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H I G H L I G H T S

• A component-based method of machine learning for performance prediction in engineering.

• Components instead of one monolithic model extend reusability and generalization.

• Flexible design support by machine learning for early design phases.

• Internal parameters between components allow insights in the “black box” of machine learning.

• Good prediction accuracies (error < 3.9%) for test cases different from the training model.
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A B S T R A C T

Machine learning is increasingly being used to predict building performance. It replaces building performance
simulation, and is used for data analytics. Major benefits include the simplification of prediction models and a
dramatic reduction in computation times. However, the monolithic whole-building models suffer from a limited
transfer of models and their data to other contexts. This imposes a vital limitation on the application of machine
learning in building design. In this paper, we present a component-based approach that develops machine
learning models not only for a parameterized whole building design, but for parameterized components of the
design as well. Two decomposition levels, namely construction level components (wall, windows, floors, roof,
etc.), and zone-level components, are examined. Results in test cases show that, depending on how far the cases
deviate from the training case and its data, high prediction quality may be achieved with errors as low as 3.7%
for cooling and 3.9% for heating.

1. Introduction

The challenge of a sustainable built environment requires the early
integration of performance in design processes. This leads to a com-
plexity never seen before in building design. To manage this com-
plexity, designers, planners and engineers need to quickly obtain an
overview of the overall performance of a building, including the sys-
temic dependencies. Systemic dependencies often cross disciplinary
boundaries, and thus lead to multidisciplinary interdependencies that
play a vital role in overall performance. To manage this complexity,
information is needed on performance, on these interdependencies, on
the emerging design space, and on specific well-performing regions in a
process of design space exploration (DSE) [1,2] in order to be available
quickly enough and easily enough for the design process.

Machine learning (ML) provides a solution in this situation, offering
the advantages of fast prediction and simplified parameter structures

matching early design phases. This, allows designers and engineers to
change designs quickly and to observe the consequences for perfor-
mance in a DSE process. However, current ML approaches are devel-
oped too specifically for design situations, and require redevelopment
for new cases.

The paper will therefore develop a component-based approach
supporting such a systemic performance prediction. Based on a com-
ponent-oriented structure, and on machine learning models, the
thermal energy performance of buildings is predicted as an example of
performance-based design. The aim is to prove the novel component-
based approach of ML with components that serve prediction in mul-
tiple cases. Although the paper is limited to thermal performance, other
disciplines of building performance can be treated in a similar manner,
thus allowing a link to be created to observe systemic inter-
dependencies and multidisciplinary building performance.
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1.1. Background

Two approaches currently exist to predict performance in building
design: firstly, physical modeling and simulation and, secondly, ma-
chine learning models. In terms of modeling categorization, the first
approach is also known as white box modeling, whereas the second is
known as black box modeling.

The methods of physical white box modeling of buildings are quite
well examined, as is shown by the fundamental literature such as the
books by Clarke [3] or the book by Hensen and Lamberts [4]. These
approaches consider dynamic effects as they are required to provide
quite precise results. However, they have a high information demand
and involve relatively long computation times. Multi-domain simula-
tion (co-simulation) can be carried out by coupling energy simulation
with other simulation models, and has been shown in several examples
[5–7]. This allows the consideration of discipline-crossing de-
pendencies, thus permitting the complexity described above to be ad-
dressed. However, the effort involved in terms of modeling and com-
putation time is significant, and exceeds what is possible in normal
design situations.

Black box methods of statistical surrogate or meta modeling and
machine learning offer effective energy performance prediction in this
situation of complex design and engineering [8–10]. Such methods, also
known as black box models, typically act in an analogous way to a
physical simulation. Surrogate models based on the response surface
method (RSM) were an early approach towards reducing the number of
experiments by making good predictions [11,12].

The approach of black box modeling based on ML and surrogate
modeling is used for building energy performance prediction, as is
shown by reviews of the field [13–17]. Table 1 breaks the selected
exemplary studies down into categories. Model Category 1 uses ML and
other surrogate models to give static feedback, which is basically one
number per feedback variable, such as yearly total heating energy de-
mand in kWh/a. This is carried out for application at subsystem level, at
building level and at urban level. For the latter two subcategories,
parametric black box models of buildings are used to quickly predict
energy consumption. This supports either one design, or the optimiza-
tion of one building (Section 1.2). Furthermore, black box models have
been applied to the design and optimization of subsystems (Section
1.1). Besides these applications with a static response, models with a
dynamic response have been developed (Section 2). On the one hand,
they are applied for the purposes of design and optimization, i.e. to
identify peaks in operation quickly and to reduce them in designing
(Section 2.1). The second purpose of developing dynamic-response
models is application in control (Section 2.2). All these models are
monolithic black box models, which means that they cannot interpret
what is happening between input and output models in a physical way.
For instance, monolithic building models predict the heating energy
consumption by input parameters, such as physical properties of win-
dows and wall. However, internal properties that lead to the energy
prediction, e.g. the share of heat flows through the windows and walls,

are not known due to the monolithic characteristic of the model. This
missing internal model information is a significant disadvantage of
black box models that is overcome by taking a component-based ap-
proach.

When it comes to analyzing and designing energy systems, the ap-
plication of ML takes place in a system engineering-based way that
provides internal information and produces reusable system compo-
nents (Section 3 in Table 1). This is founded on the discipline of systems
engineering [52–55]. This is very valuable for designing engineering
artifacts, helping to understand dependencies between its system
modules, and for managing the related complexity, as it is performed by
the design structure matrix method [56,57]. This method has been
transferred to building construction and its adaptability [58,59], as well
as to information flows during design [56,60,61]. Modeling approaches
following this modular method have a high potential for understanding
the complexity caused by sustainability, as is shown by the system
modeling approach that has been developed for building design and
urban contexts [62,63]. As is described in the next section, we follow
this systems approach and use it as a basis to develop prediction models
for the domain of building design.

1.2. Component-based approach

On this basis, we propose a component-based approach using ma-
chine learning for the prediction of performance and the management
of complexity arising in the design and planning of energy-efficient and
sustainable buildings. The component is a subordinate model of a
building part or its technology, such as walls, windows, roof, floor slab
as well as heaters, chillers, etc. It is defined by input and output
parameters. In the interest of rapid prediction, the component-based
approach uses surrogate models (black box models) to connect these
parameters, and combines them with the paradigms of systems en-
gineering to manage the complexity that arises. In this paper, we de-
velop a component-based model using ML.

We expect four advantages to ensue from the component-based
approach:

• In contrast to the monolithic use of surrogate models, it allows the
potential of system engineering to be exploited for complexity
management.

• By building models for general components, such as walls, windows,
roofs, etc., and zones, we expect a much greater degree of gen-
eralization, i.e., transferability to other new cases not included in
the training model structure, something which is currently a pro-
blem for black box methods in building performance prediction in
design.

• The component-based approach links very well to building in-
formation modeling (BIM) [64–66] as an upcoming method of fu-
ture design and planning.

• The component-based models make quantities available in the
analysis between components. This design-supporting insight is
made available by a detailed performance simulation, but not by
monolithic black-box models. It enables designers and engineers to
analyze and understand systemic interdependencies much better.

Basically, from the perspective of machine learning, component-
based ML is an engineering-based application of deep learning [67,68]
that includes transfer learning, something which is discussed in detail in
an accompanying paper [69]. This also includes multilevel models
within components, which in turn depend on the availability of data or
on the need to achieve more accurate predictions.

The component-based method has been developed for energy per-
formance prediction. However, the method is applicable to all types of
simulation results to build surrogate models and to form a systems
model predicting multidisciplinary performance for design space ex-
ploration. Within systems that model schemes, the components form

Table 1
Overview of relevant ML modelling approaches.

Model type Application area Studies

Monolithic model of static energy
prediction (total yearly energy
consumption)

Subsystem: Zone/HVAC/
Building component

[18–25]

Building level: Design,
Optimization
Building stock: Urban,
Regional, National

[26–30]

Monolithic model of dynamic energy
consumption patterns

Building level: Design,
Optimization

[31–35]

Building level: Control [36–46]
Systems models Energy systems/Systems

engineering with ML models
[47–51]
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the linkage between design input variables and engineering-relevant
performance output parameters. In the components, surrogate models
describe the behavior in terms of performance.

Section 2 describes this method of systems modeling combined with
the generation of ML component models. Systems modeling and ML
need to be performed jointly because the decomposition depends not
only on system engineering aspects, but also on parameters, data and
the possible fit of components to training data. Section 2 provides a
prototypical set of parameters that forms the basis for validation in
Section 3. This section applies the developed ML components in test
cases with the aim of validating their ability to also predict performance
correctly in cases that go beyond the parametric structure of the
training data, i.e. in cases that show different structures of components
that cannot be covered by simply changing parameters within the si-
mulation model for the training data, which would be equivalent to a
monolithic surrogate model.

2. Method

This section describes how to decompose the design into a system of
linked ML components using parametric systems modeling methods.
For these components, parametric simulation serves to generate the
training data for machine learning. Training the ML components based
on a detailed parametric simulation allows the incorporation of a wide
range of important effects that only simulation is able to predict cor-
rectly, such as the dynamic effects of thermal mass. The aim is to re-
present the results of the simulation in a manner that is easy to use in
the form of the components. The simulation results therefore serve to
train and test the ML model per component. In the next section, finally,
components are put together to form a linked system that provides the
desired performance for a design configuration.

2.1. Parametric systems modeling (PSM)

The component-based approach requires the decomposition and
parametrization of the design. Relevant options to be changed in the
design require consideration in the performance prediction model.
There are two possibilities of varying a design: (1) Parameters of the
design, such as length or width of the building, size of the windows,
strength of insulation, etc., are changed; (2) The structure of the design
is changed, i.e. walls, windows, doors, storeys, zones, etc., are added or
removed. The second type of change plays a pivotal role in designing. It
is very difficult to cover these changes using a parametric model, as the
combinations of possible changes quickly become unmanageable. For
this reason, we address this situation by taking the component-based
approach. Decomposition, which is the first step, leads to a description
of the design by parameterized components and their combination as a
system structure. The performance of the design is aggregated by the
behavior of the components based on ML models.

The component-based approach is founded on the parametric sys-
tems modeling method [62,63]. This method leads to parametric
structures following a component-based systems engineering approach.
The Systems Modeling Language (SysML) [70] facilitates a formal

description of these structures using diagrams as shown for monolithic
modeling and component-based modeling in Fig. 1. The parametric
constraint blocks in this figure represent interfaces to fit the surrogate
models, i.e. the ML model. They can represent building construction as
well as building technology. A set of input parameters and the re-
spective response or output determine the state of a component.

2.2. Decomposition

The component-based approach requires decomposition, which
consists of breaking down the artifact into components. Decomposition
requires the consideration of some criteria to deliver well-suited, sui-
tably-generalizing models:

(1) In terms of recurrence, decomposition needs to identify basic
reusable elements. This is key to generalization. We propose two
different approaches in that respect: (a) the break-down follows
building elements as they are normally used in designing, such as
wall, window, door, roof, floor slab, etc., or (b) the design is broken
down into zones that include their parameters for their enclosure
properties.

(2) A suitable parameter structure is required to be able to adapt the
components to the respective application situation. For these
parameters, a suitable range and coverage by training data needs to
be assured in order to capture the required parameter space.

(3) A sufficient fit of the surrogate models is required for the chosen
decomposition and its component models. Whereas an a priori as-
sessment can be carried out for the first two criteria before dealing
with empirical material, this criterion requires an a posteriori
evaluation in that at least the training data are known with their
complexity, non-linearity, discontinuity, etc.

(4) Integration into existing data structures is highly relevant, as
this allows easy access to required information and integration into
design environments. Building information modeling (BIM), as it is
currently emerging [64–66], is the basis to be considered. Section
2.3 discusses this aspect.

Fig. 2 shows the two structures that have been developed in a de-
composition process. This process was iterative, including tests of how
different machine learning models were suited to alternative structures
of components and parameters, and how they matched the other cri-
teria described above.

The parameters and the response of the components can be static or
dynamic. For instance, energy consumption can be expressed as hourly
energy consumption over a year, or total annual energy consumption.
We have tested two configurations in the decomposition:

(a) Static response components at construction element level: The
structure that resulted from this decomposition method (Fig. 2a)
consists at the first layer of construction level components, such as
walls, windows, floors, roof, etc. These components use only design
parameters, such as the dimensions of the building, window-to-wall
ratio or material properties, to predict the yearly total heat and

Fig. 1. Parametric diagrams of approaches of surrogate components according to systems modeling (see Fig. 2 for a legend).
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radiation flows. The static response of these components forms the
input for the zone level component at the second layer, which in
turn consists of two ML models that transform transmission heat
losses Qtr and radiation gains Qrad of previous components to
heating and cooling loads Qheating and Qcooling.

(b) Dynamic response components at zone level: The second
structure has as a core element a zone ML model that delivers a
dynamic monthly response (Fig. 2b). The inputs for this component
are, firstly, the static design parameters and, secondly, dynamic
weather data. Weather data is auto-correlated, i.e. weather data at a
previous moment has an effect on current weather data. For ex-
ample, January’s weather pattern influences the month of February.
The use of dynamic weather data in the prediction process adds
complexity to the models, which makes ML training more difficult.
The outputs of the ML model are monthly heating and cooling de-
mands Qheating and Qcooling. The response from each zone ML model
is aggregated to form the monthly demand of the building.

Both responses, that is including the static ML model for the com-
ponent’s response, cover dynamic effects because the training data are
based on a dynamic simulation. Dynamic effects, e.g. those of thermal
mass, are therefore accurately predicted as far as the ML models are
well fitted to the training data from parametric simulation.

The structure has been developed for a representative office
building case. We therefore anticipate that it is valid for similar
buildings in this category. We however expected to come up against
limitations of this structure, such as the multi-storey structure, which
would not suit a hall building. In contrast, residential buildings could
probably be described with the same structure, but with another set of
training data.

2.3. ML modeling strategy

We use artificial neural networks (ANN) to represent the compo-
nents’ behavior. This ML method has a high degree of flexibility when it
comes to representing data regression. Nonetheless, there might also be
other methods for properly representing the component’s behavior and
response.

2.3.1. The static ML model
The development of ML components representing construction ele-

ments uses neural networks with one hidden layer per component with
between 10 and 20 neurons, based on a sigmoid activation function.
Fig. 3 shows the architecture of the neural networks for the components
as well as the most important connections between the components for
the static prediction. The architecture implements the developed de-
composition shown in Fig. 2. The input parameters, the number of
hidden neurons, and training algorithms for the components, have been
selected in a process of feature engineering, based on engineering ex-
perience and on observations made in training, i.e. reduction of com-
ponent cross validation errors. There are complex phenomena, such as
radiation in the case of windows, requiring more hidden units and
advanced training strategies, whereas other components such as the
roof or the floor slab rely on simpler thermal dependencies, and thus
can be represented by simpler structures using basic training algo-
rithms.

2.3.2. Dynamic model
Besides the static building component models, a dynamic model has

been developed for a parameterized thermal zone. This model delivers
monthly heating and cooling energy demand based on a thermal zone.
Fig. 4 shows the architecture of this ANN model. The model input

Fig. 2. Decomposition in an N2 diagram (a) for static response with construction level components and (b) for dynamic response with zone level components.
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parameters are monthly average weather data and design parameters.
Time dependence of the energy demand predictions calls for inputs at a
specific month based on historic information. Use of long short-term
memory (LSTM) in the ML model enables the storage of historic pre-
dictions and their deployment to make current predictions. The use of
the LSTM layer in the model allows the ML model to capture dynamic

interactions in the weather data with the energy demand of a thermal
zone. The LSTM layer training time is higher than simply hidden layers.
The LSTM layer for heating and cooling predictions are hence shared in
this paper. This allows us to train a model with two output layers and
one hidden LSTM layer.

Fig. 3. Neural network architecture for components for static prediction.

Fig. 4. Dynamic model structure with LSTM layer to incorporate dynamic effects.
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2.4. Training data from a parametric simulation

A key prerequisite for ML is constituted by representative training
data. Parametric simulations implemented in the Energy Plus software
served to generate the training data. This training model consists of a
three-storey building (ground floor+ two storeys) in that its design
parameters are varied to cover a representative design space.
Assumptions made in this model are the use of ideal HVAC loads,
adiabatic internal floors and fixed internal gains (10m2 per person for
occupancy, 10W/m2 for lighting and 15W/m2 for equipment).

The parametric model sampled 800 design combinations by using a
Latin Hypercube sampling scheme. Fig. 5 shows the list of sampled
design parameters with the training data ranges (right) and a visuali-
zation of the simulation model (left). The sampling process consisted of
two parts. The first part included 400 design combinations that have
windows in one orientation only. This was required to cover the effect
of windows in each orientation separately in order to ensure that the
data was representative in this respect. The remaining 400 design
combinations are based on the variation of all the design parameters.
Table 2 shows exemplary data from the most recent batch of design
combinations used for the training of the wall component.

Representative coverage of the design space is not only required in
terms of the range of each individual parameter, but also for parameter
combinations that are connected to each other. It therefore turns out to
be useful to focus the parametric combinations on regions that really
occur in the design process, as other combinations would produce
misleading training data that could hinder the training process of the
ML model. One important connection in this case was the combination
of building length l and building width w. Not all possible combinations
of these parameters will occur in real designs, such as very slender floor
plans. Such combinations have been excluded from training, and se-
lective sampling has been developed, as is shown in Fig. 6. The training
data distribution in this sampling is tailored to the expected occurrence
of geometric building dimensions in the prediction cases. This step
permits an improved training process to be achieved, as confirmed by
observations in the component training.

2.5. Validation strategy

The ML model development uses results from the computer ex-
periments run in the Energy Plus physical building simulation software.
The ML models developed rely on the validation of the energy predic-
tion capabilities of this software against physical experiments, as is
shown in its engineering reference [71] and in further testing and va-
lidation efforts [72]. Besides these efforts, extensive efforts to validate

the software are undertaken by the International Energy Agency’s
Building Energy Simulation Test and Diagnostic Method (IEA-BESTEST)
[73–75]. A correct prediction of the physical effects by the simulation
software is therefore assumed.

The validation strategy in this research thus focuses on a compar-
ison of the results with a physical simulation. There are two validation
steps:

(1) In the development and training ML component, cross validation
serves for validation at component level for validation. Training
data are split into a set used in the training process (85%) and a set
used for independent cross validation of components after testing
(15%). This is described in greater detail in the training process in
Section 2.6.

(2) After component training, test cases are analyzed with the ML
components and with the methods of the Energy Plus physical si-
mulation software. The results are compared in order to examine
whether the ML prediction matches the simulation. This is de-
scribed in Section 3.

2.6. Training of machine learning models for components

The training data serve as a basis to fit individual machine learning
component models. This section describes the fitting process with the
specific conditions that emerged. A model is matched for each of the
components shown in Fig. 2. According to the two modeling approaches
mentioned in Section 2.2, two different ML modeling and fitting pro-
cesses emerge: (1) the detailed construction level component approach
that predicts yearly total energy demand (Section 2.6.1), and (2) the
dynamic response modeling approach that works with the thermal zone
as a component for the monthly prediction (Section 2.6.2).

2.6.1. Static response ML model development
Before the training of the models was possible, some preparation of

the input data was required. First, for walls and windows, the para-
metric simulation results include components oriented in four different
directions, i.e. walls in the North, South, East and West. To exploit the
full range of training data, all four wall responses are considered in the
training data with a corrected orientation parameter. As a result, the
wall component has a higher density of points (Fig. 7, top left). The
same process was used for windows, with the difference however that
only the first 400 samples were usable, as no orientation-specific re-
sponse was available in the simulation results. For the other compo-
nents, such as roof, floor slab and ground floor, training data are used
directly from the data set. Furthermore, by adding indicators of

xamnimtinU
084mhtgneL
084mhtdiW

Window-to-wall ratio (WWR) S 0 0.95 
N 0 0.95 
E 0 0.95 
W 0 0.95 

ORI ° -180 180 
U value walls W/m2K 0.411  0.776 
U values windows W/m2K 0.5 2 
U value ground floor W/m2K 0.411 0.864 
Heat capacity floors J/kgK 900 1200 
U value roof W/m2K 0.191 0.434 
g value windows 0.5 0.95 
Air change rate h-1 0.2 1 
Level height ground floor zone Storeys 0 10 

Fig. 5. Left: Parametric simulation model implemented in the Energy Plus software for the generation of training data for the components; Right: Parameters and
ranges of the training data generated by this model.
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elevation and type of a zone eZone and tZone that provides information
about the zone to which the window or wall is attached, the level of
accuracy indicated by the coefficient of determination R2 could be
improved from 0.981 to 0.993 in case of the static response model of
the wall component.

The static model development used simple one-layer artificial
neural networks (ANN) per component. Two algorithms are used for
training, as they are implemented in MATLAB: (1) the Levenberg-
Marquardt algorithm and (2) Bayesian regularization. The first algo-
rithm was used for the less complex datasets, whereas the latter was
used for complex datasets, which are the walls, the windows, and the
zone heating response due to interactions between large numbers of
parameters. Most of the models achieved high levels of accuracy in
terms of R2 close to 0.99, or higher in a test with 200 independent
random samples of the design space, as shown in Fig. 7. The model with
the lowest R2 is the floor model. However, this model has very low
response values in the simulation (less than 300 kWh/a), which causes
irregularities to dominate design parameters and makes the component
subordinate in performance prediction. Errors sum up in an unfavorable
way for some configurations in the zone heating model, leading to a few
outliers and an R2 of 0.971 for the heat demand of the zone. The re-
sulting maximum test error for an independent test set with 200
random samples at component level is 1.67·104 kWh/a, which equals
9.3% of the maximum heat demand of the zone (1.80·105 kWh/a), this
being the worst response among all the models. For cooling, the max-
imum test error is 2.13·105 kWh/a, which is 6.0% of the maximum
cooling demand of the zone (3.56·106 kWh/a).

2.6.2. Dynamic response model
The thermal zone component is developed in Python using Keras

library with TensorFlow backend. Adam training algorithm is used to
develop the model. This is a first-order gradient-based optimization
algorithm. The data generated is split into training, cross-validation and
test data in a ratio of 70/15/15. Training data is used to develop the ML
model, while cross-validation data is used to tune the model structure.
Test data is used to evaluate the generalization. The resulting model has
a test R2 of about 0.99 for both heating and cooling energy predictions
(Fig. 8). The results indicate that the developed models do generalize
well on unseen data. The resulting maximum test error for monthly
heating prediction is 2.34·103Wh/month, which equals 6.17% of the
maximum heat demand of the zone (3.79·104Wh/month), this being
the worst response among the models. Whilst the test error for monthly
cooling prediction is 4.5·103Wh/month, this equals 3.12% of the
maximum cooling demand of the zone (1.46·105 kWh/month).
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Fig. 6. The distribution of dimensions of the training building has been adapted
to configurations occurring in the generation of the training data for the geo-
metric ratio of the floor plan.
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Fig. 7. Fitting of the static response components models to training data from a parametric simulation.

Fig. 8. Fitting of the dynamic response components models to training data from parametric simulation.
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3. Whole-building test cases

This section describes the validation of the component-based ML
model at a building level. For this purpose, we developed independent
simulation models for selected cases and compared the ML prediction
with the simulation results. The aim is to test the components on cases
that are representative of the building category for which they are
developed. To achieve this, we used the design topology proposed by
Dogan et al. [76] with partly simplified geometry, taking into con-
sideration the box building-based training data.

3.1. Case 1: Two-storey rectangular building

This first case describes a rectangular office building configuration.
The size and the envelope’s physical properties have been para-
meterized to allow a more extensive validation. Fig. 9 shows the basic
layout. The parametrization changes the length, width, window-to-wall
ratio, U and g values as well as infiltration in the ranges indicated in
Section 2.1. As a result of the parametrization, the case represents a
rectangular building with two-storeys, and covers archetypes B1, D1
and E1 as well as A3 to E3 in the topology scheme of Dogan et al. [76]
(Fig. 2), with one zone per storey.

Generating a test dataset of 200 random samples for this case and
comparing simulation results with the ML prediction showed that the
prediction was highly reliable. The comparison of the static response
model in Fig. 10 shows very good matching of the ML prediction with
the detailed building simulation, with a coefficient of determination R2

of 0.948 for heating, and of 0.991 for cooling (Fig. 10). The maximum
deviation for heating is 9.01·103Wh/a, which is 5.1% of the maximum
response (1.74·105Wh/a), and the maximum deviation for cooling is
1.06·105Wh/a, which is 4.7% of the maximum response (2.27·106Wh/
a).

Fig. 11 shows the ML predictions for zone monthly heating and
cooling demand. Heating predictions have an R2 of 0.692, and cooling
predictions have an R2 of 0.986. The maximum error for heating is
1.54·104Wh/month, with a maximum heating demand of 2.85·104Wh/

month. This results in a maximum heating prediction error of 54%. The
maximum error for cooling is 2.58·104Wh/month, with a maximum
cooling energy demand of 1.70·105Wh/month, resulting in a maximum
error of 15%. The cooling predictions have a good fit. However, the
heating prediction does not have a good fit, the reasons being that the
height of the top floor from the ground is higher in the training data
than in the test case, and that the training data is predominately
dominated by cooling, i.e. the case is slightly outside the training data.
Incorporating data which covers more design space and heating de-
mand will improve its performance.

3.2. Case 2: Eight-storey box building

The second test case deals with a rectangular high-rise building. It is
composed of one ground-floor storey, six intermediate storeys and one
top storey (Fig. 12). The elevation eZone and the type of the zone tZone
serve to adapt the zone models to the respective situation. This test case
is a simplified version of the archetype A5 in Dogan et al. [76] (Fig. 2),
with box-like zones neglecting the free-form configuration. The same
parametrization was applied as in the first test case. The 200 in-
dependent random samples delivered the same good match of static
response, with an R2 of 0.974 for heating and of 0.999 for cooling
(Fig. 13). The maximum deviation for heating is 1.61·104Wh/a, which
is 3.7% of the maximum (4.35·105Wh/a), and the maximum deviation
for cooling is 4.30·105Wh/a, which is 3.9% of the maximum
(1.10·107Wh/a).

Fig. 14 shows the monthly zone heating and cooling predictions of
the ML model in Test Case 2. The R2 for heating is 0.848, and the R2 for
cooling is 0.983. The maximum heating error for Test Case 2 is
1.54·104Wh/month and a maximum heating demand of 4.02·104Wh/
month, resulting in a maximum heating error percentage of 38%. The
maximum cooling energy error is 2.77·104Wh/month, and the max-
imum cooling demand is 1.84·105Wh/month, resulting in a maximum
cooling error of 15%. A similar trend is observed as was seen in Test
Case 1. However, the heating prediction errors are lower for Test Case 2
compared to Test Case 1. This is because this test case partly falls under
the training distribution.

3.3. Case 3: Complex design

The third test case represents an architecturally slightly more ad-
vanced design in order to demonstrate that the method and the trained
models are also fit for purpose in this case. Whereas Cases 1 and 2
included changes at storey level, this case includes different component
configurations within one storey. By this feature, it demonstrates the
capabilities of the component-based approach in this situation. The case
has three storeys that do not have the same zone size. The lower two

Fig. 9. Parameterized simulation model for Test Case 1.

Fig. 10. Static response ML model: Validation results at building level for Test Case 1.
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storeys therefore have a partial area covered by a roof to protect against
outside conditions. The top storey is reduced by half the length of the
building, and the base storey is extended by half of the building width,
as is shown in Fig. 15, on the left.

The variants with the 200 random samples for the test cases show a
reduced but sufficient accuracy of prediction, with an R2 of 0.848 for
heating and 0.982 for cooling (Fig. 16). The maximum deviation for the
static response for heating is 7.2·104Wh/a, or 29% of maximum heat
demand (2.5·105Wh/a); for cooling it is 2.2·105Wh/a, or 6.9% of the
maximum (3.36·106Wh/a). Given the situation that a component
configuration of a ceiling consisting half of roof and half of a floor slab
is not part of the training data, the results validate the component-based
approach.

Fig. 17 shows predictions of zone monthly heating and cooling de-
mand. The heating energy prediction has an R2 of 0.874, and the
cooling energy prediction has an R2 of 0.89. For Case 3, the maximum
heating error is 1.39·104Wh/month, with a maximum heating demand
of 5.17·104Wh/month. This results in a maximum heating error per-
centage of 27%. The maximum cooling error is 8.65·104Wh/month,
with a maximum cooling energy demand of 1.98·105Wh/month, re-
sulting in a maximum cooling error of 44%. In this test case, cooling
energy R2 is lower than in the other test cases, the reason being that the

Fig. 11. Dynamic response ML model: Validation results at zone level for Test Case 1.

Fig. 12. Parameterized model for Test Case 2.

Fig. 13. Static response ML model: Validation results at building level for Test Case 2.
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Fig. 14. Dynamic response ML model: Validation results at zone level for Test Case 2.

Fig. 15. Left: One configuration of Test Case 3. Right: Flow diagram illustrating internal quantities. Bottom: Illustration of monthly zone monthly energy demand.
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training data on zone level does not cover exposed ceilings for ground
floor and first floor.

An important benefit of the component-based approach in contrast
to the whole-building ML approach is that information on inter-
component quantities is available for the design and analysis process.
This is illustrated by the heat and radiation flows for one configuration
by the diagram contained in Fig. 15, on the right. Fig. 15, at the bottom,
illustrates the zone-wise monthly heating and cooling demand predic-
tion.

Furthermore, Table 3 shows the Pearson correlation for the data in
the 200 test samples in the static response as an indicator of inter-
dependencies of intercomponent flows on design variables. This table
allows for interpreting the effect that variables have on components.
For instance, there is a high effect of the building dimensions X and Y
on all flows, which is to be expected but quantified by the table. This
effect is either positive, which means that flow increases with size, or it
is negative. Furthermore, for instance, the effect of the window-to-wall
ratio on window, wall and zone response is shown. As WWR increases,
(negative) wall heat losses are reduced (shown by the positive coeffi-
cient), and window heat losses are increased. Moreover, radiation gains
also increase.

Fig. 18 shows the errors observed for all three cases for the static
and dynamic models. This overview shows that the static prediction
model has a lower error in general than the dynamic prediction model.
The dynamic prediction is coupled to a higher level of complexity,
covering more discontinuities, such as month with and without
heating/cooling demand. Furthermore, the prediction of the heating
demand is coupled to a higher error since the degree of discontinuities
of heating is higher in the specific configuration than that of cooling.
We expect this to differ in other configurations of design parameters
and parameters of internal loads. Finally, a slight but limited increase in
inaccuracy is observable from Case 1 to Case 3, which means with in-
creasing complexity of the design cases and with a deviation from the
initial training case. The slight increase is a positive indication of the
extensibility of the component-based modeling approach.

4. Discussion

With the ML models that have been developed, as well as the test
cases, we have shown the feasibility and potential of a component-
based approach of machine learning and its limitations. The application
of ML for predicting energy performance has several advantages, but

Fig. 16. Static response ML model: Validation results at building level for Test Case 3.

Fig. 17. Dynamic response ML model: Validation results at zone level for Test Case 3.
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also some limitations that need to be discussed in this section.
Firstly, modeling and computation time are drastically reduced, and

modeling is simplified compared to a detailed simulation, this being
vital for early design phases. At the same time, as is illustrated in Test
Case 3, the component-based approach – in contrast to the monolithic
ML approaches – provides valuable insight into the processes and flows
taking place between the components. This is important knowledge for
designers and engineers to permit them to understand what is hap-
pening and to improve the design in a goal-oriented way.

The test cases demonstrated the reusability of components in con-
texts deviating from training structures. Although the test cases are still
simple, they show in principle that arbitrary architectural designs can
be modeled by components, either at construction element level, or at
zone level. The component-based modeling in Test Case 3 particularly
illustrates the potential to use component-based modeling to extend
covered design space beyond what is possible with parametric black-
box models, and to reach a diversity and generality of models similar to

that which can be achieved with detailed simulation models. It includes
additional components forming a component configuration, thus dif-
fering from the configuration in the parametric training model; roof
components are added above the lower two levels. Such changes stretch
the purely parametric monolithic ML model to its limits, as all possible
configurations need to be included in the parametric simulation and in
the training data. In contrast, the component-based approach sig-
nificantly simplifies the parametrics and data generation for the
training process, whereas it allows extensive combinatorics in the use of
the ML model components. This brings the freedom and simplicity to
building performance models that are required for architectural design,
especially in early phases.

We assume in practice that it is possible to develop ML components
that are sufficiently general to be reused by different designers in their
design cases. Designers, planners and engineers are therefore pure users
of trained components, and do not need to perform training data gen-
eration and ML model training, which is done by tool developers.

Table 3
Interdependencies of inter-component heat flows on design variables shown by the Pearson correlation (orange: positive corelation; blue: negative corelation). (For
interpretation of the references to colours in this table legend, the reader is referred to the web version of this paper.)

Fig. 18. Error overview in relation to the maximum prediction for all cases and for the static and dynamic models.
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Furthermore, component-based ML opens up the option to include data
from other sources such as designers’ simulations, or to monitor data in
such a way that these information-based assets become more generally
useable.

Furthermore, the component-based approach represents an en-
gineering-driven method of deep learning. Stacking the component ML
model to represent the building model forms a multilayer model, as it is
typical of deep learning. In contrast to existing approaches, the com-
ponent-based approach first uses an engineering structure derived from
decomposition, after which additional component-internal or compo-
nent-crossing layers are then added. The component-based approach
nonetheless benefits from the advantages of deep learning, which are
the higher abstraction and flexibility of the ML model.

The fundamental limitation of ML is the training data range.
Basically, the ML model is only valid for cases that are covered by the
training data. However, the abstraction of the component-based ap-
proach, following the deep learning paradigm, allows a structural ex-
tension of the applicability of the ML model, thus enabling training data
to be used: Although the training data is limited to the box-like model,
the breakdown into components and their training permits more com-
plex cases to be analyzed, as shown by Test Case 3, and thus extends the
design space.

The basic limitation that the ML model is only as good as its training
data is still valid. However, as a consequence of the component-based
approach, the question of the representation and coverage of the design
space by training data shifts from the building level to the component
level. One needs to make sure that, in prediction cases, the parameters
of the components remain within the range of the training data.
Basically, this enables building cases to be predicted that are not in-
cluded in the training as far as the component ranges have been in-
cluded in the training, as was shown in the test cases. The last test case
particularly shows this by departing from the box-like configuration.
The slightly higher inaccuracies in this case are probably caused by the
fact that component use is at the limits of the components’ training
data. Furthermore, we were able to conclude from some of the pre-
liminary tests that the current models, with their training data and
parameter settings, are limited to orthogonal cases, since crucial para-
meters, such as the ratio of the envelope surface to volume, change
significantly in the non-orthogonal cases examined. Moreover, self-
shading and external shading are not considered in the current models –
a feature that requires further research to represent more complex de-
signs.

A further aspect making the component-based approach valuable is
BIM integration. Components are aligned to decomposition structures
used in BIM. For instance, the wall component with its parameters such
as width and window-to-wall ratio can be linked to the wall re-
presentation data in BIM. As simple calculations allow the derivation of
these parameters, a ML-based energy performance prediction becomes
available for BIM models without any complex simulation by the
component-based approach. This paves the way for real-time response
for performance-based design integrated in BIM.

As part of our future work, we will examine in more detail the de-
pendency of component model validity, depending on sampling and
training data. This includes the observation of parameter ranges and the
definition of prediction intervals. Furthermore, training data generation
and component structure need to be adapted to more complex design
cases in order to enable the approach for further architectural designs.

5. Conclusions

This paper has demonstrated a component-based approach of ma-
chine learning (ML) for predicting energy performance. ML components
have been developed at two levels of decomposition, namely con-
struction-level components with a static prediction of total yearly
heating and cooling energy consumption as response, and zone-level
components with dynamic monthly consumption as a response. The

components’ application in test cases that are structurally distinct from
the training model demonstrated flexibility and extended general-
ization beyond the training cases, i.e. the reusability of ML models.

As distinct from the training case, the test cases show how it is
possible to generalize beyond the training case with the components. In
terms of its parametric structure, the three-storey box building differs
from the eight-storey high-rise and the architecturally more complex
design in the last test case. These cases demonstrate that the compo-
nent-based approach enables the flexibility and generalization for ML
beyond parametrics, something which is required for the application of
ML in building design.

The key to this generalization is that the components typically occur
in building design cases, and thus are representative of these cases. The
systems engineering-driven decomposition to components represents an
engineering-driven deep learning approach in the form of the stacked
component models with their embedded ML layers. However, in con-
trast to conventional deep learning, the abstraction and flexibility are
not driven by ML alone, but incorporate engineering knowledge, i.e.
structures and engineering considerations in the form of the compo-
nents given by the domain of building design. This links the deep
learning ML approach more closely to engineering. An important fea-
ture is interpretable intercomponent results, such as the heat flows
resulting from the construction components’ prediction, which provides
valuable information for engineering interpretation.

In summary, the component-based decomposition of parametric
system modeling and the development of general components extends
the reusability of the ML model so that they become as generally ap-
plicable as components in dynamic performance simulation are today.
This allows designers and engineers to use the ML components instead
of a physical simulation, with the benefit of drastically-reduced mod-
eling effort and instant feedback in terms of building performance. This
allows performance prediction to be directly integrated into the design
process of a building, especially in the early design phases. We expect
this integration to enable the exploitation of major sustainability po-
tential in building design.
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