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Abstract. “Synthetic Machine Learning” offers a revolutionary leap 
in real-time environmental analysis for conceptual architectural design. 
By integrating automatic synthetic data generation, artificial neural 
network (ANN) training and online deployment, Synthetic Machine 
Learning offers two main advantages over conventional simulation; 
First, it reduces the analysis time  for a reference simulation from 
minutes to seconds; Second, it is possible to deploy ANN as a web 
service in an online design environment, which therein increases 
accessibility, significantly reducing simulation costs and setup time. 
The application of Synthetic Machine Learning to perform Daylight 
Autonomy (DA) and Spatial Daylight Autonomy (sDA) studies to 
maximise building daylighting for a given use, window to wall ratio, 
and floorplan arrangement is showcased through a preliminary 
demonstration work. Comparatively the use of algorithmically 
generated synthetic data versus real-world data is becoming ubiquitous 
in other disciplines, the advantages of this approach to the building 
design process are further discussed. 

Keywords.  Daylight Autonomy, machine learning, building energy 
performance, synthetic data-sets; SDG 7; SDG 11. 

1. Introduction 

Synthetic Machine Learning is part of a revolution in environmental analysis for 
architectural design. For the first time, no-code Machine Learning (ML) platforms, 
such as Google Cloud, allow anyone to use their data to make fast, automatic design 
predictions. With the easing of barriers to ML model creation, non-experts will be able 
to access, create, share, and apply a vast set of bespoke ML tools and services. 

Presently, simulations are the go-to solution for building performance analysis.  
Despite broad acceptance, there are several technical obstacles that designers must 
overcome when performing a simulation; without a domain-level understanding of the 
simulation mathematical models, the results are vulnerable to misinterpretation. 
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Furthermore, simulations require tremendous computational resources and can be 
extremely time-intensive. This conflicts with the early-stage design process, where 
designers perform several rounds of design iteration and refinement. 

 In recent years, research interest in using ML is rapidly gaining momentum. It is 
being explored as an alternative to simulation and as a method for building 
performance analysis (Fedorova et al., 2021, Seyedzadeh et al., 2018). This is because 
ML models rely on observations of known outcomes to make fast, automatic 
predictions of building performance metrics, rather than applying the expert-crafted, 
time-intensive mathematical models of simulations. 

Despite these benefits, ML algorithms require access to large data sets to learn and 
predict outcomes. Unlike digital businesses like finance, which generate billions of 
gigabytes of data every day, the architecture, engineering, and construction (AEC) 
industries face a unique problem: a majority of building-related datasets are confined 
in the real world. As a result, new approaches for acquiring building-related data sets 
are intended to better utilize ML's potential. Synthetic Machine Learning aims to fill 
this gap by incorporating synthetic data (Rubin, 1993), which is algorithmically 
generated data via computer simulation, into the ML model's inception. 

The conceptual framework and technological implementation of a novel Synthetic 
Machine Learning system are showcased in the paper. The proposed system offers two 
major advantages over conventional simulations by coupling automatic data-set 
generation with neural network training: First, it reduces analysis time for a benchmark 
simulation from several minutes to a few seconds; Second, it can be deployed as a web 
service within an online design environment, increasing accessibility by significantly 
reducing simulation cost and setup time. A preliminary concept of developing a web 
service to perform Daylight Autonomy (DA) and Spatial Daylight Autonomy (sDA) 
analysis (Reinhart et al., 2006) within an online design platform — Digital Blue Foam 
(DBF) — is presented to demonstrate its capabilities and features. DBF has the 
capabilities to run sustainability analysis based on CFD, generative design and urban 
insights. Existing daylighting tools are cumbersome and difficult to set up. The 
platform has been built with the intent of the integrated design, reduced computation 
time and collaboration in mind. The advantage of this approach is informed design 
recommendations with minimum effort and flexibility offered to the user in generating 
context-specific massing options.  

2. Related Work 
The use of synthetic data and ML in architectural design is becoming more prominent. 
The background and recent work on the application of such methodologies in the 
assessment of building daylighting are presented in this section. It also encompasses a 
comprehensive research summary on the application of ML and daylighting study to 
assess building energy performance. 

2.1. DAYLIGHT AUTONOMY 
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The DBF platform can perform traditional analysis (shadow and sun hours studies) to 
understand the daylighting performance of the building exterior and its urban context. 
To better understand the building internal performance, the DA and sDA analysis were 
used. DA is a standard metric to describe the quality of building daylighting. DA is the 
percentage of time a given space remains above the threshold illuminance (300 lux for 
general office occupancy) throughout the year (Reinhart et al., 2001). sDA is a metric 
to support DA. sDA is the percentage of the floor area of the given space, which 
receives sufficient daylight annually. Sufficient daylight is generally a minimum of 300 
lux for at least 50% of the annual occupied hours (Heschong et al., 2012). The DA and 
sDA analysis is directly linked to the size of the windows. The “window-to-wall ratio” 
(WWR) directly determines the amount of sunlight entering the building's interior. The 
connection of DA and sDA with the size of the windows allows for the practical use of 
the analysis into building's energy performance assessment as illustrated in Figure 1. 
At any time during a given day, the amount of daylight entering a room can be tailored 
by suggesting the optimal size, location, and relative positioning of windows. For 
example, placing smaller windows in hot-dry climates would be preferable for 
sufficient daylight and to avoid glare and solar heat gain. The impact of those factors 
combined, allows economically justified decisions from the start of the design stage. 

Figure 1. Daylight Autonomy and Spatial Daylight Autonomy as metrics to quantify daylighting 

2.2. DAYLIGHT SIMULATIONS 

Presently building designers work with expert consultants who use advanced 
simulation software to calculate DA and sDA through computational simulation with 
the required parameters. This approach uses a local climate file such as an EnergyPlus 
weather file (EPW file), running hour-by-hour calculation of annual illuminance 
(amount of light received on the surface) in space with lighting simulation software. 
The typical workflow uses the existing libraries available in tools, like Rhinoceros-
grasshopper's Ladybug plugin for Sketchup De Luminae (De Luminae, 2021) 
extension, to simulate the DA values. Both DA and sDA are quite common and used 
widely, but sDA has become popular due to its inclusion in LEED v4 and the WELL 
Building Standard. This approach can be time-consuming, laborious, and might require 
expertise because the user needs to design the building models, add materials, set 
targets, and correct radiance parameters. When the setup is ready, the simulation can 
be performed, which might take several minutes based on the input parameters and the 
complexity of geometry (Solemma LLC., 2021). The Synthetic Machine Learning 
system allows the calculation of DA and sDA to be performed in real-time. 

2.3. SYNTHETIC DATA GENERATION 
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The physical nature of the construction industry limits access to data. This requires 
different methods of obtaining information. As a result, an example of novel 
methodology was devised for synthetic data generation pipeline that can generate an 
arbitrary amount of 3D data, as well as the relevant 2D and 3D annotations (Fedorova 
et al., 2021). Machine learning algorithms (MLAs) have been widely employed to 
predict various building performance parameters since the early 2000s. A few studies 
that deployed MLA for design appraisal in the field of architecture through 
performance parameters such as visual comfort (Chatzikonstantinou & Sariyildiz, 
2016; Nasrollahi & Shokri, 2016; Navada et al., 2016), internal daylighting 
(Kazanasmaz et al., 2009; Lorenz & Jabi, 2017; Yoon et al., 2016), artificial lighting 
(Bellocchio et al., 2011; Şahin et al., 2015), and building energy performance 
(Chakraborty & Elzarka, 2019; Singh et al., 2019). 

2.4. RESEARCH QUESTION 

This paper presents a conceptual framework and an implementation of Synthetic 
Machine Learning. As a result, this paper explores several questions: What advantages 
does Synthetic Machine Learning offer over conventional environmental simulations? 
What are the trade-offs? What are possible applications of Synthetic Machine Learning 
within the building design process? What method allows for the creation and 
consolidation of useful synthetic data sets for analysis? How does Synthetic Machine 
learning unlock analysis to a broader audience of designers? 

Figure 2. An overview of Synthetic Machine Learning system and summary of applied technologies  

3. Methodology 

3.1. OVERVIEW 

Figure 2 provides an overview of the Synthetic Machine Learning system and 
summarizes the applied technologies. The system consists of four parts: [1] 
a  parametric model; generating synthetic data based on environmental simulation; [2] 
a ML model, trained on the generated synthetic data, to predict building DA and sDA; 
[3] a web service containing a pre-trained ML model; and [4] a web-based user 
interface that allows the interaction with the ML mechanics.  

3.2. TECHNICAL IMPLEMENTATION 
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This section describes the technical implementation of the Synthetic Machine Learning 
system for DA and sDA prediction. Figure 3 illustrates the data flow within the system. 

Figure 3. The framework of Synthetic Machine Learning system for DA and sDA prediction  

3.2.1. Automatic Data Generation 

To generate a synthetic dataset for ML model training, the first step is to set up a 
parametric model. Developed in Rhino 6, Grasshopper3D, with the LadyBug tools 
plugin, the parametric model automates the generation of DA and sDA data for 
different locations and design configurations. The method creates the simulation data 
based on a spatial module representing the simplified building. The system creates data 
that randomly cover the space of possible solutions, including the boundary conditions. 
The ML model can then map between different extreme inputs and create the predicted 
solutions. The spatial module used for simulation was defined by the following 
parameters: width, length, height, WWR ratio for cardinal directions (North, East, 
South & West), module rotation, and location (based on EPW file). 

Complex typologies such as L or H shape are represented as a set of spatial 
modules. The analysis final value is then computed as an average value of sub-values 
of all spatial modules. With this representation, the system is also able to analyse 
individual units of the building as shown in Figure 5. This building volume description 
covers most of the design spectrum options at a scale of the early design stage process. 
Because of that, currently, there is no option to upload custom 3D models. As this 
interpretation is cuboid-based, currently the organic typologies are not supported. 

One of the main challenges of the data generation process is optimizing 
computation time. This is done in several ways; First, the system implements an 
efficient pipeline that allows data to be created in randomly distributed batches and 
processed across several computers. Second, Accelerad, (Jones, 2019; Jones & 
Reinhart, 2017), a daylighting simulation package that makes use of GPU-compute 
architecture to accelerate simulation time. Finally, the system simplifies building 
designs to a cuboid unit-based representation. 

3.2.2. Model Training 
Based on research by (Lee et al., 2019), three different ML models have been tested: 
Linear Regression, Random Forest Regression, and Artificial Neural Networks (ANN) 
(Walczak & Cerpa, 2003). In terms of accuracy and performance with outliers and 
extremities, ANN outperformed the other two models, and similar findings have been 
reported in the literature (Ekici et al., 2021; Lorenz et al., 2019; Lorenz & Jabi, 2017). 

317



R. DESHPANDE ET AL. 

When the simulation stage was finished, the Pandas library (McKinney, 2010; 
Reback et al., 2020) was used to import, clean, manipulate the data, and structure the 
ML model dataset. As mentioned, the ANN was applied as the core learning 
mechanism. Usage of Keras (Chollet, 2015), the deep learning API within the 
TensorFlow framework (Abadi et al., 2015) facilitated the ML model setup. The Keras 
API is a simplified interface between the user and core TensorFlow logics, minimizing 
steps that had to be performed to create functional ML models. 

3.2.3. ML Web Service 

After the training process, the ML model was ready to use. The model was then 
deployed on Google Cloud, a cloud computing service offered by Google. The 
platform offers existing infrastructure and interfaces created for these types of use 
cases. This significantly accelerates the implementation process of ML models. Using 
the Google Cloud API, the ML model was directly connected to the DBF platform 
which served as the user interface. Through the connection, the model evaluates the 
3D building models generated by the DBF platform logic. 

Figure 4. DBF tool GUI for varying WWR on various facades to perform DA and sDA analysis  

3.2.4. Digital Blue Foam 
The user can perform analysis on the buildings generated by the DBF platform. The 
prediction is presented as a clear 3D visualization and contains information on building 
energy efficiency. The colour-coded report presents the estimated DA and sDA values, 
for selected WWR ratios for each facade of the 3D building. In addition, the WWR 
values are represented graphically by window sizes on the corresponding building 
parts. Figure 4 illustrates how DBF visualizes the results of model prediction to the 
user. Figure 5 demonstrates the user interface which allows a designer to access the 
web service. Figure 6 shows the use of DBF with the DA score to evaluate 3 design 
options. The DBF tool was used to evaluate various forms and orientations that 
maximize daylight, reduce solar heat gain, and accommodate the high-angle sun in the 
tropical city of Singapore. Different design options were tested and the ML Daylight 
analysis was run to compare DA & sDA metrics for the solutions.  
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 Figure 5. DBF building DA prediction system is based on ML and dramatically reduces daylight 
analysis time compared to traditional simulation-based approaches. The building score is given on 
the UI. The building parts performance is represented as coloured units visualized on the 3D model  

Figure 6. Illustration of an initial example study to demonstrate the application of the Synthetic 
Machine Learning system to a hypothetical design scenario. The case study objective was to design 
an office space with two 15 stories buildings located in the Downtown Singapore region. To find the 
optimal building orientation, size, and WWR facade ratios, the ML-Daylighting feature was used. 
The DA improved from 44% to 76% and the sDA improved from 48% to 81%. Selecting the last 

option would result in less energy consumption from artificial lighting during the daytime 

4. Results 

The section presents the effectiveness of the ML system in measuring the building solar 
energy performance. The accuracy of ML model prediction, as well as the execution 
time, were measured relative to simulation. The section also discusses how the results 
of model prediction are being visualized to the user. 

4.1. ML PREDICTION EFFECTIVENESS 

 The system was created through two iterations, using different datasets and ML 
models. To formulate the problem correctly, our initial spatial module had only four 
features: width, length, height, and WWR ratio for the southern elevation. We 
performed the simulation for the city of Mumbai. As the number of data points, 
approximately 3500, is relatively low, we used Linear Regression as a learning 
mechanism. With this setup, we compared predicted results with actual, simulated ones 
using correlation metric, which was as good as 96.7%. Performance measurement is 
visualised in Figure 7. 
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In the second iteration, we added more parameters (WWR for each elevation, 
rotation of the spatial module) which assured more varied data. We used the Neural 
Network Regression ML algorithm as a learning method. The data was trained with 6 
to 10 Neural Network layers with 100.000+ total trainable parameters. We achieved a 
training loss of Mean Absolute Error (MAE) of 0.009 and Mean Squared Error (MSE) 
of 0.0002. The performance kept on improving with more diverse data. We ensured 
higher variability of the dataset by the greater granularity of randomly generated inputs.  

Figure 7. ML DA model's prediction accuracy  

4.2. COMPUTATION TIME AND SCALE-ABILITY 
In the first iteration of the system, the computation time for a model was more than a 
month. Optimizing the computational pipeline, simplifying building representation, 
and leveraging Accelerad's GPU capabilities were shown to drastically improve 
computation time. The current system can automate synthetic data generation and 
model training for a single city within approximately 1 day, using a typical workstation 
computer: equivalent to around 3500 data points. This number ensures the high 
accuracy of our neural network model. To further improve the computation time, the 
next iteration of the system will utilize distributed computing using rendering farms.  

5. Discussion 

Our work aimed to develop a system that allows real-time assessment of the building's 
daylighting performance without the need for time-consuming simulations. We 
focused primarily on the universal application of the system and the ease of its 
expansion. The system uses a compact set of simulation data that can predict the DA 
and sDA correctly even with a small size. Our research has shown that the data-set size 
has the most significant impact on the accuracy of ML system predictions. It is possible 
that when simulating other parameters, the precision of the system will not be constant. 
If the accuracy is not satisfactory, we will increase the number of simulations for a 
given parameter. While the system answers to the general assumptions of the 
conceptual building design stage (operating on basic shapes), the current limitation can 
be the simplified building representation with the cuboid units. Further work is needed 
to correctly calculate daylight and generate data for irregular and organic typologies. 

6. Conclusion 
This paper demonstrates a Synthetic Machine Learning system to provide a real-time, 
quantitative prediction of daylighting for architectural floor plan designs. The research 
presented here makes the following contributions: (1) implementation of novel 
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automatic synthetic data generation pipeline, using a typical render farm configuration 
and architectural software; (2) conceptual framework for deploying ML models as web 
services online to assess the performance of architectural proposals; (3) comparison of 
Synthetic Machine Learning analysis versus benchmark simulation, showing 
significantly faster DA analysis from several minutes to seconds (Solemma LLC., 
2021) with an accuracy of 96.7% predicted results; (4) an initial demonstration of the 
system to address daylight analysis of an architectural proposal in DBF. The novelty 
of automatic, synthetic data generation of DA pipeline relies on: (1) the aggregation of 
site-specific datasets created for different cities and implemented directly onto a 
generative design tool; (2) automatic selection of the appropriate dataset based on the 
chosen location; (3) the integration of this data with the DBF tenancy editor. 

6.1. FUTURE WORK 

This paper describes the application of Synthetic Machine Learning to create a real-
time and scalable system for performing DA and sDA assessments. Future 
development of the project will expand the analysis to predict the maximum acceptable 
value of WWR for each orientation, and suggest how this influences other parameters 
like heat gain and cooling load. Additional evaluators of solar energy performance 
within the system will also enrich the analysis, including: information on primary solar 
data such as direct sun hours, annual irradiance, and radiation metrics; lighting based 
real estate planning and marketing; photovoltaics performance metrics; daylight 
parameters for floor plans; floor plans internal circulation patterns; urban heat island 
modelling; and finally pedestrian wind comfort. While this study focuses on daylight 
analysis, the approach can be applied to create a potentially limitless set of ML-based 
web services for building energy, comfort, daylighting, and CFD analysis. 
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