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Abstract. For adaptive façades, the dynamic integration of
architectural and environmental information is essential but complex,
especially for the performance of indoor light environments. This
research proposes a new approach that combines computer-aided
design methods and machine learning to enhance the efficiency of this
process. The first step is to clarify the design factors of adaptive façade,
exploring how parameterized typology models perform in simulation.
Then interpretable machine learning is used to explain the contribution
of adaptive facade parameters to light criteria (DLA, UDI, DGP) and
build prediction models for light simulation. Finally, Wallacei X is used
for multi-objective optimization, determines the optimal skin options
under the corresponding light environment, and establishes the optimal
operation model of the adaptive façades against changes in the light
environment. This paper provides a reference for designers to decouple
the influence of various factors of adaptive façades on the indoor light
environment in the early design stage and carry out more efficient
adaptive façades design driven by environmental performance.
Keywords. Adaptive Façades; Light Environment; Machine Learning;
Light Simulation; Genetic Algorithm; Specific Instead of General; S
DG3; SDG12.

1. Introduction
As the boundary between inside and outside of a building, building facades play an
essential part within the broad scope of building performance. It has the potential to
provide maximum comfort and a comfortable light environment for the interior space.
With the popularity of large glass windows and curtain walls, the adaptive facade has
become an important and sustainable method to control natural indoor light (Attia et
POST-CARBON, Proceedings of the 27th International Conference of the Association for ComputerAided Architectural Design Research in Asia (CAADRIA) 2022, Volume 1, 141-150. © 2022 and
published by the Association for Computer-Aided Architectural Design Research in Asia (CAADRIA),
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al., 2018). The traditional facade cannot respond to different light angles caused by the
sun's movements and create constant visual comfort for the interior during daylight
(Michael & Heracleous, 2017). At the same time, the adaptive facade can respond to
changes over time and find a balance between different light evaluation indicators to
keep a comfortable indoor light environment(Hosseini et al., 2019; Luna-Navarro et
al., 2020).
On the basic definition of adaptive façade, the concept of adaption requires effective
control, which could be distinguished as extrinsic and intrinsic control (Loonen et al.,
2013). Extrinsic control is a computer-based system that reacts with input and output
that decides the behaviour of adaptive facades. For instance, Shi et al. (2020) compare
two types of façade typology for light and energy performance. However, the expected
outcomes are difficult to predict due to the complexity of climate data and the difficulty
of massive light stimulation, which results in the need for intelligent decision-making
in the control of adaptive facades. In the architectural field, new computer-aided
methods like genetic Algorithms (Carlucci et al., 2015; Rizi & Eltaweel, 2021) are
introduced to face the multi-functionality and non-linear adaptations which can be
transferred to comparative design. Adaptive façade needs an intelligent control system
that could make decisions on collected information and existing requirements (Böke et
al., 2019). To achieve the intelligent goal, machine learning is introduced to establish
a new workflow for adaptive façade towards lighting performance.
2. Research Methodology
The software for light environment simulation often requires interdisciplinary
knowledge like physics and programming skills that are usually beyond the designer's
ability. Therefore, simulation for the adaptive facade in the early design stage is
difficult to synergy. Designers usually use an exhaustive optimization method, which
is impossible to respond to changing environments. A computer-aided design approach
and machine learning can be combined in the early design stage, effectively improving
the design process and achieving accurate optimization results.

Figure 1. Research workflow
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2.1. RESEARCH PATH
As shown in Figure 1, the research framework of this paper consists of four main parts.
Based on domestic and international studies and cases, the first step is analyzing
common dynamic skin design parameters, then establishing three parametric facades
models based on Rhino/Grasshopper platform. Secondly, using simulation software
such as Honeybee and Ladybug to evaluate the light environment and get indexes such
as Daylight autonomy (DLA), daylight illuminance (UDI), and daylight glare
probability (DGP) of the models. All the variations and indexes are exported to
construct sample datasets by controlling the parametric models for batch simulations.
The contribution of the dynamic epidermal parameters (unit length, unit width, unit
distance, material transparency, different patterns, etc.) to the indoor light environment
index under the corresponding light environment (weather data), and several regression
models were developed to obtain the prediction models of different dynamic epidermal
parameters under the corresponding light environment. Finally, a multi-objective
optimization based on Wallacei X of genetic algorithm is performed to determine the
optimal epidermal option under the corresponding light environment and establish the
optimal operation model of the adaptive facade for light environment changes.
2.2. PARAMETRIC DYNAMIC SKIN ESTABLISHMENT
The adaptive facades involved in this study are unit modules, which form a whole
through repeated arrays in horizontal and vertical directions. The independent units
themselves are difficult to have a good effect in function and aesthetics, but the whole
formed by the array can provide a good light environment for the room, and at the same
time, can also constitute a certain sense of rhythm.
There are three main unit forms chosen in the paper: rectangular, triangular, and
hexagonal. The size of the design unit is generally arranged in a way that there are 2-3
rows of one-floor height, and the building floor height is multiplied by the basic unit
height, i.e.
H =n∗h

where h is the height of the dynamic unit, H is the floor height of the building, and n is
the multiplicative relationship. Different samples of the three parametric dynamic skins
are shown in Figure 2.

Figure 2. Three parametric prototypes
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Ultimately, through simplification and for unification purposes, the dimensions of
the room (face width, depth, floor height) and the dimensions of the parametric
dynamic skin (unit distance, unit length, unit width, unit movable parameters) are used
in this paper as potential influencing factors that affect the light environment indexes.
2.3. SIMULATION FOR INDOOR LIGHT ENVIRONMENT AND DATASETS PREPARATION
2.3.1. Indexes for light environment
This paper uses the Ladybug and Honeybee plug-ins of the Rhino/Grasshopper
platform to simulate the indoor light environment with a parametric dynamic skin. The
adaptive facade can significantly improve the light environment near the glass curtain
wall to meet the appropriate natural illumination and avoid glare during the daytime.
Considering that office spaces with large depths are prone to uneven illumination, and
small-sized residential spaces near glass curtain walls and floor-to-ceiling windows are
often strongly lit and generate glare, this paper generates adapted dynamic skins for
rooms of different sizes and performs batch light environment simulation by setting the
room size as a variable. Based on the LEED and WELL building evaluation standards,
the final light environment indicators such as all-natural lighting percentage (DLA),
effective daylight illuminance (UDI), and daylight glare probability (DGP) are
selected, as shown in Table 1.
Table 1. Light environment criteria

2.3.2. Simulation of interior light environment
The light environment simulation is mainly based on Rhino/Grasshopper platform,
using components of light environment simulation such as Ladybug and Honeybee to
simulate light environments for indoor spaces with adaptive façades. The
meteorological data were imported by reading EPW files through ladybug (Table 2),
the selected location was Shanghai, and the imported climate-related data were
weather, time (month and day), sky type, etc.
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Table 2. Weather data

2.3.3. Datasets preparation and correlation analysis
In this study, the preparation time of the dataset is relatively long. Batch simulations
use the ladybug fly component, and the CPython component will export results. Each
parametric prototype model generates 500 simulation cases, and the corresponding
three light environment indicators will be exported to construct sample datasets for
machine learning, the parametric model and simulation process is shown in Figure 3.
The correlation analysis of the datasets is an important part of the data exploration
in the pre-modeling stage. By calculating the correlation between the characteristic
values (independent variable: design parameters) and the target values (dependent
variable: three light environment indicators), the correlation degree of the design
parameters of the adaptive façade model to the light environment indicators can be
derived, which in turn provides support for the designer's design decision.

Figure 3. Grasshopper battery for one prototype

2.4. INTERPRETABLE MACHINE LEARNING
Current building environmental performance assessment is mainly based on the design
"post-evaluation paradigm," which is difficult to influence the optimization of design
solutions. The complexity and time cost of environmental performance simulation in
the early stage of design makes it difficult to introduce environmental performance
evaluation tools in the early decision-making stage. The introduction of machine
learning, however, can accelerate the performance simulation and quickly give
predicted results of environmental simulation in the early design phase when certain
design parameters are uncertain. In this study, an integrated model XGBoost (Extreme
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Gradient Boosting), which is an integrated machine learning algorithm based on
decision trees with Gradient Boost as a framework for the prediction problem of
unstructured data (images, text, etc.), was chosen, and the artificial neural network
outperforms other algorithms or frameworks. However, when dealing with small to
medium-sized structured data or tabular data, decision tree-based algorithms are now
generally considered to be the best. XGBoost can be used for classification and
regression tasks and provides an explanation of the importance of each feature at the
algorithmic level, making it an important algorithm for interpretable machine learning.
In this paper, we will use the three aforementioned approaches to establish a mapping
of dependent variables representing model parameters to light environment metrics and
to interpret the feature importance of the regression model, as well as to derive the
extent to which the model parameters contribute to the indoor light environment. The
main results will be given in section 3.
2.5. GENETIC ALGORITHMS AND MULTI-OBJECTIVE OPTIMIZATION
Wallacei (which includes Wallacei Analytics and Wallacei X) is an evolutionary multiobjective optimization and analytic engine. The multi-objective optimization algorithm
Wallacei X is advantageous here because it allows selecting one or more optimal
solutions from the machine learning prediction models. This evolutionary solver can
consider several objective functions simultaneously to determine the optimum
solution. In addition, the solver allows the user to store and save arbitrary data for each
iteration of the design.
3. Results and discussion
3.1. TRAINING DATASETS
Light environment simulations were performed on the Rhino/Grasshopper platform
using Ladybug and Honeybee components. The Shanghai epw data was used as the
meteorological data. The initial settings were used in the light environment simulation:
clear sky, sunlight, minimum 500 lux at the height of 0.85 from the floor on the working
plane, occupancy schedule (8-16), sensor grid with a scale of 0.5*0.5 m2, and no
shadows or artificial light. For further simulation of the real climate, more weather
variations are added. Batch simulations were performed using the ladybug fly
component, and simulation results were looped and saved using the pandas to import
into Cpython component. The section of the constructed dataset is shown in Table 3
below.
Table 3. Datasets preparation
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First, the six model parameter variables and three light environment indicators were
plotted in a bivariate scatter matrix to test whether there was a linear correlation
between the characteristic variables and the response variables, as shown on the left of
Figure 4, from which it was seen that several characteristic variables were significantly
linearly correlated with the response variables, so the Pearson method should be used
for correlation analysis of each variable.
The correlation coefficient between room_length and DLA is -0.85, a negative
correlation. The correlation coefficient between unit_width and DLA is 0.46, a positive
correlation. The correlation coefficients of room_width, room_height, and
unit_distance with DLI were 0.46, 0.4, and 0.49, respectively, all negatively correlated.
In addition, the correlation coefficient between room_width and DGP is 0.81, which
has a positive correlation. From the above results, it is clear that. Room_width,
room_length, room_height, and unit_width have more influence on the light
environment indexes than other parameters, and the direction and degree of influence
on the three light environment indexes are different.

Figure 4. Bivariate scatter matrix and Pearson correlation coefficient matrix

3.2. XGBOOST MACHINE LEARNING MODEL
Permutation Importance is an algorithm that calculates the importance of model
features. Feature importance refers to how much a feature contributes to the prediction.
Some models, such as XGBoost, LR, decision trees, etc., can calculate feature
importance directly. Assuming that the importance of a feature is to be studied, then
the data in this column is disrupted, the data in the other columns are kept constant, and
then the accuracy of the prediction of the regression loss is observed to change by how
much. The feature importance is determined based on the amount of change, which is
essentially similar to feature sensitivity analysis. The nine model parameters are trained
using the Python language based on the scikit-learn machine learning tool for DLA,
UDI, and DGP using the XGBoost model respectively, and are calculated using the
feature importance function that comes with the model, the outcome is shown in figure
5.
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Figure 5. Feature Importance of prototype 2

With CPython in Grasshopper, the exported machine learning model can be imported
into the Grasshopper platform, the relationship between the variation and light
simulation outcome can be calculated fast and easily to read.

Figure 6. Machine learning model connected to Wallacei

Figure 7. Wallacei analytic
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3.3. GENETIC ALGORITHMS AND MULTI-OBJECTIVE OPTIMIZATION
By running the multi-objective evolutionary simulation for the main design problem,
the setting for generation count is 10; each one contains 20 populations. In total, 200
genotypes with three fitness values per solution were produced. The evaluation of the
multi-objective optimization process commenced with a set of analyses to examine
how the evolutionary simulation addressed the fitness objectives and how successfully
it performed in its entirety. The outcome is shown in figure 7.
4. Conclusions
This study proposes a workflow that uses parametric 3D modeling (Grasshopper), light
environment simulation (Ladybug), and machine learning (XGBoost) modules
combined with Genetic Algorithm (Wallacei X) to optimize and select design cases
from a large number of models corresponding to the light environment in the predesign phase of adaptive facade design. The integrated design aims to find suitable
adaptive facade designs that can effectively improve natural light glare in the room and
provide sufficient illumination.
The workflow shows flexibility in the selection of sample evaluation sizes,
especially saving time in the optimization process. This versatility also allows to
analyze the final phenotype and plot the results in a fast way in a user-friendly interface.
The genes and genomes information extracted from the selected phenotypes are then
stored for subsequent replication and evaluation of the environmental targets. This is
an important advantage of the implemented algorithm over other currently available
algorithms that do not allow the storage of informative data.
In addition, using genetic algorithms with machine learning shows high efficiency
for data-driven design towards light environment indicators (DLA, UDLI, and DGP)
optimized. The current workflow allows building a database of different facade
prototypes with machine learning predictive models, saving a significant amount of
simulation time and responding to the climate timely to enhance indoor light comfort.
However, the number of adaptive facade prototypes in this study is insufficient and
could not be real-time visualized. In subsequent studies, the number of model
prototypes will be increased, and a workflow that allows visualization feedback in realtime will be established. And this study can be extended to analyze different
geographical locations, shapes of structures, and adaptations to specific latitudes and
weather conditions, and further work should be carried out on more assessments.
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