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Abstract
This paper demonstrates the feasibility of using machine learning techniques in the built environment
to provide quick feedback in the design process.
Architectural design is a multi-dimensional nonlinear process that involves many iterations of
feedback from the structural engineer. There is a trade-off between the accuracy and speed of the
feedback. Providing quantitative feedback can be a time-consuming and computationally intensive
process depending on the complexity of the massing. This process can take weeks and even years to
reach a fully engineered design that is in-line with the architect’s program and aesthetic vision.
There is an abundant amount of data present in the built environment and more is generated as new
models and studies are investigated. In this paper we develop a prediction model that is both fast and
quantitative to provide an approximate measure of performance without needing to generate, validate
and analyze a finite element model in the early stages of design. We use supervised learning
(Alpaydin[1]) on a training set from BIM data. The predictive model is then used to solve for some
measure of performance based on new BIM data.
We use simulated BIM data to demonstrate the details and benefits of the proposed method for the
case of determining a building’s embodied energy content as a function of 8 input parameters. The
BIM data is generated using TT Toolbox (Core Studio[3]) for sizing structural members and TTXGreenSpace (Core Studio[4]) for calculating embodied energy within grasshopper (McNeel[7]), a
visual programming environment for Rhino (McNeel[8]).
Keywords: architectural massing, machine learning, supervised learning, regression, sustainability,
computational design, embodied carbon, BIM data, parametric, design exploration
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1. Introduction
Machine learning (ML) is a powerful tool that has emerged with the digital revolution and advances in
data creation and storage. ML algorithms make use of the large amounts of available data
(socioeconomic, scientific, consumer data, etc) to find patterns and make predictions. ML algorithms
have been used over the past decade in various ways from self driving cars, disease prediction and
prevention, to Netflix recommendations of what to watch next. The built environment is a field where
ML has been less applied to, but nonetheless has abundant data and more is generated on a daily basis.
In this paper we propose using ML algorithms to make predictions of model performance based on
previous calculations to significantly speed up early design feedback. We use decision tree regression
and polynomial ridge regression, supervised learning algorithms, to build our predictive models. In
Section 2 we give a brief description of the ML algorithms used to build the predictive model. In
section 3 we describe the simulated dataset and how it is generated. In Section 4 we demonstrate the
machine learning algorithms’ performance in predicting the embodied energy content of rectangular
buildings with 8 input parameters.

2. Using Machine Learning in Structural Engineering
An algorithm is said to “learn” if the performance of the algorithm improves, or the error is reduced,
over time. The selection of the proper ML algorithm will depend on characteristics of the available
data, and the desired outcome. Depending on how much is known about the data, there are two main
types of machine learning algorithms, supervised and unsupervised learning. Supervised learning
requires a set of training examples, consisting of an input vector and an output value, to infer a
function that can then be used to predict the output value of new input vectors. Unsupervised learning
attempts to find the hidden patterns in unlabeled data. This paper will focus on supervised learning,
since we have output values associated with a vector of input parameters.
ML algorithms can be used for a wide range of applications, and it is critical to understand the goals
of the model when selecting an algorithm. The ML models can be either analytic (pattern recognition
and dimension reduction) or predictive. Predictions made by ML models can be discrete as a result of
classification and clustering models or continuous as a result of regression models. We are interested
in predicting performance measure of structures that are continuous, so we use regression models.
2.1 Supervised Learning
The supervised learning algorithms are used when the data provided have an input and output. The
algorithms learn from a set of example data provided to it, called a training set, to build a model that
maps between the input and output and can be used on new data. Supervised algorithms can be either
parametric or nonparametric.
In a parametric model, the algorithms use the data to build a mapping g(x,Θ) where Θ is the parameter
vector that is optimizes for by minimizing the approximation error. Given all the data points (X,Y)
where X is the input vector and Y is the output, Θ is such that the estimated g(X,Θ) for each X is as
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close as possible to the value Y given by the training set. With Θ determined, the model g(x,Θ) is
verified on a test set different from the training set. Depending on the choice of model, sometimes a
cross-validation dataset is used to reduce the dimensionality of the feature vector or for determining
some extra input parameters that optimize for bias and variance errors. Once the parameters Θ are
determined and validated, we have a model that can be used for making predictions on a new dataset
x. Examples of parametric models are generalized linear methods, support vector machine, etc.
Non-parametric models find relations between the input values of the data point to be predicted and
the input values of the training set data points. The output can then be determined based on the output
of the training data point closest (in some measure depending on the model) to the data point of
interest. There are many different non-parametric algorithms, we use the decision tree model for its
simplicity and applicability given the nature of our data and
2.2. Regression
When the output variables are continuous, one uses regression models, as opposed to a classification
models whose output variables take discrete values. Since the performance measures (carbon content,
embodied energy, etc.) take continuous values, we discuss only regression models in this paper. The
two models we discuss and demonstrate with the generated BIM data are the polynomial ridge
regression, a parametric model, and decision tree regression, a non-parametric model.
The data we have are computer simulated and therefore have low noise. As a result, we find that the
decision tree regression works very well and learns earlier than polynomial regression model.
However, we are proposing an approach for a general dataset that might be noisy and we discuss both
examples for completeness. In the case of the polynomial ridge regression, there is an input parameter
𝛼  that is specified depending on the level of noise. While certain measures can be taken to make the
decision tree account for noise, it is not as robust in such cases.
2.2.1 Polynomial regression
A commonly used set of algorithms are the generalized linear algorithms where the function takes the
form
g(x,Θ) = Θ0+Θ1x1+Θ2x2+...+Θdxd

(1)

and the parameters 𝛩! are computed in any of the following ways: ordinary least square, ridge
regression, lasso, beysian, etc. We use a 4th order polynomial ridge regression scheme for predicting
the embodied energy content of 8D rectangular buildings.
Polynomial regression is a special case of generalized linear regression, where instead of the input
parameters being x1,x2,..,xp they are extended to include all powers of products depending on the
choice of polynomial order. For example if there are two input parameters x1,x2, whereas the linear
regression tries to find the function g(x,Θ) = Θ0+Θ1x1+Θ2x2 the second order polynomial regression
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would be g(x,Θ) = Θ0+Θ1x1+Θ2x2+Θ3x21+Θ4x22+Θ5x2x1 which is equivalent to a linear regression in 5
input variables x1,x2,x21,x22,x2x1. In general, for an n dimensional input vector, the kth-order
polynomial fitting will be equivalent to a d = kCR(n+1) = (n+k)!/(k!n!).
The data we use to demonstrate the tool has low noise since it is computer modeled. We will discuss
how the data is generated in more details in section 3, but here we describe briefly the mathematics
behind the machine learning algorithm. Since the data has low noise, the ordinary least square method
is appropriate to compute Θ. Provided a training set of N data points (X,Y), we minimize the square
error between the model output gi(Xi,Θ) and the given output Yi for all N training points for all
parameters 𝛩
𝜕
𝜕𝛩

!

(𝑔!   (𝑋 ! , 𝛩) − 𝑌 ! )! = 0

(2)

!!!

which results in a set of d equations for all the d=kCR(n+1) parameters where k is the chosen degree
for the polynomial and n is the number of input variables per data point (not be confused with N
which is the number of data points). The set of equations are called normal equations and can be
written in matrix form as 𝑋 ! 𝑋𝛩 = 𝑋 ! 𝑌 where 𝑌is the given output value and 𝑋is a d-by-N matrix (in each of
the N rows for the N data points there are d elements for the polynomial combinations of the feature inputs
variables, 𝑋! , 𝑋! , . . . , 𝑋! ! , 𝑋! ! , . . . , 𝑋! 𝑋! , 𝑋! 𝑋!, , . . . 𝑋! ! 𝑋!, , . . . , 𝑒𝑡𝑐.) and the vector 𝛩   is the d dimensional
parameter vector to be solved for. 𝑋 and 𝑌 are given values from the training set, and the parameter vector 𝛩 is
then the solution to the equation: 𝛩 = (𝑋𝑇 𝑋)−1 𝑋𝑇 𝑌.

For data points where noise is an issue, minimizing the ordinary least square error might result in
over-fitting, making regularization necessary. In ridge regression, or Tikhonov regularization for
example, instead of minimizing the least square error E, a penalized version of it, 𝐸 ! =   𝐸 + 𝛼|𝛩|! is
minimized where a small value 𝛼 results in lower variance and reduces therefore the risk of overfitting.
2.2.1 Decision tree regression
Unlike polynomial regression, decision tree regression is nonparametric. Instead of assuming a
parameter vector true for all space from which a model is built, the algorithm builds a tree by a divideand-conquer approach. Given the training set, the tree is build as a nested set of decisions to subdivide
the input parameter space recursively. Starting at the root, the tree branches as an implementation of
decision function, until it terminates at the leaf nodes. The decision functions at the internal nodes of
the hierarchical tree are build based on the training set input parameters. With the tree built, now the
output for new data points can be found by flowing down the branches that are true at each decision
until the leaf is reached. For the regression problems, the leaf has the output of the training input
variables closest in input space to the given data point. So instead of finding a function that
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approximates the output for given input, the decision tree finds the training input variables closest to
the input data point and provides the output of that training data point associated with that input.

3. Case Study with 8 Input Variables (Embodied Energy of a Rectangular
Building)
To illustrate the use of machine learning for conceptual design, we selected a fairly complex example
of evaluating the embodied energy of a rectangular building. Structure and facade components
account for nearly half of a building’s initial embodied energy, and about 20% over the lifespan of the
building(Cole et. al.[2]). Embodied energy is a function of the type of material and amount of the
material used, as well as the processes used to form the material into the end product. Even a typical
rectangular building can contain a variety of building materials and the amount of each material will
depend on geometric parameters in addition to the type of structural systems employed. The case
study uses 8 input variables, some continuous, and some discrete. If 10 samples are taken for every
continuous variable then there would be 10*10*10*10*10*2*5*10=10,000,000 unique combinations
of input variables. For an accurate calculation of embodied energy, each component needs to be sized,
and a full quantity takeoff must be compiled. If each calculation took 5 minutes, a brute force method
would take 95 years to evaluate the embodied energy of the full set of combinations. The goal of this
study is to reduce the thousands of calculations required for a single embodied energy estimation to
one - reducing the embodied energy calculation from 5 minutes to near instantaneous.
3.1. Parametric Model Input Variables
The case study of designing a new building in New York City was selected to give context to the
calculations. In this section, we describe the parametric building model that serves as a basis for
generating the dataset. Each input variable either relates to the overall structural system, building
geometry, or material properties. Each combination of input variables generates a unique building
design, with a unique set of structural member sizes and lengths used to produce a quantity takeoff.
Embodied energy content is subsequently calculated as described in section 3.2. In section 4, we
demonstrate the performance of the proposed machine learning models.
3.1.1 Structural System Type
Two structural system types were analyzed, steel and concrete. The steel system consists of steel wide
flange profiles for columns, girders and beams, with concrete on metal deck. The concrete system
consists of concrete columns, girders, beams and slab, monolithically cast. For both structural
systems, caisson piles extend to an assumed bedrock depth of 20m.
3.1.2 Geometric Variables
Figure 1 illustrates the five geometric input variables. Building width, length and height describe the
architectural massing as a cuboid. The additional variables of floor-floor height and bay spacing
describe how the overall volume is utilized, both architecturally and structurally.
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Figure 1: Geometric input parameters for embodied energy calculation.
3.1.3 Material Variables
Embodied energy of a structural system is difficult to predict because each material choice has an
impact on the volume of material required and the unit embodied energy (Griffin et al.[5]).

% Recycled Content

Embodied Energy [MJ/kg]

0% (Virgin)

36.80

42.7% (Average)

25.40

100% (Recycled)

10.00

Table 1: Table of Steel Embodied Energy According to Recycled Content (Hammond and Jones[6])
Percentage of recycled content in steel does not affect the strength or density of the material, but it
does influence the amount of embodied energy per unit weight. Based on the values in Table 1, steel
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embodied energy is assumed to vary linearly with percentage of recycled content. Therefore linear
interpolation was used to determine unit-embodied energy of values not shown in the reference.

Cementitious
Replacement

Concrete Embodied Energy
[MJ/kg]

Reinforcing Steel Embodied Energy
[MJ/(25kgSteel/m3Concrete)]

No Replacement

1.17

0.26

25% Blast Furnace Slag

1.03

0.26

25% Fly Ash

0.97

0.26

50% Blast Furnace Slag

0.88

0.26

50% Fly Ash

0.77

0.26

Table 2: Table of Concrete Embodied Energy (Hammond and Jones[6])
The choice of concrete mix effects the density, strength, and embodied energy of the concrete used.
For this study, RC40 reinforced concrete was used, with five options for cementitious replacement
considered. The concrete options and their unit embodied energy are summarized in Table 2. Required
rebar is calculated and could greatly influence the strength and embodied energy content of the
concrete designs.
3.2. Embodied Energy Calculation
Based on the input variables, structural members are sized using TT Toolbox(Core Studio[3]). To
reduce calculation time, only load combinations in the gravity direction were considered.
Additionally, material waste and increases due to connections, or other fabrication decisions are not
accounted for in the material quantities determined in this case study.
3.2.1 Calculation Overview
A flow chart of the embodied energy content calculation by TTX-GreenSpace(Core Studio[4]) is
outlined in Figure 2. Once members are sized, a total embodied energy content calculation is
straightforward. A quantity takeoff is performed and each material type is tabulated to determine the
total volume of that material required for the construction. The volume is then factored by the density
to determine weight and multiplied by the embodied energy per unit weight as given in Tables 1&2.
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Figure 2: Flow chart of embodied energy calculation.
3.2.3 Resulting Dataset
Figure 3 illustrates the resulting dataset in a parallel coordinate graph. The 8 input variables are shown
on the left and total embodied energy is shown on the right, represented logarithmically for clarity.
Each line from left to right represents a unique building design. The vertical lines are normalized
domains of each input variable. The point where each line intersects the vertical axis, shows the value
of that parameter. There are 5000+ building designs shown in Figure 3.

Figure 3: Parallel Coordinate Graph of Building Input Parameters and Total Embodied Energy.
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3.3. The Machine Learning Algorithms
The data provided by the parametric building model is a set of data points with an output (embodied
energy) provided for a given 8D input vector. The data constitutes the training set for supervised
machine learning algorithms we use here: polynomial regression and decision tree. We use sci-kit
learn package (Pedregosa [9]) in python for the machine learning algorithms. For the polynomial
regression, the 4th order is found to perform best and we choose 𝛼 = 0.1. For decision tree
algorithms, since the data is not very noisy, there is no need for tree pruning, keeping in mind that it
might be necessary for different datasets with more noise (ie. real world data) to avoid over-fitting.
3.3.1 Evaluating the machine learning algorithms
The machine learning algorithms perform better with increasing number of data points in the training
set. To evaluate an algorithm and its performance, we divide our data into two sets, the training set
and the test set. We build the model with the training set and use it to calculate the predicted output
for the data points 𝑌! ! from the test set that are distinct form the points in the training set used to build
the predictive model. Since we also have the actual output for the test set data points 𝑌! ! , we can
calculate the error for each data point explicitly.
In the evaluations of the polynomial regression and the decision tree, we split our data into 70% for
the training set data pool and 30% for the test set data pool. We start with a random test set 𝑇𝑠𝑡 ! with
n data points (a fraction of the test data pool) and a training set 𝑇𝑟 ! which is also a fraction of the
training data pool. We compute the normalized root mean square error for that test set 𝑇𝑠𝑡 ! using the
prediction of the model given the training set 𝑇𝑟 !

𝑁𝑅𝑀𝑆  𝑒𝑟𝑟𝑜𝑟   =   

!
!
! (𝑌!

− 𝑌! ! )! /𝑛

𝑚𝑎𝑥(𝑌! ) − 𝑚𝑖𝑛(𝑌! )

  

(3)

We then add to the training set several random data points from the training set pool enlarging
therefore the training set size and denoting it the new training set 𝑇𝑟 ! . We rerun the machine learning
algorithm using 𝑇𝑟 ! and predict the results for the same test set 𝑇𝑠𝑡 ! . We calculate again the NRMS
error. Repeating the procedure while enlarging the training set until it has all the data points from the
training set pool. We now repeat the procedure with a new randomly chosen test set 𝑇𝑠𝑡 ! of size n
form the test pool. Repeating the procedure M times with a new 𝑇𝑠𝑡 ! each time allows us to have an
ensemble of NRMSE for an increasing training set size and calculate thereafter the mean and standard
deviation of the NRMSE for the different training set sizes.
We present in Figures 4 and 5 the resulting NRMSE for the 4th order polynomial ridge regression and
the decision tree respectively. We see a clear trend of the algorithm’s increasing accuracy in
predicting the output of the test data points. The polynomial regression shows a stronger dependence
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on the size of the training set and doesn’t give results within the 10% desired accuracy until the
dataset is at least 2500 points. The decision tree on the other hand is capable of making predictions
within 10% error for as little as 1000 data points. As previously noted, the nature of the dataset being
simulation results of parametric models reduce the noise associated with real world data. This makes it
an excellent candidate for the decision tree regression which tends to over-fit data. The polynomial
regression fit on the other hand is more robust albeit requires more data points for an accurate
representation of the prediction model.

Figure 4: Normalized RMS error percentage of the ensemble of test sets using the polynomial
regression model that learned on training datasets, increasing in size from 500 to 4000 data points.
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Figure 5: Normalized RMS error percentage of the ensemble of test sets using the decision tree
regression model that learned on training datasets, increasing in size from 100 to 4000 data points.

4. Conclusions
Embodied energy is an important metric for sustainable building practices, but it is extremely difficult
to calculate at early stages of design and is not intuitive, so it is often ignored. Using a brute force
method with current conceptual design practices and even simplified design tools would be too
computationally expensive to be viable. We demonstrated the feasibility of using machine learning to
predict the embodied energy content at a speed thousands of time faster than direct simulation. The
error depends on the size of the training set because the algorithm needs to “learn” from historical
data. However, for as few as 1000 training building designs with decision tree algorithm or 2500
building designs with the polynomial regression, the prediction model is less than 10% of simulated
values. These and other potential machine learning algorithms can be powerful tools to investigate the
built environment and inform the future of building design, but requires further study using real world
data.
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