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Abstract

With rapid urbanization, industrial parks have become critical spatial carriers for economic
development; however, large-scale construction often leads to degraded outdoor
environmental performance, including thermal discomfort, poor ventilation, and excessive
solar exposure. Traditional performance-driven design workflows rely on post-evaluation
simulations, which are computationally expensive and inefficient in early design stages (Attia
et al., 2013; Negendahl, 2015). This study proposes an integrated generative design
framework that couples morphology generation, machine learning-based performance
prediction, and multi-objective optimization to improve environmental performance in
industrial park design. At the layout level, a Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) is applied to optimize Voronoi-based land subdivision under multiple
constraints (Hansen, 2006). At the building level, a Rectangular Voronoi Diagram (RVD)-
based method is introduced to generate flexible and modular building morphologies
(Dillenburger, 2010). A dataset of 5,000 samples is constructed using parametric generation
and simulated using Ladybug Tools, with the Universal Thermal Climate Index (UTCI) as the
primary performance metric (Brode et al., 2012). Machine learning models, particularly
XGBoost, are trained to establish mappings between morphological parameters and
environmental performance (Chen & Guestrin, 2016). Finally, a multi-objective optimization
framework based on NSGA-II is implemented (Deb et al., 2002). Results demonstrate that the
proposed method significantly improves design efficiency and enables early-stage
performance feedback, providing a scalable and data-driven approach for environmentally
responsive industrial park design.
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Introduction

Industrial parks serve as key spatial infrastructures supporting economic growth and urban
expansion. However, large-scale developments often result in degraded environmental
conditions at the block scale, including poor ventilation, excessive heat accumulation, and
reduced outdoor comfort (Taleb & Musleh, 2015; Weerasuriya et al., 2020). These issues not
only affect human well-being but also increase energy consumption and reduce urban
sustainability.

Conventional design workflows typically follow a “design first, evaluate later” paradigm,
relying heavily on simulation tools such as CFD and radiation analysis. While accurate, these
methods are computationally expensive and inefficient for early-stage design exploration
(Attia et al., 2013). As a result, designers face difficulties in integrating environmental
performance into iterative design processes.

Recent advances in generative design and machine learning provide new opportunities to
address these challenges. By integrating morphology generation, performance prediction, and
optimization, performance-driven design frameworks enable efficient exploration of complex
design spaces (Negendahl, 2015).

This study aims to develop a generative design framework that integrates computational
geometry, machine learning, and multi-objective optimization to improve environmental
performance in industrial park design.

Literature Review
Industrial Park Design and Urban Morphology

Industrial parks have evolved from single-function production zones into complex spatial
systems integrating research, manufacturing, commercial services, and public facilities.
Contemporary industrial parks therefore require not only efficient land utilization but also
environmentally responsive spatial organization.

Previous studies have demonstrated that urban morphology strongly affects environmental
performance. Morphological parameters such as building density, height variation, spacing,
porosity, and spatial distribution significantly influence wind flow, solar access, thermal
comfort, and microclimate conditions (Weerasuriya et al., 2020). In high-density urban
environments, poorly configured building layouts can intensify thermal stress and reduce
outdoor comfort.

Researchers have proposed numerous quantitative indicators to describe urban morphology
and its environmental effects, including Sky View Factor (SVF), Frontal Area Index (FAI),
porosity, and building coverage ratio. These studies reveal that urban environmental
performance is highly sensitive to spatial configuration and building arrangement.

Generative Design and Computational Geometry
Generative design methods have been increasingly applied in architecture and urban planning

to explore complex design spaces. Common approaches include parametric modeling,
cellular automata, graph-based methods, Voronoi subdivision, and evolutionary algorithms.
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Voronoi diagrams are widely used in spatial partitioning because of their flexibility and
adaptability to irregular site boundaries. Compared with fixed-template planning methods,
Voronoi-based subdivision enables more diverse and adaptive spatial organizations.

Evolutionary algorithms are particularly suitable for solving high-dimensional optimization
problems involving multiple constraints. Among these methods, Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) has shown strong performance in continuous
optimization tasks due to its adaptive covariance update mechanism and robust search
capability (Hansen, 2006).

At the architectural scale, Rectangular Voronoi Diagram (RVD)-based methods provide an
alternative to traditional modular building generation approaches. Unlike standard Voronoi
systems that often generate irregular polygons, RVD methods maintain rectangular partitions,
which are more compatible with architectural modularization and construction logic.

Environmental Performance Simulation and Machine Learning

Environmental performance optimization traditionally relies on simulation software such as
CFD, Radiance, EnergyPlus, and Ladybug Tools. These simulation tools provide accurate
environmental analysis but often require extensive computation time, limiting their
integration into iterative design workflows (Negendahl, 2015).

Machine learning methods have recently emerged as efficient alternatives for performance
prediction. By training predictive models using datasets generated through parametric
modeling and environmental simulation, researchers have demonstrated that machine
learning can accurately estimate environmental performance while significantly reducing
computational costs.

Among existing machine learning methods, ensemble learning approaches such as Random
Forest and XGBoost have shown strong prediction performance in architectural and urban
applications. XGBoost is particularly effective because of its high prediction accuracy,
regularization mechanism, and ability to generalize across complex datasets (Chen &
Guestrin, 2016).

Methodology
Workflow Overview

This study proposes a three-stage workflow integrating generative modeling, environmental
performance prediction, and multi-objective optimization.

The workflow consists of:
1. Morphology generation
2. Environmental performance prediction
3. Multi-objective optimization

At the urban layout level, land subdivision is generated using Voronoi-based geometry
combined with CMA-ES optimization. At the building level, a RVD-based generation
method is used to create flexible building morphologies. Environmental performance datasets
are then generated through UTCI simulation using Ladybug Tools. Machine learning models
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are subsequently trained to predict environmental performance indicators. Finally, NSGA-II
optimization is applied to obtain Pareto-optimal solutions.

Figure 1
Overall Generative Design Workflow Integrating Morphology Generation, Performance
Prediction, and Multi-objective Optimization
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Land Subdivision Using CMA-ES
At the layout level, a CMA-ES algorithm is applied to optimize Voronoi-based land
subdivision under multiple constraints, including topology, area distribution, and functional

clustering (Hansen, 2006).

A multi-objective loss function is designed to guide the optimization process, ensuring that
generated layouts satisfy both geometric and functional requirements.

Building Generation Using RVD

At the building scale, a Rectangular Voronoi Diagram (RVD) is introduced to generate
flexible building morphologies (Dillenburger, 2010).

Compared to traditional fixed templates, the RVD method allows for greater adaptability and

diversity. The generation process includes: Modularization, Adjacency optimization, Space
filling, Volume reduction, Three-dimensional extrusion.
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Figure 2
RVD-Based Building Generation Process From 2D Partitioning to 3D Volumetric Forms
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Environmental Performance Modeling

The Universal Thermal Climate Index (UTCI) is selected as the primary performance metric
due to its ability to integrate multiple environmental factors, including temperature, radiation,
humidity, and wind speed (Brode et al., 2012).

Two indicators are used:
e Average UTCI (aveUTCI)
e Standard deviation of UTCI (stdUTCI)

A dataset of 5,000 samples is generated and simulated using Ladybug Tools.

Figure 3
Visualization of UTCI Simulation Results Across Generated Urban Layout
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Machine Learning Prediction

To improve computational efficiency, machine learning models are trained to predict
environmental performance. Among various models, XGBoost is selected due to its high
accuracy and robustness (Chen & Guestrin, 2016).

The model establishes a mapping between morphological features and environmental
performance indicators.

Multi-objective Optimization

A NSGA-II algorithm is applied to optimize building layouts with two objectives:
e Minimizing average thermal stress
e Minimizing spatial variability

The optimization process produces a set of Pareto-optimal solutions, enabling designers to
balance multiple performance criteria (Deb et al., 2002).

Results and Discussion

The proposed framework successfully generates diverse industrial park layouts that satisfy
complex planning and environmental constraints.

At the urban layout level, the CMA-ES-based land subdivision method demonstrates strong
adaptability when handling irregular site boundaries and multiple functional requirements.
Compared with conventional subdivision approaches, the proposed method generates more
organized and functionally coherent layouts while maintaining topology and area constraints.

At the architectural scale, the RVD-based building generation system produces flexible and
modular spatial configurations. Compared with traditional fixed-template generation methods,
the proposed approach enables greater morphological diversity while preserving
constructability and modular consistency. The generated building forms also demonstrate
adaptability under different density and height constraints.

The environmental simulation results indicate that urban morphology significantly affects
outdoor thermal comfort distribution. Variations in building density, spacing, and height
influence UTCI performance and spatial thermal variability. In particular, more balanced
building distributions tend to improve thermal comfort consistency across outdoor spaces.

The integration of machine learning significantly reduces computational time compared with
traditional simulation-based workflows (Negendahl, 2015). Among the tested prediction
models, XGBoost demonstrates the highest prediction accuracy and strongest generalization
capability. The comparison between machine learning prediction results and Ladybug
simulation results shows strong consistency, validating the reliability of the prediction
framework.

The NSGA-II optimization results reveal clear trade-offs between average thermal comfort

and spatial variability. Some solutions achieve lower average UTCI values but exhibit higher
spatial fluctuations, while others provide more balanced thermal distributions. This
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demonstrates that environmental optimization should consider multiple objectives
simultaneously rather than relying on a single performance indicator.

The generated Pareto-optimal solutions provide designers with multiple design alternatives
under different environmental priorities. This flexibility is particularly valuable during the
early conceptual design stage, where rapid iteration and performance feedback are critical.

Figure 4
Selected Optimized Building Configurations Under Different Performance Trade-Olffs
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Conclusion

This study proposes a performance-driven generative design framework for industrial park
layout and building morphology generation.

By integrating CMA-ES optimization, RVD-based morphology generation, machine learning
prediction, and NSGA-II multi-objective optimization, the framework enables efficient
exploration of environmentally responsive urban configurations.

The results demonstrate that the proposed method improves both environmental performance
and computational efficiency. Compared with traditional simulation-driven workflows, the
framework allows environmental considerations to be integrated into the early stages of
design, supporting a more iterative and performance-oriented design process.

The study also demonstrates the feasibility of combining computational geometry,
environmental simulation, machine learning, and evolutionary optimization into a unified
workflow for urban design applications. The proposed framework provides designers with
diverse design alternatives while maintaining planning constraints and environmental
objectives.

In addition to industrial park design, the framework has potential applications in broader
urban and architectural scenarios requiring environmentally responsive spatial generation.

Future work may focus on integrating real-time sensing data, expanding environmental

evaluation indicators, and incorporating additional human-centered performance metrics such
as visual comfort, walkability, and behavioral analysis.
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