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Abstract

Free-form architectural envelopes are visually striking but notoriously difficult and costly to build.
This study explores how computational tools can make such designs more sustainable and
constructible, using the Rhike Park Music Theatre in Thilisi, Georgia, as a case study. The building's
double-curved surfaces were reconstructed in Rhino/Grasshopper, and its facade was rationalized into
a triangulated panel system. An evolutionary algorithm (Galapagos) first identified optimal panel
configurations by balancing material use against fabrication simplicity. A neural network emulator,
trained on 500 parametric simulations, was used to optimize the penalization process. The final design
achieved an approximately 40% reduction in surface area, 55.6% fewer unique panel types, and
retained 95% of the original interior volume. The proposed workflow demonstrates how ANN-based
surrogate modelling can accelerate free-form facade optimization while maintaining geometric
performance and manufacturability, contributing a computational framework for efficient design-
space exploration.
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1. Introduction

1.1 Background and Context

Recent advancements in digital design technologies have significantly transformed architectural
practice and enabled the widespread adoption of complex free-form facade systems. These
developments now allow digitally produced free-form facade cladding to be designed and
implemented at a much higher level of complexity. However, while parametric design approaches have
popularised the production of highly customised surfaces, the ability to realise these surfaces at
reasonable costs without compromising the design intent remains a fundamental challenge (Eigensatz
et al., 2010).

This fundamental issue, referred to as rationalisation (Austern et al., 2018; Eigensatz et al., 2010), is
largely concerned with penalisation—defined as the division of a shape into simpler surface sections
that can be manufactured cost-effectively using the selected production process (Eigensatz et al., 2010;
Fu et al., 2010; Liu et al., 2024). While relying on a single type of panel tends to fall short of design
objectives, the inclusion of a wide variety of curved elements increases fabrication complexity and
often limits opportunities for mould reuse, thereby significantly increasing production costs (Eigensatz
etal., 2010). Beyond the geometric rationalisation of fagade surfaces, minimising the external envelope
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area relative to internal volume has been shown to reduce both thermal transfer and the embodied
energy associated with cladding materials, without compromising usable space—a consideration of
significant consequence for sustainable building design (D’ Amico & Pomponi, 2019).

Early-stage design decisions play a significant role because they influence approximately 80% of
subsequent design phases (Bianchi et al., 2024). A review of the existing literature on how free-form
geometries are addressed in early design phases reveals that energy efficiency, daylighting,
environmental performance, and optimisation are prominent research topics. For example, fagade
performance optimisation has been examined in terms of energy consumption, visual comfort, and
early-stage design decision-making processes (Hinkle et al., 2022; Mahdavinejad et al., 2024), while
generative workflows have been proposed to support facade layout generation and geometric design
exploration (B. Wang et al., 2025). In parallel, machine learning techniques have been increasingly
adopted to reduce the computational burden of simulation-based design processes by enabling rapid
performance prediction and design space exploration (C. Deb et al., 2021; Pham et al., 2020).
Machine learning techniques are used in various fields of architecture, such as computational design,
facade design, building performance, and digital fabrication (Topuz & Cakici Alp, 2023). Most current
studies focus on building performance, the optimization of facade arrangements, or energy-related
objectives. Evaluating a large number of design alternatives—particularly in free-form structures
where geometric complexity extends simulation times—remains a significant challenge. To overcome
this limitation, data-driven approaches are being used throughout the design process to accelerate
design evaluation and support decision-making. In particular, artificial intelligence (Al) is increasingly
used for prediction, analysis, and design support in research (Duran et al., 2025). Among the various
branches of artificial intelligence, machine learning has emerged as a powerful data-driven approach
that enables systems to learn patterns from existing datasets and make predictions without being
explicitly programmed for every scenario (Sarker, 2021). Machine learning-based surrogate models
offer a promising solution by predicting performance outcomes from pre-existing simulation datasets,
thereby reducing the need for computationally intensive simulation processes (Araujo et al., 2023).
However, the integration of surrogate modelling with the geometric rationalisation of complex free-
form facade systems has received limited attention in the literature. In particular, there has been
insufficient focus on the combined evaluation of geometric efficiency, panel standardisation, and
computational speed within a single workflow. Consequently, there is a need for computational
approaches capable of addressing both geometric rationalisation and efficient design space exploration
in free-form architectural facades.

Building on the identified research gap, this study investigates whether an integrated workflow
combining parametric modelling, evolutionary optimisation and artificial neural network (ANN)-
based surrogate modelling can improve geometric efficiency and panel standardisation, while reducing
the computational burden of free-form facade optimisation. To evaluate this method, the Rhike Park
Music Theatre and Exhibition Hall has been selected as a case study.

1.2 Case Study

The selected case study, designed by Massimiliano and Doriana Fuksas and completed in 2016 in
Thilisi, Georgia, presents a compelling example of a highly complex free-form structure (Figure 1).
Formally, it consists of two tubular volumes with double curvature that converge at a shared retaining
wall. This configuration introduces regions of variable Gaussian curvature, which are associated with
geometric and fabrication challenges widely discussed in the literature on free-form surface design
(Pottmann et al., 2007; H. Wang et al., 2019). The facade is entirely clad in stainless steel panels,
mostly with non-repeating geometries; this further increases manufacturing complexity and production
cost due to the need for different moulds for each panel (Castafieda et al., 2015; Eigensatz et al., 2010).
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Figure 1. Rhike Park Axonometric Model: Illustration of the Diagrid System and Facade Cladding
Layers.

In addition to these manufacturing challenges, the building's form creates significant complexity in the
penalisation process. Diamond-shaped panel systems present additional geometric challenges,
particularly in meeting planar surface constraints and maintaining consistency between adjacent panels
(Pottmann et al., 2007). These challenges become more pronounced in double-curved geometries,
where maintaining geometric continuity across the surface is inherently complex. Consequently, such
conditions may lead to geometric inconsistencies and visible fagade irregularities. The intersection
zone between the two volumes further compounds these challenges. By concentrating geometric
variation within a limited region, this transition area increases the difficulty of maintaining geometric
continuity across the surface —a challenge widely associated with the realisation of complex free-
form structures (Eigensatz et al., 2010; FlI6ry & Pottmann, 2010; Pottmann et al., 2007). For these
reasons, the Rhike Park Music Theatre was selected as a representative case study for this research. Its
highly complex double-curved geometry, non-standardised fagade panels, and fabrication challenges
provide a suitable benchmark for evaluating computational rationalisation and optimisation strategies
in free-form architectural envelopes.

When these challenges are considered as a whole, the limitations of traditional penalisation methods
become apparent, highlighting the need for optimisation strategies that can enhance geometric
efficiency, panel standardisation, and manufacturability while preserving the architectural intent of the
original design.

2. Materials and Methods

The workflow developed in this study consists of five stages. The process began with the
reconstruction of the selected structure's form within the Rhino/Grasshopper environment; it then
continued with form rationalisation to make the original geometry more feasible. Subsequently,
panelling was carried out through surface decomposition and the evaluation of panel configurations,
leading to the search for an optimal panel solution. Given the observed computational constraints, a
surrogate-based performance evaluation approach was developed to reduce simulation costs and
accelerate design space exploration, utilising a multi-layer perceptron (MLP)-based machine learning
model trained on a dataset generated via Latin Hypercube Sampling (LHS). Consequently, a holistic
approach has been adopted to rationalise free-form fagcades through the integration of optimisation and
data-driven modelling (Figure 2).
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Geometric Reconstruction [ Rhino 3D ]
01 Free-form geometry rebuilt in Rhino/Grasshopper from reference imagery.
[ Grasshopper ]
v
Form Rationalisation [ Kangaroo Physics ]
02 Kangaroo solver applies dynamic relaxation using particle-spring method.
[ Dynamic Relaxation ]
v
Panelisation Strategy Development [ Weaverbird ]
03 Surface discretised into triangular mesh.
[ Lunchbox ]
v
Multi-Objective Optimisation [ Galapagos (EA) ]
04 Galapagos used to identify optimal triangular panel configuration.
[ Python — Pareto ]
- v
Surrogate-Assisted Performance Evaluation ( Ancmone- LHS )
05 LHS dataset generated and MLP emulator developed to reduce simulation time and
accelerate design space exploration. [ MLP Neural Network ]

Figure 2. Structure of the Study.

To examine different geometric configurations throughout the optimisation process, several design
parameters were defined. These parameters were used in both the form rationalisation and panelisation
stages and were selected based on preliminary tests to ensure sufficient geometric diversity while
preserving the architectural characteristics of the original structure. Table 1 summarises the
optimisation parameters, their ranges, and their roles within the workflow.

Table 1: Input and Output Variables Used in the Optimisation Workflow.

Type Variable Symbol Range / Rationale
Objective
Input  Length LF 0.40-0.70 Controls mesh relaxation behaviour and
Factor geometric deformation during form
rationalisation.
Input  TriMesh Xo 2.00-4.00 Controls panel size, mesh density, and
Edge Length m geometric resolution.
Output AreaRatio  Agatio Minimise Measures the reduction of fagade surface area
relative to the original geometry.
Output  Volume VRatio Maximise Measures the preservation of enclosed volume
Ratio relative to the original geometry.

2.1 Geometric modelling and penalisation workflow
2.1.1 Physics-based form finding
At this stage, the structure’s free-form geometry was recreated in a digital environment. Rhino and
Grasshopper were used to redefine the structure’s form, and a physics-based form-finding method was
applied using the Kangaroo plugin to achieve a fluid and balanced geometry. Kangaroo Physics, which
is based on principles of dynamic relaxation and particle-based simulation, was used for the form-
finding process in this study (Senatore & Piker, 2015). This method allowed the surface to evolve
according to principles of tension and equilibrium, rather than through manual modelling (Figure 3).
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Figure 3. Grasshopper Tree Connections of Finding the Form through Kangaroo Solver.

Particle—spring systems are numerical methods in which nodal points are connected through spring-
like elements, and the equilibrium configuration is obtained iteratively under applied forces and
constraints (Alic & Persson, 2016). The dynamic relaxation technique is used extensively in
calculating the equilibrium states of structures (Barnes, 1999) (Figure 4).

Figure 4. Kangaroo Mesh Relaxation.

The relaxation process was controlled using the Length Factor (LF) parameter, which determines the
target length based on the initial states of the mesh edges (Figure 5). Preliminary tests showed that
values below 0.4 led to excessive shrinkage and significant volume loss, whereas values above 0.7
resulted in only minor geometric changes and limited shape conformity. Therefore, the parameter
range was limited to 0.4-0.7 to provide meaningful geometric variation while preserving the general
characteristics of the original structure. For the initial form-finding stage, a representative LF value of
0.6 and a damping value of 14 were adopted in the Kangaroo Bouncy Solver. The resulting geometry
was evaluated based on three criteria: preservation of the original building volume, surface continuity
and smoothness, and preservation of the overall architectural form. This ensured that the geometry
remained faithful to the architectural intent of the original design and established a suitable foundation
for subsequent stages.

The existing diamond panel system was tested digitally using Grasshopper and Lunchbox. However,
geometric continuity and panel consistency problems were observed on double-curved surfaces,
leading to the adoption of a triangular panel system. The triangular configuration demonstrated
improved geometric compatibility with the complex surface geometry and produced a more consistent
panel layout. Consequently, it was used as the basis for the subsequent optimisation process.



http://www.jsalutogenic.com/

Journal of Salutogenic Architecture, 2026, 5(1), 01-21. www.jsalutogenic.com

iy
Longth Factor (Kangaroo) SR

Figure 5. Length Factor Parameter.

2.2 Fagade Optimisation

The optimisation of the facade design comprises four main phases. In the initial phase, a parametric
model was created using the Weaverbird plugin in Grasshopper, and the surface was divided into
triangular panels to obtain a more manufactural geometry. In the second stage, different parameter
combinations were tested using the Galapagos plugin to reduce the total surface area and minimise
panel variety. In this way, solutions that optimise material usage were investigated. In the third stage,
the parameter space was systematically explored to generate performance-related data for further
analysis. This enabled the generation of performance data corresponding to different parameter
combinations. In the final stage, the resulting dataset was transferred to the Python environment, where
a lightweight predictive model was developed. This model enabled more efficient exploration of the
design space by allowing performance outputs to be predicted rapidly without rerunning the geometric
calculations.

2.2.1 Panel geometry optimisation

This section focuses on generating and refining a new panel geometry to improve constructability and
support subsequent optimisation.

Initially, a diamond panel pattern was tested to match the existing facade character. However, during
its application to double-curved surfaces, various issues arose regarding panel continuity, planarity,
and installation. Therefore, a transition to a triangular panel system was made to achieve a more stable,
manufactural solution. This change simplified joint details, improved panel alignment, and resulted in
a more consistent surface organisation, particularly in curved areas.

The triangular panel system enabled a more stable and manufactural facade geometry while allowing
parametric control over panel density and frame dimensions.

2.2.2 Search for optimal solutions

The Galapagos plugin in Grasshopper was used to identify optimal solutions for the generated panel
geometry. Two primary design variables were used in the optimisation: TriMesh Length [xo] and Face
Count [x:]. While TriMesh Length controls the edge length of the initial triangular mesh subdivision,
Face Count determines the target number of faces on the reduced mesh (Figure 6).

Xpguronennsnafanaanae _
L.

Figure 6. Design Variables [x0, x1]-Trimesh Length (left) and Total Number of Panels (right).
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The parameter ranges were determined through preliminary experiments to ensure sufficient geometric
diversity. While low TriMesh Length values resulted in overly dense meshes, thereby increasing
computational costs, high values reduced geometric accuracy. Similarly, the selected Face Count range
struck a balance between panel standardization and geometric accuracy. During the optimization
process, an attempt was made to minimize two conflicting objectives simultaneously: reducing the
number of unique panel types and minimizing the total surface area. Since Galapagos operates on a
single-objective optimisation logic, these two objectives were combined into a weighted fitness
function. For the first objective, unique panel standardization, the mesh surface polylines were
extracted using Weaverbird and classified based on size and shape similarities via a Python script. The
resulting count of unique panel types was then normalized to ensure comparability across different
configurations, using the following method:

Cunique - Cmin

F1:

M

Cmax - Cmin

where F; represents the normalised unique panel count, Cyp;qy. IS the number of unique panel types
in the current solution, and C,,;;, and C,,,, are the minimum and maximum unique panel counts
observed across all tested configurations.

The second objective, total material area, was calculated based on the final panel geometry generated
using the Weaverbird Mesh Thicken component and normalized as follows:

F = Atotal - Amin
2 Amax - Amin @

where F, represents the normalised material area, A;,:q; IS the total computed area of the generated
panel system, and A,,;, and A, are the minimum and maximum area values obtained during the
optimisation process. These two objectives were combined using the following weighted fitness

function:

Fiotar = (W1 - F1) + (w3 - F,) 3)
where w; and w, are the weighting coefficients assigned to each objective. In this study, equal
weighting was adopted (w; = 0.50,w, = 0.50) to assign the same level of importance to both
objectives during optimization. The process generated numerous alternatives with the aim of
minimizing this composite fitness score, and the resulting data was subsequently used for Pareto
analysis and surrogate model training. Since the optimization involved two conflicting objectives, the
resulting solution set was further evaluated using Pareto analysis to identify balanced design
alternatives. Solutions located on the Pareto front are considered non-dominated, meaning that any
attempt to enhance performance in one objective inevitably leads to a trade-off, or reduction, in at least
one of the remaining objectives (K. Deb, 2011; Gunantara, 2018).

Reducing the total surface area and reducing the number of unique panel types are conflicting
objectives. Therefore, rather than a single optimal solution, Pareto-optimal solutions that balance these
objectives were examined. Data obtained from the Galapagos optimization algorithm were imported
into Excel and analyzed using Python. The Pareto front illustrates the boundary region where
improving one objective worsens the other (Figure 7).
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Figure 7. Pareto Front Analysis.

The analysis shows that solutions on the left side of the curve result in lower material use but require
more panel types, increasing production and assembly complexity. In contrast, solutions on the right
side of the curve improve panel standardization and constructability by reducing the number of unique
panel types, but this comes at the cost of increased material usage. A notable inflection point is
observed near the center of the curve, indicating a balanced region where relatively small increases in
material usage lead to significant reductions in manufacturing complexity. Therefore, this region can
be considered the most efficient compromise between material efficiency and constructability. Table
2 presents the Pareto-optimal solutions identified during the optimization process and illustrates the
trade-off between surface area ratio and panel standardization.

Table 2: Trade-off Analysis: Surface Area Ratio versus Panel Standardization Across Pareto-Optimal
Solutions.

Mesh length Number of panels Total surface area ratio Unique Pareto
types
4.00 1883 0.595 13 TRUE
3.95 1818 0.615 12 TRUE
3.93 1769 0.625 11 TRUE
3.80 1943 0.637 10 TRUE
3.76 1759 0.640 9 TRUE
3.24 1982 0.670 8 TRUE
2.86 1949 0.695 7 TRUE

However, since the optimization process took up to 10 hours to complete the simulation, saving energy
and time was quite labor-intensive. This limitation highlighted the inefficiency of relying solely on
iterative optimization and prompted the search for a more time-efficient, data-driven approach to
explore a broader design space.
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2.3 Dataset generation and parameter space exploration

Following the constraints observed during the direct optimisation process, a more comprehensive
dataset was created to systematically explore the parameter space and support proxy model
development efforts. At this stage, the key control parameters influencing geometric behaviour and
performance metrics were identified, and meaningful value ranges were defined based on preliminary
Grasshopper tests.

The first parameter, the Length Factor (LF), determines the target length of each network edge based
on its initial state. The parameter was restricted to the range of 0.4-0.7, as determined by preliminary
tests.

The second key parameter used in this study is the TriMesh Edge Length, which determines the
triangular mesh resolution on the surface (Figure 8). TriMesh Edge Length controls mesh resolution
and panel density across the surface.

3

TriMesh Edge Langth

Figure 8. TriMesh Edge Length Parameter.

The TriMesh Edge Length parameter is not a variable that directly defines the area (A) and volume
(V) outputs, but when used in conjunction with the form finding process, it has an indirect yet
systematic effect on these outputs. Since equilibrium is solved iteratively through nodal force
interactions in dynamic relaxation methods, changes in mesh resolution affect deformation distribution
and convergence behaviour (Barnes, 1999).

In this study, the TriMesh Edge Length was maintained within the range of 2—4, to analyse the effects
of different densities on area and volume, along with their penalisation behaviour. The selected range
was determined to ensure that the panel dimensions of the geometry remain within an easily producible
range, while also allowing the resulting geometric differences to be observed. In this context, the
Length Factor is a complementary parameter that defines the physics-based deformation behaviour of
the surface, while the TriMesh Edge Length defines how this deformation is numerically solved and
at what level of resolution the surface is represented. The joint evaluation of these two parameters
enables a systematic analysis of their effects on outputs such as area and volume, in addition to the
penalisation behaviour.

Using these two parameters, a structured sampling method was applied to generate a representative
dataset within the defined design space.

2.3.1 Sampling method: Latin Hypercube Sampling (LHS)

After determining the main control parameters and their valid ranges, the next step was to
systematically map the design space and construct a representative dataset. For this purpose, the Latin
Hypercube Sampling (LHS) method was used, in which each variable range is divided into segments
of equal probability and one sample is drawn from each segment; this is a stratified approach
commonly used for design space sampling (Chen, 2024; Freimer et al., 2012; McKay et al., 1979). In
this study, the predefined two-dimensional parameter space consists of the Length Factor and TriMesh
Edge Length, with each sample representing a unique combination of these variables. This approach
ensures a more homogeneous distribution of samples across the design space compared to fully random
sampling. Furthermore, as the predictive accuracy of surrogate models depends to a large extent on the
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quality and information content of the training data, it is crucial to select an appropriate sampling
strategy in order to create reliable surrogate models (Mehrotra & Yi, 2023). A total of 500 sampling
points were generated for the two selected design variables. Since surrogate-based building
performance studies commonly employ simulation datasets ranging from several hundred to around
one thousand cases, depending on how many variables were involved and how intricate the design
space was, this sample size was deemed appropriate given the study's objectives (Hinkle et al., 2022;
Westermann & Evins, 2019). Additionally, several different sample sizes were tested during
preliminary experiments, and 500 samples yielded the most accurate and stable emulator performance.
To enable the testing of different sampling strategies within a parametric workflow, the Latin
Hypercube Sampling algorithm was integrated with the Python 3 component in the Grasshopper
environment. This script was designed to operate in both simplified and fully independent sampling
scenarios via a user-defined mode parameter.

To ensure that each sampled parameter combination produced a stable form rather than merely
generating input values, the Anemone plugin was used in Grasshopper. Anemone was used to
iteratively evaluate each parameter combination until geometric equilibrium was reached (Figure 9).

477 0.9€2437
478 0.362655
478 0.363513
480 0.56042¢
481 0.561063
482 0.959581
483.0.9€0737
484 0.96266

485 0561586
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485 0.96s518
490 0.964365

451 0.965245
452 0564096
453 0.5¢64563
454 0.96555

485 0.562383
45€ 0.9€0778

Figure 9. Grasshopper Data Sampling and Anemone Loop.

In this study, Anemone was used to repeatedly evaluate each Length Factor—TriMesh Edge Length
combination throughout the form-finding process. For each sampled input, the intermediate geometries
generated by Kangaroo Physics were continuously updated until the system approached equilibrium.
As a result, each sampling point was represented not by a single-step geometric output, but by a stable
geometry obtained through an iterative simulation process.

2.3.2 Output Metrics and Normalisation

Two output metrics were calculated to evaluate the geometric behaviour of each sampled
configuration: total surface area (A) and enclosed volume (V). These metrics were selected because
surface area correlates closely with how much material is used and the efficiency of the outer shell. At
the same time, the enclosed volume represents the spatial capacity of the generated form. Since the
surface-to-volume proportion influences the compactness level of the form and its potential heat
exchange with the external environment, these two outputs were considered suitable indicators for
comparing the generated geometries (Bekkouche et al., 2013).

To ensure direct comparability between outputs from different parameter combinations, the calculated
values were normalised to the initial geometry of the structure. The normalisation process for each
output metric is defined as follows:

A.

ARratio = A_l 4)
0

Vi 5)
VRatio = Vl
0

10
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where A; and V; represent the surface area and enclosed volume of the sampled configuration, and A,
and V, represent those of the initial geometry.

2.4 Surrogate model development and evaluation

A surrogate model—also known as an emulator or metamodeling—is a computationally efficient
approximation constructed using data generated from a high-fidelity simulation model to provide rapid
predictions of its outputs (Queipo et al., 2005). In this study, the emulator aimed to provide a more
effective alternative to the iterative simulation model developed in Grasshopper, thereby enabling the
rapid evaluation of alternative design configurations during the optimization process. Based on a
previously created dataset, the emulator was trained using two input variables and two output variables.
The selected input variables were the Length Factor (LF) and TriMesh Edge Length, which represent
the fundamental deformation and discretization parameters within the parametric workflow. The
emulator estimated the Area Ratio and Volume Ratio from the normalized simulation results. By
learning the relationship between these input and output variables, the emulator provided a simplified
yet reliable representation of the simulation model for subsequent optimization and design space
exploration tasks.

2.4.1 Emulator training and validation

After creating a representative dataset through data sampling and iterative simulation, a surrogate
modelling method was employed to process this data and enable faster prediction of performance
outcomes in the optimization process. To this end, a supervised regression emulator was developed
using a multi-layer perceptron (MLP), a type of artificial neural network (ANN), to approximate the
nonlinear relationship between the selected design inputs and performance outputs based on input—
output data (Jahirul et al., 2021; Meng & Karniadakis, 2020; Yang et al., 2023). ANNs are
computational models that learn complex nonlinear mappings through interconnected processing
layers and are widely used in performance prediction studies involving surrogate modelling (Afzal et
al., 2017; Hornik et al., 1989).

In this study, an ANN architecture comprising an input layer, two hidden layers containing 100 and 50
neurons, and an output layer was used to develop a surrogate model. While the input layer received
the selected design variables (Length Factor and TriMesh Edge Length), the output layer predicted the
target geometric performance values (Area Ratio and Volume Ratio) (Figure 10).

Input Layer Hidden Layer | Hidden Layer 2 Qutput Layer

Length Factor (LF) Area Ratio

Trimesh Edge
Length (Trimesh)

Volume Ratio

Figure 10. Structure of the Artificial Neural Network (ANN) Emulator used in this study.

The ReLU activation function was used to capture the nonlinear relationships in the dataset. Model
training was performed using the Adam optimiser, a gradient-based optimisation algorithm widely
used for efficient neural network training (Kingma & Ba, 2017), with a learning rate of 0.001 and the
mean squared error (MSE) as the loss function. The dataset consisted of 500 samples generated from

11
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a simulation workflow in Grasshopper. The dataset was split into training and test subsets in an 80:20
ratios; 80 per cent of the samples were used for model training, whilst the remaining 20 per cent were
set aside for testing. Before training, all input and output variables were standardised using z-score
normalisation to improve convergence and prevent scale dominance during optimisation. Training was
performed iteratively until convergence, with a predefined maximum number of epochs to prevent
overfitting. Model performance was assessed through a set of regression-based evaluation criteria,
including R?, MAE, and RMSE. While R? was used to assess how well the emulator captured the
variation and overall trend in the simulation results, MAE and RMSE were used as complementary
error metrics. MAE measures the average absolute difference between the reference values and the
predicted values, while RMSE is calculated as the square root of the mean squared error and expresses
the error in the same units as the target variable (Chicco et al., 2021; Hodson, 2022).

2.4.2 Emulator-based optimisation

Following the training and validation, a neural network emulator was used in place of the original
Grasshopper-based workflow to perform rapid design-space exploration and optimisation. A dense
grid of input parameter combinations was created within the boundaries of the original dataset,
covering the full range of Length Factor (LF) and TriMesh Edge Length values used during data
collection. The trained emulator was used to rapidly evaluate thousands of parameter combinations
and identify optimal solutions based on area and volume performance. For each combination, the
emulator estimated the corresponding Area and VVolume outputs; this made it possible to evaluate
thousands of solutions in a negligible amount of time compared to iterative parametric simulation.
These outputs were combined into a single performance score to define a scalar objective function.

3. Results

3.1 Comparison of optimisation methods

To evaluate the effectiveness of different optimisation techniques, the baseline model, the model
generated with Galapagos, and the model generated with an emulator were compared in terms of
geometric performance, shell properties, and computation time.

The model optimised with Galapagos was obtained directly via an evolutionary search. A total of 2,253
panels were generated in this model; although this resulted in a denser penalisation pattern than in the
emulator model, it still achieved the target. However, due to the nature of the simulation-based model,
the analysis took approximately 10 hours to complete. As shown in Figure 11, panel areas in the
Galapagos model were concentrated within a limited range, whereas the emulator-generated results
showed a more balanced distribution across various panel sizes. This indicates a more homogeneous
panel distribution and a reduction in the excessive clustering of panel sizes.

Galapagos Model

1200 BN Emulator Model

)
400
) I

20 25 3.0 35 40 45 50 55

Panel Area (m2)

Figure 11. Panel Area Distribution.

Number of Panels
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Table 3: Comparison of Galapagos and Emulator-Based Optimization Results.

Metric Galapagos Model Emulator Model
Total Panel Count 2,253 1,669
Computation Time ~10 hours ~5 seconds

As shown in Table 3, the emulator model reduced the total number of panels by approximately 26%
while cutting the computation time from about 10 hours to 5 seconds. Although both approaches
yielded similar results in terms of area and volume, the emulator enabled a much faster exploration of
the design space, allowing for the evaluation of more design alternatives in a much shorter time.

3.2 Geometric performance evaluation

The final design achieved a reduction of approximately 40% in surface area while retaining 95% of
the original volume. In other words, material efficiency was increased while preserving the building’s
spatial capacity. The results obtained are consistent with previous studies that emphasize the
importance of building geometry as a fundamental design variable and highlight the optimisation
potential of shape modifications in improving building performance (Kistelegdi et al., 2022).
Therefore, the results of this study point to a more efficient geometric configuration.

3.3 Penalisation performance analysis

The number of panels and the distribution of panel sizes on the surface after penalisation were analysed
with respect to panel standardisation and repeatability, which are important for production efficiency.
Panel areas were classified into predefined ranges to evaluate panel standardisation and repeatability
(Figure 12). The resulting area data was transferred to Python and classified using a user-defined step
size. This step size determines the precision with which panel dimensions are grouped and directly
affects the classification resolution.

Mesh Edges Area Python 3 Script Panel

Faces Geometry Area Report 27 panels

4.50 m*:
5.00

Number 8.

Bounds
Numbers

Figure 12. Calculation of Unique Panel Classes in Grasshopper.

2 m?
3 6.00m*: 5
6.50 m*: 42
5 7.00m*:
6 7.50 m*: 74 panels
8.00 m*; 14 panels

This classification is based on the principle of rounding each panel area to the nearest class according
to the selected step interval and is expressed by Equation (6).

A;
k; = round (K) A ©)

In Equation (6), A; represents the area of the relevant panel; A represents the step size defined by the
user; and k; represents the area class to which the panel belongs. Following this classification, the
number of panels assigned to each area class was calculated using Equation (7).

nk) = |{i | k; = k}| @)
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The greatest challenge in free-form architecture stems from irregularly shaped panels; because each
panel is different from the others, this eliminates the possibility of repetition and increases costs
(Gotebiowska, 2025). The optimisation process reduced the number of unique panel classes from 18
to 8, indicating improved standardisation (Table 4).

Table 4: Comparison of Unique Panel Types Before and After Optimization.

Panel Area Before Optimisation After Optimisation
Range (m?)
20-35 588 0
40-55 548 420
6.0-75 316 1326
8.0+ 230 14
Model Number of Unique Panels Reduction (%)
Initial Model 18 —
Optimised 8 55.6% |
Model

In addition, to evaluate panel dimensions for manufacturability—since panel size directly affects
material usage, processing time, and production efficiency (Austern et al., 2018)—an appropriate range
of panel areas has been established. Accordingly, in the Grasshopper environment, panels within the
defined optimal range are displayed in green. In contrast, panels exceeding this range are shown with
a colour gradient from yellow to red, indicating an increasing likelihood of manufacturability issues
(Figure 13).

Figure 13. Panel Size Distribution: Baseline versus Optimised Model.

A comparison between the initial and optimised models clearly shows that the optimisation process
narrowed the distribution of panel sizes and reduced the number of unique panels, resulting in a more
standardised and manufactural panel system.

3.4 Emulator results

This section presents the neural network emulator's performance and the results of the optimisation
process. Figure 14 shows comparison plots that contrast the emulator-predicted values with the Area
and Volume reference values generated by Grasshopper. Each plot includes an ideal 1:1 reference line,
allowing for a direct visual assessment of prediction accuracy.
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Figure 14. Comparison of Predicted and Reference Values for Area and VVolume.

For both outputs, the predicted values closely follow the diagonal line, indicating good agreement
between the emulator and the original parametric model. The distribution of the data points remains
confined within the evaluated range, and no significant systematic bias is observed. The tighter
clustering observed for Volume indicates stronger predictability from the selected input parameters,
while Area maintains a distinct linear trend but shows slightly greater dispersion.

The neural network emulator has achieved satisfactory prediction accuracy for both outputs; the R2
values for Area are above 0.80, while those for Volume are close to 0.90. Low MAE and RMSE values
confirm that deviations between the emulator predictions and the Grasshopper reference values
remained limited throughout the evaluated range (Table 5).

Table 5: Performance Metrics of the Neural Network Emulator

Output R? MAE RMSE
Area 0.8232 0.0121 0.0149
Volume 0.8958 0.0004 0.0006

Between the two outputs, Volume demonstrated stronger predictive performance, as evidenced by a
higher R2 and lower errors. This indicated that VVolume was more directly influenced by the selected
input parameters, resulting in a smoother and more trainable response surface. Although the area
estimates exhibited greater variability, they remained within acceptable limits.

To examine the optimization potential of the trained emulator in greater detail, the top five candidate
input combinations identified in the emulator model are presented in Table 6.

Table 6: Top 5 Optimal LF-TriMesh Combinations

Rank LF TriMesh Score Area Volume
1 0.400142 1.028427 1.620543 0.661157 0.959386
2 0.401649 1.028427 1.620578 0.661179 0.959399
3 0.403155 1.028427 1.620609 0.661197 0.959411
4 0.404662 1.028427 1.620637 0.661213 0.959424
5 0.406168 1.028427 1.620665 0.661228 0.959436

The results are clustered in a narrow area of the parameter space where the solutions exhibit the best
performance, indicating a consistent relationship between the input parameters and geometric
performance. The distribution of the optimization score within the LF-TriMesh parameter space was
examined using a contour plot. Lower score values, indicated by blue and green regions, represent
more favorable design solutions, whereas higher values, shown in yellow regions, correspond to less
efficient configurations. A smooth, continuous response surface is observed, suggesting that the
emulator captures the underlying behavior of the original model. Moreover, the identified optimal
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region confirms that specific combinations of LF and TriMesh consistently lead to improved geometric
efficiency and allow intuitive interpretation of parameter sensitivities (Figure 15).

Emulator Score = Area + Volume (lower is better)

100
0.95
0.85
0.80

T T
0.45 0.50 0.55 0.60 0.65
LF

Figure 15. Contour Plot of Optimisation Score.
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4. Discussion

The results show that surrogate model-assisted optimisation can significantly improve computational
efficiency in rationalising free-form facade systems. Compared to direct evolutionary optimisation, the
surrogate model-based approach enabled much faster exploration of the parameter space while
achieving geometric results that were either similar or better. This suggests that machine learning can
be utilised as a decision-support tool in early-stage design. Moreover, the reduction in unique panel
types from 18 to 8 indicates improved panel standardisation, which can simplify fabrication and reduce
costs, particularly in more geometrically complex free-form structures. However, this study has some
limitations. The optimisation process relies on only two design parameters, thereby limiting the
representation of the full design space. Additionally, the slope variable was excluded due to its low
correlation with the selected inputs and may require alternative evaluation methods in future studies.
In this study, only one machine learning method (ANN/MLP) was tested. Furthermore, the current
framework focuses solely on geometric efficiency and manufacturability; structural performance,
environmental impact, and cost analysis have not been included.

5. Conclusion

This study has demonstrated that computational optimisation and surrogate modelling can effectively
support the rationalisation of complex free-form fagade systems. Using the Rhike Park Music Theatre
and Exhibition Hall as a case study, the proposed workflow reduced the surface area, the variety of
panels, and the total number of panels while preserving most of the original volumetric capacity. The
results show that the emulator-based optimisation approach significantly reduces computation time
while delivering geometric performance comparable to, or better than, that of direct evolutionary
optimisation. Thus, the practicality of machine learning-based surrogate models for rapid design space
exploration and early-stage decision-making processes has been demonstrated. This study contributes
to the literature by demonstrating the feasibility of surrogate modelling for the optimisation of free-
form architectural facades. Although surrogate modelling has been widely applied in performance-
based optimisation, its use in the rationalisation of architectural fagcades remains limited. The proposed
workflow facilitates a more efficient exploration of design alternatives by supporting early-stage
design decisions while reducing the computational load and maintaining geometric performance.
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Despite these contributions, the study has some limitations. The optimisation process was limited to
two geometric design parameters and focused solely on geometric rationalisation. Structural
behaviour, environmental performance, manufacturing constraints, and cost analysis were not included
in the optimisation framework. Furthermore, the proposed workflow was validated using a single case
study, which may limit the generalisability of the findings to other free-form fagade geometries.
Future research should expand the proposed framework by integrating structural, environmental, and
cost analyses into the optimisation process. The use of alternative surrogate modelling techniques,
such as Gaussian process regression or random forests, could also be explored and compared with
ANN/MLP models. Furthermore, validating the workflow by applying it to different free-form
structures may enhance its robustness and scalability.
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