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ABSTRACT

Generative design is reshaping urban planning, becoming a major theme in 
modernisation; however, many aspects of this development are disjointed, with many 
methods and application areas scattered across the field. Performing this systematic 
review of literature, we integrated the adoption of generative techniques showing the 
transition from initial parametric rule-based systems to recent deep learning models, 
and found the main topics in the publications. Following PRISMA rules, our focused 
search and screening procedure resulted in 175 peer-reviewed papers that were 
classified according to eight main areas of investigation. The data shows a distinct move 
from using simple parametric rules to designing urban forms through probabilistic 
generative adversarial networks (GANs) and diffusion models; the considerable amount 
of performance-based design literature focusing on optimising energy consumption, 
environmental quality and mobility; and participatory planning gradually adopting 
human-in-the-loop generative systems, but scalability remains problematic. The use of 
large language models (LLMs) for policy simulation is an initial area that is growing 
very fast. Unfortunately, the problem of measuring effectiveness and considering 
ethics, such as bias, transparency, and accountability, is very weak across this research 
field. This paper posits that even when generative design can automate and improve 
urban planning processes to a great extent, substantial problems still exist in the lack 
of standard evaluation frameworks, ethical guidelines and the genuine interweaving of 
human agency. Future research should therefore prioritise robust validation methods 
and participatory governance models to ensure that generative urbanism delivers 
equitable and sustainable urban outcomes.
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INTRODUCTION

Urban planning has always struggled with designing intricate, multi-scale 
systems that have to meet a variety of social, economic, environmental, 
and aesthetic requirements that often conflict with one another. Traditional 
planning methods, which are based on linear, hierarchical processes and 
manual drafting, are now deemed by some to be hardly the right tool to solve 
the challenges of modern urbanism, such as a booming population, climate 
change, and the need for social equality (Vanessa Watson, 2007). Computer-
aided design techniques have gradually become a part of the planning sector, 
and among them, generative design stands out as an especially attractive 
model. One of the main features that sets generative design apart is that it 
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can generate a wide range of design options on its own using as input only 
the setting of objectives, identification of constraints, and the writing of rules 
(Dean & Loy, 2020). Therefore, it is a radical change in the planner-machine 
interaction model.

Generative design for urban problems was originally conceived after some 
experiments with parametric modelling and shape grammars in the 1970s 
and 1980s, when designers tried to abstract design logic through rule-based 
formal systems (Stiny & Gips, 1972). Later, evolutionary computing got 
involved, including genetic algorithms that searched for the best solutions in 
the highly complex design space (Rooker, 1991). Deep learning introduction, 
especially GANs and diffusion models, led to the very rapid growth of the 
discipline to an extent that was unimaginable (Goodfellow et al., 2014; Ho 
et al., 2020). Based on the modelling of very complex probability distributions 
from large amounts of urban form data, these networks gave rise to the 
production of highly credible and novel urban plans, building patterns, and 
street networks, which were not bound by the limitations of hand-coded 
rules.

Even though technology is advancing at great speed, using generative 
design in urban planning is still a very disorganised process. There is a very 
large research gap as there is no united framework combining different 
methodology strands - parametric rules to deep learning - and with real 
planning issues, ethics and governance. Ethics of using generative AI in a 
domain that has a major impact on people’s lives, including algorithmic bias, 
transparency and accountability, are very much neglected (Sanchez et al., 
2025). This systematic literature review fills these research gaps by offering a 
detailed overview of the whole field of study.

METHODOLOGY

This review was guided by the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) framework (Page et al., 2021). There 
were four steps involved: deciding on the protocol and search strategy; 
categorizing research themes into eight dimensions; determining the inclusion/
exclusion criteria; and the study selection with quality assessment.

Search Strategy and Databases

Five major academic databases were searched: IEEE Xplore, Scopus, Web of 
Science, ACM Digital Library, and Google Scholar. The core Boolean query 
was: (“generative design” OR “parametric design” OR “algorithmic design” 
OR “computational design”) AND (“urban planning” OR “city planning” 
OR “urban design” OR “spatial planning”). Review articles, surveys, and 
meta-analyses were excluded via a negative clause. The search was conducted 
in January 2026 with no lower date restriction, capturing the full historical 
evolution of the field.

Thematic Dimensions and Inclusion Criteria

Eight major research dimensions were identified iteratively from an initial 
scoping review: (1) the evolution of generative methodologies from parametric 
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rules to deep learning; (2) urban form synthesis through GANs and diffusion 
models; (3) performance-driven design optimising energy, environment, and 
mobility; (4) participatory planning and human-in-the-loop systems; (5) large 
language models and generative AI for policy and governance; (6) evaluation 
frameworks, metrics, and ethical considerations; (7) applications in landscape 
architecture, heritage, and specific urban typologies; and (8) research trends 
across the field.

Our selection criteria for the studies were that: they specifically addressed 
generative parametric algorithmic, or computational design in the urban 
planning context; they were peer-reviewed articles written in English 
published until January 2026; and they reported empirical simulation case 
study, or theoretical work. On the other hand, review articles, articles focusing 
only on non-urban design, those without sufficient methodological details, 
duplicates, or editorials or opinion pieces were excluded from consideration.

Study Selection

The four-stage PRISMA selection process was as follows: in total, 955 
records were found in five databases; after the removal of 155 duplicates 
and 11 records for other reasons (e. g., a retracted article or an article that 
was not accessible), 789 records were left for title and abstract screening, of 
which 480 were excluded as obviously irrelevant. All 178 reports that were 
requested for retrieval have been obtained successfully; 3 were thereafter 
excluded after a full-text eligibility assessment, giving rise to 175 studies that 
have been included in the final review. 

Figure 1: PRISMA flowchart of the study selection process.

The main limitations are: a language bias because only English studies 
were considered; some studies with different terminologies may have been 
overlooked; grey literature was not considered; and, even though two 
reviewers assessed independently, screening is a subjective process.



212� Shivansh et al.

RESULTS

Research Trends

The 175 publications studied show a field with extensive historical 
roots but a significant recent growth. Before 2016, there were 43 
publications that laid the foundation period during which genera-
tive ideas were mainly implemented through parametric rules, shape 
grammars, and first-stage evolutionary algorithms. The yearly pub-
lication numbers during 2016–2021 were between three and eleven, 
which may indicate a phase that was only making small improve-
ments. From 2022 onwards, a distinct turning point can be seen; the 
numbers are growing dramatically from 14 in 2022 to 27 in 2024 
and 26 in 2025. This increase is related to the development and 
large-scale use of deep generative models, in particular GANs and 
diffusion models (Goodfellow et al., 2014; Ho et al., 2020). The field 
is therefore moving from the research and development stage to a 
stage of rapid growth and diversification.

Figure 2: Research trends in the domain of application of generative design in urban 
planning.

From Parametric Rules to Deep Learning: A Methodological Trajectory

The earliest generative techniques were based on rule-based and parametric 
systems. Beirão et al. (2010) suggested that the design decisions of urban 
planners could be encoded into generative design patterns, thus transforming 
the implicit knowledge of professionals into a computational system. Ventura 
& Giuffrida (2016) brought forward a pattern that is value-generative for 
the process of restoration of urban fabric in historic towns. Such systems 
were deterministic, thus transparent and controllable, but lacked in terms 
of novelty. Parametric methods were further developed by Kitchley & 
Srivathsan (2014), who designed a tool for planning conceptual settlements, 
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and by Pellitteri et al. (2010), who built an interactive generative system 
based on urban regulation.

Evolutionary and optimization algorithms allowed the implementation of 
stochastic search capability. For example, the GENE_ARCH system (Caldas, 
2006) used a genetic algorithm to evolve building and urban forms that 
complied with multiple performance criteria. Agent-based modelling and 
cellular automata for urban morphogenesis involve a bottom-up generative 
logic (Popov, 2011), where complex patterns emerge from simple, locally 
defined agents; the role of the designer is fundamentally rethought. The 
biggest paradigm shift has been the acceptance of GANs and diffusion 
models, which, by learning the underlying probability distribution of 
training datasets, generate novel samples that are not bound by hand-coded 
rules. Such a move has greatly diversified the generative urban design field 
while raising new challenges: the need for extensive training datasets, the 
complexity of interpreting the learned generative process, and the possibility 
of reproducing the biases of the training data.

GANs and Diffusion Models for Urban Form Synthesis

Twenty-nine studies are included that use GANs and diffusion models for the 
synthesis of urban forms. Noyman & Larson (2020a) created an urban design 
tool for participatory use that employed generative image methodology to 
facilitate real-time prototyping and visualisation. UDGAN, in particular, was 
created as a tool for urban design inspiration, producing novel layouts of 
urban areas (Gan et al., 2024). At the level of a block, GANs have been 
employed to generate designs of urban blocks that improve wind conditions 
at the pedestrian level through the use of CFD-based performance criteria 
integrated into the generative process (Li et al., 2024). MaskPLAN, a masked 
generative model for layout planning, is capable of producing complete 
designs from partial inputs - this is especially useful for interactive design 
scenarios (Zhang et al., 2024).

Diffusion models are better in terms of training stability and quality of 
output than GANs. Wang et al. (2025) used them to synthesise satellite images 
for urban planning purposes. RECITYGEN, an interactive participatory 
urban design tool, uses latent diffusion models together with the Segment 
Anything model so that users can guide the generation process interactively 
(Mo et al., 2026). Dual-stage flows-based modelling approach for traceable 
urban planning is an interesting concept that uses diffusion models in 
order to make sure that the generated plans are not only realistic but also 
interpretable and traceable to the input conditions (Hu et al., 2024). Besides 
form generation, GANs and diffusion models have also been used in urban 
morphology prediction, simulation of environmental performance (traffic 
noise mapping, sunlight access computation), and high-definition map 
generation, which incorporates urban planning features such as connectivity 
and node density.
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Performance-Driven Design: Optimisation of Energy, Environment, 
and Mobility

A big chunk of research has been conducted on using generative design 
for improving specific urban performance metrics. These works combine 
generative algorithms with quantitative simulation and optimisation to 
generate designs that are not only new but also capable of outperforming 
according to certain criteria. Optimising energy performance is by far the 
most advanced area, where parametric rule-based systems and evolutionary 
algorithms are mainly used for designing building envelopes, urban block 
massing, and neighbourhood layout (Frazer et al., 2002). Han et al. (2020) 
used deep reinforcement learning for performance-based urban block 
design, incorporating the visual perception of the built environment into the 
optimisation process — a step closer to human-centric generative design. 
These works as a whole illustrate that performance-based methods are not 
limited to technical metrics only but can also capture the subjective and 
experiential aspects of urban life (Li et al., 2024).

Participatory Planning and Human-in-the-Loop Generative Systems

Integrating human agency into generative design workflows is a huge 
challenge in the evolution of design tools. Solely relying on AI to generate 
urban forms may lead to designs that may be the most efficient from a 
technical perspective, but could be socially or culturally alien. A case in point 
is WeDesign, a generative AI-assisted community consultation platform 
for urban public space design, that illustrates how AI can balance different 
stakeholder preferences and come up with consensus-based proposals 
(Mushkani et al., 2025). Generative and participatory parametric frameworks 
for multi-player design games have turned the planning activity into a 
collaborative one, where a number of stakeholders can together change the 
generative parameters (Bier & Ku, 2013).

The governance, policy, and ethical side of participatory generative systems 
bring up some very challenging questions. The concerns about generative 
AI becoming “oracles” for anticipatory urban governance, with issues such 
as accountability, transparency, and the centralisation of decision-making 
power in non-transparent algorithmic systems, have been the subject of 
discussion in the literature (Cugurullo & Xu, 2025). One major problem 
that cuts across this track is the issue of scalability: most of the participatory 
generative design research has been done with small groups or in a single 
location, and the question of how to really engage different stakeholders at 
a city-wide level is still open.

Large Language Models for Policy, Governance, and Simulation

Using large language models and generative AI for policy making, governance, 
and urban simulation is the least developed but fastest growing thematic 
area at present. Architext, a language-based generative architectural design 
system, lets users create architectural designs by simply describing them in 
text- this is basically using LLMs to generate spatial forms (Galanos et al., 
2023). Agent-based urban simulation models incorporating generative AI 
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with retrieval-augmented generation (RAG) make it possible to simulate 
the complex behaviours of humans in the urban environment (Bruzzone 
et al., 2023). Visualisation tools such as DeepScope for real-time generation 
of cityscapes, and Generativr for virtual reality spatial interaction with 
generative design spaces, constitute another cluster (Noyman & Larson, 
2020b; Jennings et al., 2022). One of the major issues is the lack of strong 
frameworks for the validation of planning outputs based on LLM or for 
making sure that planning outputs do not carry over the biases of the training 
data.

Evaluation Frameworks, Metrics, and Ethical Considerations

The assessment of generative design outputs for urban planning is a major 
missing piece. On one hand, with the wide range of generative methods that 
came out, on the other hand, there is no agreement on how to evaluate a 
generated urban design in terms of quality, suitability, or fairness. The existing 
methods are scattered: computer vision-based quantitative image quality 
metrics (e.g. Fréchet Inception Distance) taken from computer vision are 
not the best way to measure urban design quality; expert-based qualitative 
assessment is hard to reproduce; and performance simulation is lacking 
contextual fit or stakeholder satisfaction. None of the papers surveyed put 
forward a thorough, all-in-one evaluation framework that includes technical 
performance, contextual appropriateness, stakeholder satisfaction, and ethical 
considerations at the same time. Ethics-related issues were only mentioned in 
a limited number of studies (algorithmic bias, transparency, accountability, 
and the risk of cultural homogenization), but were done without reference 
to existing AI ethics frameworks and quite inconsistently (Yelken Kar et al., 
2026). The lack of a clear ethical framework for generative urbanism, and 
the broader challenge of ensuring trustworthy AI in urban policy contexts, 
are critical priorities for the field (Calzada, 2025).

Applications in Landscape Architecture, Heritage, and Specific 
Typologies

One clear area of focus is the use of generative techniques in different 
specialised domains. For example, CycleGANs have been applied in 
landscape architecture to generate plant scape plans from spatial layout 
types and design elements. In the field of heritage conservation, generative 
rules combined with evaluative criteria have been used to lead preservation 
strategies in historic towns (Ventura & Giuffrida, 2016). This is an example 
of how generative design can be a tool for cultural preservation, rather than 
destruction. Generative design projects applied to urban scale, domain-specific 
systems for modular housing arrangement, and sustainable architecture tools 
are a few examples that collectively demonstrate to us that the future of 
generative urbanism is not one single model but rather a diverse ecosystem of 
specialised tools for different planning contexts and design traditions.
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DISCUSSION

The analysis of 175 studies illustrates that, on one hand, the post parametric 
architecture field is developing rapidly and is presenting significant research 
opportunities, but on the other hand, it is also fragmented, and it has a lot of 
tensions that have not yet been worked out. The changeover from parametric 
rules to deep learning involves more than just technical progress: it is, in 
fact, a fundamental change in the nature of knowledge. In the beginning, 
rule-based systems explicitly implemented design logic defined by humans; 
the generative process was transparent and interpretable, whereas nowadays, 
deep generative models only learn data patterns, producing results that are 
statistically plausible, but the internal reasoning remains opaque to external 
interpretation. In other words, these changes will impact to a large extent the 
way planners are going to trust, criticise, and control generative design tools.

Another contradiction that keeps coming up is the automation versus 
human agency conflict. A number of studies regarding performance-driven 
design show that generative algorithms can, in fact, optimise for quantifiable 
metrics to a great extent; however, these optimisations are often done 
by downplaying human judgment. Participatory planning studies try to 
reintroduce human agency by means of human-in-the-loop systems, but the 
question of city scale is still a very big unknown in terms of scalability. The 
appearance of LLMs and the use of generative AI for policy and governance 
are a major development that goes well beyond the mere physical form 
synthesis and call for a deeper and broader debate about the issues of 
accountability, transparency and concentration of decision-making power in 
secretive algorithmic systems (Cugurullo & Xu, 2025), which have not yet 
been solved by the early literature.

The most pressing discovery is the lack of standardised evaluation 
frameworks and comprehensive ethical guidelines. Without frameworks 
that integrate technical performance, contextual fit, stakeholder satisfaction, 
and ethical considerations, one cannot determine if generative design tools 
really create better urban environments. This gap is even more worrying 
considering the very nature of urban planning decisions, which influence 
communities’ health, safety, and well-being for a long time. The formulation 
of institutional guidelines concerning the responsible use of generative 
AI in planning codes is a matter of high priority. This review is a call to 
policymakers to set regulatory frameworks that would require generative AI 
systems used in planning to be validated and audited independently. Besides, 
researchers are most in need of multi-dimensional evaluation frameworks, 
scalable participatory design systems, longitudinal impact studies, as well as 
systematic ethical investigations based on AI ethics and critical urban studies.

CONCLUSION

This systematic literature review has analysed the rapidly changing field of 
generative design in urban planning by summarising 175 papers in eight 
thematic areas. We identify a direct path from deterministic parametric rules 
to probabilistic deep learning models, with GANs and diffusion models 
presently leading the production of urban form. The largest part of the research 
is on performance-driven optimisation; however, participatory planning and 
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ethical issues are very insufficiently developed. Besides generating physical 
forms, the area now also includes policy simulation via LLMs, which is a 
major step forward for the generative paradigm.

Generative tools give designers enormous ability to examine many design 
alternatives and optimise according to measurable parameters. However, 
the successful implementation of such tools demands close attention to 
human control and the suitability of the context. The lack of standardised 
evaluation frameworks and the absence of comprehensive ethical guidelines 
are the main problems that research still faces. Consequently, we invite future 
research to focus on multi-dimensional and integrated methods of validation 
combining technical performance with stakeholder satisfaction and equity 
considerations. It is vital to have longitudinal studies that follow the real-
world effects and interdisciplinary teams of computer scientists, planners, and 
ethicists to guarantee that generative urbanism leads to fair and sustainable 
outcomes and does not just replicate existing biases and power structures 
through automation.
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