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Abstract. In this study, we introduce a newly developed method called
Deep-Performance, to enable automatic environmental performance
simulation prediction without the need to perform simulations, by
integrating deep learning strategies. The aim is to train neural
networks on datasets with thousands of building design samples and
their corresponding performance simulation. The trained model would
offer performance prediction for design options emerging in generative
protocols. The research is a work-in-progress within a broader project
aimed at automating buildings’ environmental performance evaluations
of daylight analysis and energy simulation, using deep learning (DL)
models. This paper focuses on the implementation of a supervised
DL method for automating the retrieval of daylight analysis metrics,
targeting successful daylight design and higher building enclosure
efficiency. We have further improved a Pix2Pix model trained on 5
different datasets, each containing 6000 paired images of architectural
floor plans and their daylight simulation metrics. In the inference phase,
the model was able to accurately predict the daylight simulation for
unseen sets of floor plans. For validation, two quantitative assessment
metrics were followed to assess the predicted daylight performance
against the daylight performance simulation. Both assessment metrics
showed high accuracy levels.
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1. Introduction
In the last few decades, performance-driven generative design (PDGD) systems
have assisted designers in achieving higher building environmental efficiency.
Yet, despite their increasing applications, PDGD frameworks still present many
challenges. One challenge is the required level of expertise and technical skills
that architects and engineers are expected to possess (Touloupaki and Theodosiou,
2017). Architects are concerned with the environmental performance of their
building designs yet are not necessarily familiar with the building performance
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simulation (BPS) and optimization methods required to achieve higher building
performance. Overall, BPS is a dynamic multidisciplinary method requiring
in-depth understanding and requires accuracy in performing the modeling tasks,
with science and engineering expertise (Bazjanac, 2008). Such complexity
can be related to the multiplicity of the inter-related variables required for the
environmental simulation tasks (Nguyen et al., 2014). A second challenge is
that BPS methods are still computationally expensive, particularly in generative
protocols when thousands of design alternatives are explored. Importantly, a
third issue is the designer-system interaction, which remains problematic in
terms of the ease with which designers operate such frameworks[2] (Harding
and Brandt-Olsen, 2018). Although research attempts to develop methods
that integrate performance simulation seamlessly in generative protocols are
conducted, e.g. (Schwartz et al., 2017), such work is still time and computationally
expensive, and requires domain expertise to perform the simulation protocol.
Ideally, it would be beneficial for designers to retrieve automatic real-time building
performance evaluation for each design option generated in the design process.
This becomes crucial in early design phases to inform decision-making that could
highly impact the designs’ environmental performance (Hemsath, 2013).
A potential solution to offer automated real-time performance simulation is
to employ artificial intelligence (AI) strategies. For performative design aspects,
since AI can process, learn, and synthesize data, it can assist designers in effective
decision making by enabling prediction of environmental metrics of their designs
(Spacemaker, 2020). This could be a game-changer in design research. Generative
Adversarial Networks (GANs) are DL-based models that enable the machine to
learn structures and semantics from observing input datasets (Goodfellow et al.,
2016). One model of the GANs family is Pix2Pix, authored by Philip Isola (2016).
The model is an image-to-image translation method, able to learn mapping from an
input to an output image in an effective manner, synthesizing and reconstructing
data in a conditional (supervised) approach (Isola et al., 2017). This work is part
of a broader research project focused on developing a framework that incorporates
DL models to tackle different building systems and predict building environmental
performance evaluation. As an initial phase, this paper focuses on the use of a DL
model to predict multiple daylight simulation metrics. As a supervised process,
the Pix2Pix model facilitates accurate image-to-image translation and therefore
provides real-time visual feedback without the need for additional operations
to be performed on the analysis grid. This supports seamless integration of
daylight prediction into generative systems. The model, provided with examples
of building floor plans, will generate daylight predictions. We pursued developing
a system we call “DeepPerformance” (DP), demonstrated in a fully working
method that successfully offers real-time predictions of daylight simulations for
designs produced within generative protocols. In the development phase of the DP
system, the following protocol was required: (1) generative modeling and daylight
simulation (2) deep learning model training, and (3) validation, as explained
in greater details in the Research Methods section. In the application phase
(user centered interaction) users will simply integrate the trained model into their
generative protocol where the algorithmic package (of the DP system) will offer
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automatic real-time daylight analysis for generated floor plan designs (Figure 1).
The research significance lies in the framework’s ability to automate simulation
tasks and to offer a designer-centered system that enables real-time feedback on
design performance. It is targeted for a larger audience of lay-designers and
architects with no domain expertise. Such a designer-centered approach will
facilitate exploration while achieving higher efficiency in performance-driven
generative systems, at a minimum computation and time expense. Our research
contributes to the transition from simulation-based to prediction-based design
performance methods. This approach of prediction models is also known as
surrogate models, defined as models that imitate the behavior of simulation models
as closely as possible while being less expensive computationally (Bamdad et
al., 2020). We believe that the introduced system is capable of ”augmenting”
the designers’ decision-making by offering a collaborative human-machine
interaction to enhance the design process. Embedded here is our preference
for an ”open-loop” of back and forth feedback between the designer and the
machine rather than the ”closed-loop” of input-output frameworks. The paper
is structured as follows. In the background section, an overview of related
research is offered and discussed, in addition to describing the most important
concepts and methods relevant to this work. The methods section describes in
detail the research methodology, the overall framework, a test-case application,
and validation procedures. Next, an overall discussion is offered, and in the last
section, conclusions and future work are highlighted.
2. Background
Despite the fact that performance-driven generative systems were introduced
in the last two decades, and although many methods have been developed for
simulation and performance optimization, the applications of those methods are
still less outspread in the architectural domain. While the introduction of AI
in performance-driven frameworks is still experimental, the approach has the
potential to leverage and more importantly enact designers‘ successful exploration
of the design space while achieving higher performance. When it comes to
seamless real-time retrieval of environmental performance, computational and
time expense issues still arise in PDGD (Rahmani Asl et al., 2017). Since
the introduction of GANs into architectural design research occurred (5 years
ago), employing AI strategies to performative aspects of building systems is still
limited. Relevant methods to this project have been found in projects such as
the Energy Model Machine (EMM) that targets automating energy consumption
(Rahmani Asl et al., 2017), and the project of “Wind-flow Prediction through
Machine Learning”, developed by the research team at the Austrian Institute of
Technology (Galanos et al., 2019). A more recent work is the Space Allocation
Techniques developed by Nirvik Saha as a design optimization toolset (DOTS)
for Grasshopper (Saha, 2020). The tool utilizes reinforcement learning methods
to automate space allocation problems at both urban and building scales. AI’s
integration into fabrication has been also investigated in the work of Thomsen
et. al. where the authors sought for using ML strategies to adapt fabrication data
in real-time within the fabrication processes (Thomsen et al., 2020). Research
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attempts to automate daylight analysis are still experimental, such as the work
of (Shaghaghian and Yan, 2019) where Convolutional Neural Network (CNN)s
were used for shape classification and Auxiliary Classifier GAN (AC-GAN) was
implemented for generating light and shadow patterns of windows and walls based
on daylight performance. In Ngarambe et al. ’s work (2020), a comparative
analysis of 5 machine learning (ML) algorithms was pursued to explore potentials
of ML to perform daylight illuminance studies. Another study that attempts to
investigate predicting illuminance values in office buildings using artificial neural
networks is the study of (Kazanasmaz et al., 2009). All of those attempts represent
preliminary experimentation and do not offer yet a fully working method designed
for generative systems.
Our argument of augmented seamless human-machine collaboration is
supported by multiple references. In cognitive science, Margaret Boden reinforces
the concept of using artificial intelligence to “augment” the user’s creativity
(Boden, 2004, Boden, 2007). In her work, Boden discusses both AI and
human creativities, addressing that AI is capable of producing combinational
creativity and possibly exploratory creativity-two of her three models of creativity.
Computers “can come up with new ideas and help people do so” (Boden,
2007, p. 12). Also, the idea of human-machine collaboration has been argued
for by Garry Kasparov who describes it as “Human-Plus-Machine” (Kasparov,
2017). For him, machines perform a supplementary task, supporting cognitive
functions such as memory, and we can add this powerful machine capacity to
process otherwise overwhelming datasets into a human-plus-machine mode. This
human-plus-machine mode of collaboration benefits us and makes us stronger. We
can “...use information technology as a tool to enhance human decisions instead
of replacing them with autonomous AI systems” (Kasparov, 2017, p. 215). Given
this background information, the issue of developing a method with real-time
feedback on daylighting design and offering a designer-centered framework
remains unsolved, which was the motivation of conducting this research. Next,
we describe the process of developing our Deep-Performance system, in addition
to offering definitions and explanations of the important related methods that we
implemented.
3. Research Methods
The research methodology involves experimentation with incorporating DL
methods into a PDGD framework, prototyping the proposed system, application
and testing, and verification methods.
After thorough investigation and
experimentation with DL methods, in this study, we demonstrate our
“Deep-Performance” system in a fully working prototype. In the development
phase (authors developing the prototype), the prototypical workflow included
processes of (1) creating a performance-driven parametric generative design model
with daylight simulation, (2) developing and training the DL model, and (3)
performing validation studies.
In the application phase (users of DP), the system is defined as a two-step
workflow, (1) a generative process (e.g. generation of floor plan designs) and
(2) a real-time simulation prediction model, allowing for daylight evaluation of
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hundreds/thousands of design options. The full diagram (Figure 1) demonstrates
the development and application phases of the method. The framework prototype
consists of a series of novel generative and prediction tools, organized as a
Grasshopper add-on, soon to be released. To apply the Deep-Performance system
and test its functionalities, the following test-case experiment was carried out.

Figure 1. The workflow of the proposed DP framework, real-time daylight performance
evaluation predictions using deep learning.

3.1. TEST-CASE APPLICATION

For the framework development, various interfaces and methods were leveraged
for respective stages of dataset generation, preparation, training, and validation
of the models. Rhino/Grasshopper® was used to create a generative model that
produces floor plans and windows configurations. Ladybug® and Honeybee®
add-ons, developed by (Roudsari, 2014), were used to perform 5 different types of
daylight metric simulations. PyTorch® and Tensorflow® deep learning packages
were used within the PyCharm environment for data preparation, augmentation,
and for the development/training of the neural networks.
3.1.1. Generative Modelling and Daylight Simulation
In Experiment 1 (orthogonal layouts), a daylight performance simulation
experiment was integrated into a generative system that produced 3000 orthogonal
floor plan design options. Every generated design option was evaluated against
5 annual daylight simulation metrics of spatial Daylight Autonomy (sDA), Direct
Daylight Access (DLA), and Useful Daylight Illuminance ranges of UDLI(0-100),
UDLI(100-2000), and UDLI(2000_more) in lux. This has led to a total of 3,000
pairs of floor plan-daylight simulation images for each daylight simulation metric,
to be used as a training dataset. We ran the simulation with a grid resolution of
0.2m and at 0.76m a working plane height. A labeled dataset was generated by
defining 3 main classes/labels: light gray color representing the floor area class,

156

S. YOUSIF AND D. BOLOJAN

black label for the wall class and yellow color for the window class, as depicted in
both Figures 2 and 3. While the yellow color saturation defines the window height
(in this test-case, we used one height, ceiling-to-floor), different intensities of gray
were used to define functional types e.g. office, retail etc. In this experiment,
the floor plan was considered an open layout for an office building program. We
followed a common convention in daylight simulation studies to analyze office
spaces as open floor plans where partitioning walls are not included (Reinhart,
2002). Curating the datasets, we divided each dataset of the 5 metrics into 90%
training and 10% testing sets, thus we used 2700 training and 300 testing for each.

Figure 2. A sample of the training datasets in pairs of 90 paired images representing floor plans
and one of their daylight simulations (in this case the spatial Daylight Autonomy).

Figure 3. A sample of 4 design options evaluated against 5 daylight simulation metrics of
sDA, DLA, UDLI(0-100), UDLI(100-2000) and UDLI(2000_more).

3.1.2. DL Model Training
The network architecture is based on the Pix2Pix model that allows for supervised
Image-to-Image translation (Isola et al. 2017), yet we made further improvements
to the networks’ filters in order to create feature-maps that summarize well the
detected features in the input (Figure 4). All experiments were trained for a total
of 400 epochs. Adam optimizer was used with an initial learning rate of 0.0005
for the first half of the training and was reduced linearly to a rate of 0.0000 over
the remaining iterations. The optimizer momentum term was set to 0.65 for both
generator and discriminator networks. The input and output resolution was set
to 1024x1024 pixels; due to GPU training device memory constraints we used
a batch size of 40 and we normalized the input layer with batch normalization
(Ioffe and Szegedy, 2015). The discriminator network used a basic network
architecture 70x70 PatchGAN, and the generator network uses a RESNET 9blocks
network architecture. To reduce the model’s oscillation, we used a pool size
of 50 (Shrivastava et al., 2017). Each network’s layer is followed by instance
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normalization and a ReLU layer.

Figure 4. Pix2Pix Architecture - Paired dataset.

3.1.3. Results and Validation
In the testing phase, the results confirmed the expected performance of the DL
algorithm to successfully predict daylight simulation when new floor plan designs
are introduced in the testing process. The accuracy of the predicted results of
the surrogate model has been assessed against the actual (real) simulation results
of Honeybee. In one of the assessment experiments, we tested the accuracy
of the predicted Direct Daylight Access (DLA) values against the actual DLA
simulation. Presented with a new batch (unseen by the trained model) of 50
floor plan options, the network predicted the DLA metric, in the testing phase,
with an average prediction accuracy of 90%, as shown in Figure 5. Compared to
the Honeybee daylight simulation results that took 3 minutes for each simulation
run, our surrogate model was able to offer a comparable accuracy of 90%, taking
less than 0.3 second for each prediction. In a generative design process, when
exploring 6000 design options, it would take 3*6000=18000 minutes, equivalent
to 12.5 days to retrieve daylight simulation results using Honeybee or Diva, in
contrast to 0.3*6000=1800 seconds, equivalent to 30 minutes using the surrogate
model. Quantifying the accuracy comparison between the surrogate model and
the simulation model, we plotted the two results to display where the accuracy
of the two results converges. Figure 5 exemplifies this accuracy comparison of
the DP-predicted DLA values (represented in light gray lines) and the Honeybee
simulation DLA values (represented in black line). When the curves converge, this
means the accuracy of the DP-prediction is at its highest value, and the margin of
difference is within 15%. Additional evaluation methods were used such as, the
SSIM and Perceptual Similarity, explained in the following subsections.

Figure 5. Prediction results - comparison between daylight simulation DLA values and
DP-Prediction DLA values.

• SSIM and Perceptual Similarity
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Following Goodfellow et al. ’s approach which emphasizes human judgment
(2016), the first validation study we conducted was the Structural Similarity
Index Measure or SSIM (Wang et al. 2004). SSIM is a method for image
quality assessment that involves extracting structural information and measuring
the degradation of the structural data for the images under analysis. For this
procedure, the predicted daylight simulation results were evaluated against the
Honeybee simulation, and the results show an average similarity value of 0.94
with an overall similarity value range of 0.84 - 0.96.Perceptual Similarity (PS)
is another method we used that was developed to evaluate the effectiveness of
deep learning-produced images similar to the way humans perform perceptual
judgements (Zhang et al., 2018). For this PS assessment method, the lowest value
retrieved was 0.89 and the highest value was 0.98. Figure 6 illustrates a sample of
eight cases of the testing process assessed by the SSIM and PS measure. The two
rows (with two pairs in each) depict the DP-predicted (synthetic) and Honeybee
simulation (real) images of two daylight metrics, with the lowest SSIM/PS values
to the left and the highest SSIM/PS to the right (Figure 6).

Figure 6. Eight cases of the testing dataset of synthetic-real pairs assessed by the SSIM and PS
Measure for UDLI(0-100) and UDLI(2000_more).

4. Discussion of Test-Case Experiment
In the experiment, the proposed DP framework was demonstrated in a fully
working prototype, applied to a generative model with daylight simulation data,
and a modified Pix2Pix model was trained with the design-simulation datasets to
predict daylight simulation results. As presented, our DP framework is capable of
offering high accuracy levels for daylighting predictions. More importantly, this
test-case application has shown promising results towards the automation of other
environmental performance objectives as well. Such a surrogate model offers
automatic prediction, which becomes beneficial in early design phases to inform
decision-making. The DP prediction model coupled with design generation is
depicted in Figure 7 where 3 design models are shown in the upper part, and their
two copies in the lower part. For each floor plan design, a predicted daylight
mesh is represented. In inference phase, the DP framework will enable designers
to explore a manifold of design options, while evaluating in real-time design
performance. The significance of retrieving predicted daylight evaluation lies in
its impact on morphology and associated design decisions.
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Figure 7. Three building design options and automatic prediction presented in the daylight
simulation meshes for each floor plan.

5. Conclusions and Future Work
In our project, we aim for AI applications that encompass the complexity of
building systems. Such integration of AI in architecture research can be targeted
at developing upon the paradigm shift discourse of system thinking as introduced
by Christopher Alexander (Menges and Ahlquist, 2011, p. 11). Presented
in this paper is a method to incorporate a deep learning model to facilitate
and enhance generative design protocols. This was accomplished by offering
real-time predictions of daylight performance. The results provide evidence of
the potential to implement deep learning methods to automate other building
performance simulation tasks. In-progress is our experimentation to automate
the whole building energy simulation by integrating DL networks into generative
protocols. The project requires thorough investigation to tackle the complexity of
the inter-related parameters of thermal modeling. As a future work, the surrogate
model will enable designers to explore a plethora of design options in an articulated
design space. Additional AI models will be required to sort out successful
design options with higher performance to facilitate the overwhelming task of
sorting through thousands of designs. Additional improvement will be targeted
at creating a designer-friendly interface that will be assessed by lay architects
in empirical procedures, in order to provide feedback on limitations of the DP
framework. Future work also includes developing a cloud-based interface for the
Deep-Performance framework.
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