roofs, cooling corridors, and multifunctional green 
spaces.

LCZ05 Develop urban wetlands and parks, increase green space ratios, and integrate green infrastructure with high- 
density development.

LCZ06 Promote vertical industrial development, prioritize permeable surfaces, vegetative buffers, and implement low- 
density zoning.
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and implement vertical development to safeguard ecological functions 
and counteract thermal effects. Conversely, ecologically rich parcels 
with extensive vegetation coverage should focus on conserving native 
greenery to enhance resilience to rising temperatures and density. These 
strategies provide a balanced framework for sustainable urban envi
ronments, enabling cities to maintain economic vitality and ecological 
resilience amid changing environmental conditions(Table 3).

4. limitations and future research

The integrated CP-GAN-based optimization framework developed in 
this study demonstrates promising adaptability in adjusting urban form 
to optimize environmental conditions. However, certain limitations 
remain that warrant attention in future research. This study’s develop
ment of CP-GAN by coupling Pix2pix and CycleGAN improved the 
model’s precision. However, emerging alternatives like diffusion 
models, autoregressive models, normalized flow, transformer-based 
models, and energy-based models (EBM) show considerable promise 
for 3D building generation and urban planning applications, meriting 
further exploration as these models advance.

Besides, uncertainties in the input datasets may significantly affect 
the performance of the CP-GAN model. First, the LCZ classification is 
subject to potential misclassification errors due to limitations in remote 
sensing resolution and the inherent subjectivity of training sample se
lection. Such errors can lead to inaccuracies in representing local urban 
textures, which may ultimately skew the generated urban morphology. 
Second, LST measurements, which are derived from satellite data, can be 
affected by factors such as sensor noise, atmospheric interference, and 
the exclusion of nighttime data. These inaccuracies might compromise 
the fidelity of the simulated thermal environment, potentially affecting 
how the model interprets and responds to temperature variations. Third, 
the population heatmap data, derived from mobile signaling, exhibit 
variability due to temporal fluctuations and sampling biases. Although 
we mitigate this issue by averaging data collected over multiple time 
intervals, residual variability could still lead to inconsistencies in 
depicting urban vitality patterns. Future work should incorporate a 
more systematic uncertainty propagation analysis, possibly through 
sensitivity analysis or probabilistic modeling, to quantify how these 
input variations affect the generated urban morphologies and the sub
sequent urban design decisions.

In terms of model evaluating, the effectiveness of the generated 
urban morphology was primarily evaluated using model-based metrics 
such as SSIM and PSNR, which reflect structural accuracy and image 
quality. However, the evaluation overlooked key indicators used by 
urban designers to assess the practical rationality of a plan—such as 
functional coherence (e.g., how well the spatial layout supports mixed- 
use development or pedestrian connectivity) and spatial usability (e.g., 
walkability, accessibility, and human-scale considerations). This may 
lead to scenarios where the generated outcomes pass algorithmic vali
dation but lack practical value for real-world application. Future 
research could integrate both model-driven evaluation metrics and 
design-oriented assessment criteria to provide a more comprehensive 
evaluation of the generated plans, ensuring that they meet not only 
technical standards but also the holistic demands of climate-adaptive 
and human-centered urban design.

Meanwhile, the generalizability of the CP-GAN model has not been 
fully validated across different urban environments. However, we have 
previously published a study that explored the applicability of the 
Pix2Pix model in six major global cities—London, New York, Paris, 
Shanghai, Sydney, and Tokyo (Zhou et al., 2023). This study demon
strated that Pix2Pix performed well across various urban environments, 
including different climate zones and population densities, showing 
promising generalizability. Given that CP-GAN integrates all the 
strengths of the Pix2Pix model, it is expected to exhibit similar, if not 
improved, generalizability. In future research, we plan to conduct 
additional experiments to further evaluate and validate the 

generalization capabilities of CP-GAN in diverse urban contexts.
Moreover, this study prioritized optimizing urban form to enhance 

regional environmental resilience, focusing on surface temperature and 
population density. However, urban design is inherently complex, and a 
more holistic and accurate assessment framework for urban form is 
needed. Environmental factors such as urban wind flow and water 
currents should be incorporated into future evaluations. In a densely 
populated city like Guangzhou, buildings often serve multiple functions, 
such as residential, commercial, and hospitality. Generating accurate 
function-based building classifications is crucial for energy consumption 
estimations and represents a key area for further research.

5. Conclusion

This study developed a novel CP-GAN-based generative model chain 
leveraging multimodal data, including LCZ, LST, and POPH as a com
bination of static and dynamic datasets. By integrating these diverse 
data sources, the model enabled comprehensive analysis and simulation 
of urban dynamics, producing detailed insights into key urban metrics 
such as LUCC, UMI, and POI. Using Guangzhou—a subtropical, high- 
density city—as a case study, the model applied these parameters to 
six representative 600×600m parcels, capturing diverse urban charac
teristics aligned with specific LCZ types. The high average SSIM and FID 
values, exceeding 0.811 and 19.315, respectively, confirmed the 
model’s efficacy in generating high-precision urban morphologies. This 
research also presented an automated multi-objective assessment and 
optimization framework that dynamically simulates urban morphology 
changes under varying temperature and population density conditions. 
The results indicate that (1) Rising surface temperatures profoundly 
reshape urban spatial morphology, with the urban heat island effect 
significantly influencing commercial, recreational, and industrial facil
ities. Establishing green spaces emerges as a critical strategy for miti
gating urban heat island effects and enhancing thermal resilience in 
urban areas. (2) LCZs exhibit varied temperature response thresholds, 
underscoring the necessity of integrating thermal resilience into urban 
planning frameworks to effectively address temperature-sensitive urban 
transformations and ensure adaptive capacity. (3) The impact of popu
lation density on urban morphology is highly localized, necessitating 
tailored urban planning strategies that balance localized density dy
namics with broader climate adaptation measures. (4) LCZ4, LCZ5, and 
LCZ6 share functional integration in urban morphology and POI re
sponses to temperature and population density, yet exhibit significant 
differences in LUCC and ecological performance. These findings un
derscore the necessity of adaptive planning strategies to enhance 
ecological effectiveness and mitigate urban heat island effects, tailored 
to the unique characteristics of each LCZ type. This approach is essential 
for fostering sustainable and climate-resilient urban development. The 
study identified adaptive strategies, including green infrastructure 
integration, vertical expansion, and responsive zoning, to balance 
ecological preservation with economic activity, thereby enhancing 
urban resilience in densely populated areas. This research contributed 
an innovative, adaptable framework with valuable insights for sustain
able urban development, offering practical solutions to mitigate envi
ronmental pressures in high-density cities.
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Bechtel, B., Alexander, P. J., Beck, C., Böhner, J., Brousse, O., Ching, J., Demuzere, M., 
Fonte, C., Gál, T., Hidalgo, J., Hoffmann, P., Middel, A., Mills, G., Ren, C., See, L., 
Sismanidis, P., Verdonck, M.-L., Xu, G., & Xu, Y. (2019). Generating WUDAPT level 
0 data – Current status of production and evaluation. Urban Climate, 27, 24–45. 
https://doi.org/10.1016/j.uclim.2018.10.001

Biao, Z., Gaodi, X., Bin, X., & Canqiang, Z. (2012). The effects of public green spaces on 
residential property value in Beijing. Journal of Resources and Ecology, 3(3), 243–252. 
https://doi.org/10.5814/j.issn.1674-764x.2012.03.007

Bińkowski, M., Sutherland, D. J., Arbel, M., & Gretton, A. (2021). Demystifying MMD 
GANs (arXiv:1801.01401). arXiv. https://doi.org/10.48550/arXiv.1801.01401.

Bowler, D. E., Buyung-Ali, L., Knight, T. M., & Pullin, A. S. (2010). Urban greening to 
cool towns and cities: A systematic review of the empirical evidence. Landscape and 
Urban Planning, 97(3), 147–155. https://doi.org/10.1016/j. 
landurbplan.2010.05.006

Boyukliyski, S., Petrova-Antonova, D., Hristov, E., & Hristov, K. (2022). Multi-objective 
optimisation of urban design using a genetic algorithm. In 2022 International 
Conference Automatics and Informatics (ICAI) (pp. 345–350). https://doi.org/ 
10.1109/ICAI55857.2022.9959987

Cao, Q., Luan, Q., Liu, Y., & Wang, R. (2021). The effects of 2D and 3D building 
morphology on urban environments: A multi-scale analysis in the Beijing 
metropolitan region. Building and Environment, 192, Article 107635. https://doi.org/ 
10.1016/j.buildenv.2021.107635

Chu, M., Lu, J., & Sun, D. (2022). Influence of urban agglomeration expansion on 
fragmentation of green space: A case study of Beijing-Tianjin-Hebei Urban 
agglomeration. Land, 11(2). https://doi.org/10.3390/land11020275. Article 2.
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