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A B S T R A C T

While building surrogate modelling has been shown to accurately replicate the outputs of computationally 
intensive building energy modelling, successfully adopting surrogate modelling in practice still has challenges. 
As surrogate models are machine learning models, they require an extensive quantity of training data in order to 
train effectively. The process of acquiring training data often requires numerous simulation runs of a building 
energy model. To offset this issue, surrogate models that demonstrate a suitable level of generalizability can be 
applied successfully to multiple projects without the need for the further generation of data.

This study examines the generalizability of multiple inverse surrogate models. Inverse surrogate modelling is a 
more difficult task than traditional surrogate modelling as it tries to extract building energy model inputs from 
output data. As the output data required to do this is often comprehensive, deep learning models are preferred. 
For the inverse surrogate models, a basic deep artificial neural network, convolutional neural network, recurrent 
neural network and transformer were examined. Output data in this study consisted primarily of temperature and 
energy time series data with input data being building energy model parameters reflective of thermally 
important building characteristics.

Generalizability is assessed by first training the inverse surrogate models on data from 3 separate building 
energy models. Each of the building energy models contain geometry that is randomly scaled. Additionally we 
examine training the inverse surrogate models on building energy model data produced with multiple locations 
as well as on data from all building energy models at once. Parameters relating to the building envelope 
demonstrated the highest prediction performance among the models, whereas the prediction performance for 
less influential parameters was more varied depending on the inverse surrogate model. Overall, the convolu
tional neural network typically outperformed the other models with the recurrent neural network and trans
former producing slightly worse performance. The artificial neural network was unable to accurately predict 
parameters outside of a select few that were highly influential to the time-series data. In the cases of training with 
data from multiple locations or all buildings at once, prediction performance decreased, however several pa
rameters remained predictable.

1. Introduction

1.1. Background

Over the last few decades, Building Energy Modelling (BEM) tech
niques and methods have been rigorously applied to assist with early- 
stage building design, optimization, energy savings etc. [1]. With the 
Canadian Government funding new construction to address the needs of 
Canada’s housing demand [2], the need for effective building 

performance simulation continues to grow. This is further exacerbated 
by the impact buildings have on Green House Gas (GHG) emissions. 
Globally, the continued growth of construction activities have led to 
increasing not only the GHG emissions from the act of constructing the 
buildings themselves, but have also contributing to the all-time highs of 
CO2 emissions from building operational energy [3]. BEM software has 
been continuously developed throughout the last several years to further 
assist practitioners. Common BEM software programs include Ener
gyPlus [4], IES-VE [5], and DesignBuilder [6]. These computationally 
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intensive software tools apply a complex set of inputs to develop a 
computerized model of the building from which a series of physics 
equations can be activated to calculate consumptions and emissions 
overtime.

BEM can be applied to various stages throughout the development of 
a building, including the preliminary design stage, developed design and 
post construction [7,8] In the preliminary design stage process, building 
designers can rely on BEM to provide necessary insight into preliminary 
energy performance. While a comprehensive building energy simulation 
model can be considered too uncertain, due to the substantial number of 
known inputs required, additional BEM software has been introduced 
recently to aid decision making at this design stage [9]. Later in the 
design stage when more information of the building’s design has been 
decided, a comprehensive energy model is more appropriate and prac
titioners can review the potential energy performance and determine if 
it is within desired limits. Once the post construction phase has been 
achieved, the use of digital twins becomes more apparent.

In each of these stages, the computationally intensive nature of BEM 
can be problematic. Running BEM simulations are often met with serious 
runtimes for many models, thereby hindering tasks which may neces
sitate multiple simulations. While simpler models alternatively used in 
the early design stage are more immune to high computational 
complexity problems, these models are more simplistic and lack some of 
the technical rigour that could be eventually desired. Furthermore, even 
at the design stage, some desirable input combinations (e.g., varied 
geometry combinations and different mechanical systems), may not be 
possible within the limitations of simpler models, thereby potentially 
weakening their usability. The issues of computationally intensive BEM 
can extend to later design stages as well, where finding suitable energy 
efficiency against increased costs can often require multiple simulation 
runs with varying inputs.

The performance of buildings after completion often do not align 
with the original models [8]. The common solution are calibrated 
building energy models adjusted such that their outputs are similar 
enough to those observed in reality. Creating a calibrated energy model 
is an iterative process for which input values are varied either manually 
or automatically until suitable outputs are acquired [10]. This iterative 
process involves the repeated use of simulations, for which the process 
can be beset again by long computational runtimes.

1.2. Surrogate modelling

As a response to the hinderances that BEM currently face, an alter
nate method has emerged whereby a traditional BEM model is replaced 
with a building Surrogate Model (SM). A building SM is a Machine 
Learning (ML) model designed to replicate the performance of a 
computationally intensive BEM model while addressing the issue of long 
computational runtimes [11]. Instead of completing complex physics 
equations reminiscent of BEM, a trained building SM functions by 
placing accurate predictions on BEM output values almost instanta
neously when provided relevant BEM inputs. Building SMs have 
demonstrated high accuracy in matching outputs from comprehensive 
BEM models [11]. Common examples include Artificial Neural Networks 
(ANNs) and Support Vector Machines. The creation of a SM can be 
organized into the following steps [12]: 

1) Acquisition of training data.
2) Processing of training data
3) SM training
4) SM validation

ML models require a high volume of samples each composed of input
and output data in order to train efficiently. For a building SM, input 
data would consist of numerical building properties referred to as pa
rameters which can include the conductivity value of the wall insulation 
or the flow rate of infiltrating air. Output data would be calculated BEM 

outputs, such as energy consumption or internal temperatures. Each 
sample is composed through their own BEM simulation for which the 
input parameter values are applied to the actual BEM model (that the SM 
is trying to replicate) to obtain the corresponding output data. Acquiring 
enough training data in this fashion is a lengthy process, as it may 
consist of thousands of actual BEM simulation runs. While SM pre
dictions are made near instantly, the process of acquiring the training 
data could be problematic. However, to counteract this, a SM can be 
considered generalizable if it can be applied to multiple projects or BEM 
models, thereby reducing the need to always create and train a new SM.

Once a sufficient quantity of training data has been obtained, it be
comes necessary to perform data processing. Initially the integrity of the 
data should be assessed for missing data points or erroneous values. 
Fortunately, as the training data is generated via simulation, complete 
data integrity can usually be easily assured. Preprocessing in the form of 
data scaling should then be completed to prepare the data for training in 
addition to defining how to split the data into training, validation and 
test sets.

After training data has been obtained and appropriately processed, 
model construction and hyperparameter selection must be conducted 
prior to training. Model construction relates to the determination of 
which ML model, its components (e.g., layers) and the structuring of 
them. Hyperparameters are highly influential variables that relate to 
either the ML model’s components or training ability. The ML model 
cannot learn its own hyperparameter values and it is ideal, though time 
consuming, to perform hyperparameter tuning by experimenting with 
different values and model configurations. It is noteworthy that an 
appropriate model construction and hyperparameter determination will 
not only influence prediction accuracy but also memory usage and 
training time among others.

After training and the generation of predictions, the SM is validated 
for its accuracy. This is often done through the use of statistical error 
metrics and common examples include the Coefficient of Determination 
(R2), Mean Absolute Error (MAE) and the Root Mean Square Error 
(RMSE).

1.3. Surrogate modelling with deep learning models

With advancements in the ML domain, the rise of Deep Learning (DL) 
models and methods have provided recent SMs increased potential for 
successfully learning difficult tasks. DL includes a subset of ANN models 
that utilize multiple layers to continuously extract information. This is 
usually coupled with a more complex set of neurons allowing for 
advanced operations that provide higher performance within domains 
that contain large high-dimensional data, such as multiple time series, 
high resolution images, and complex text [13] Compared to shallow 
learning methods, DL methods have had less traction for BEM related 
tasks, however this has improved in recent years partly because of 
increasingly available powerful computing hardware [11,14]. Common 
examples include multilayered ANNs, Convolutional Neural Networks 
(CNNs) and Recurrent Neural Networks (RNNs). Sections 1.3.1–1.3.3
provide a brief description of their corresponding DL model as well as 
related studies. Section 1.3.4 describes the added complexity of the 
method of inverse surrogate modeling and related studies.

1.3.1. Basic deep artificial neural networks
As suggested in their name, ANNs attempt to replicate the decision 

process of neurons within the central nervous system of biological ani
mals [15]. Reminiscent of synapses in a brain, connections of artificial 
neurons within an ANN produce signals or values that are adjusted by a 
weight that is configured during the learning process. These neurons or 
nodes are collected in layers. Whereas early versions of ANNs utilized 
only one layer (shallow models), formulation of the back propagation 
algorithm enabled effective training of multi-layered ANNs [15].

With the rise in computing power and shear availability of data over 
the last several decades, DL ANNs have shown substantial success over 
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other ML methods when tasked with large complex problems [16]. The 
main component of a basic ANN is the Fully Connected or Dense Layer. 
As shown in Fig. 1, each node in the Dense layer forms a weighted 
connected to the each of the nodes in the previous layer, hence being 
“fully connected”.

Olu-Ajayi, et al. examined the ability of a variety of ML models, 
including both deep and shallow ANNs, to predict annual energy con
sumption for different types of residential buildings [17]. Their study 
concluded that the deep learning ANN produced the best results overall, 
however, some other models were comparatively accurate and the 
building type was negligible on performance. Suryanarayana et al. 
compared DL to conventional ML methods for thermal load forecasting 
of district heating networks [18]. Their DL model consisted of a simple 
ANN with 2 hidden layers, while other models included a polynomial 
linear regression model and a ridge regression model. Their study 
examined two case studies involving different district heating networks 
in Sweden and in both studies, their DL model outperformed its simpler 
counterparts with a Mean Absolute Percentage Error (MAPE) of 8.08 % 
and 4.15 % respectively.

1.3.2. Recurrent neural networks
RNNs are a subset of ANNs that are specialized for learning infor

mation from sequential data. The significance of the model is that 
recurrent connections are placed between nodes in the layer such that 
information from the previous time step is sent forward, which enables 
the nodes at previous time steps to directly influence the output of future 
time steps [19]. This allows the model to learn sequential data more 
strongly compared to an ANN, as there is an immediate connection 
between each sequential value. This process is illustrated in Fig. 2.

The major hinderance traditional RNNs face is the issue of the van
ishing (or sometimes exploding) gradient. In cases of the vanishing 
gradient, long-term dependences become very difficult or time 
consuming for the model to learn as exponentially smaller weights are 
provided to long-term interactions [19]. As a response, different variants 
of RNNs, namely Long-Short Term Memory (LSTM) and Gated Recurrent 
Unit (GRU) models have seen prominence over traditional RNNs. LSTM 
models make use of a memory cell that modifies the RNN architecture by 
enabling gating signals to help handle challenges that can arise during 
model training [20].

Fan et al. examined multiple RNNs and input data strategies for 
short-term building energy predictions [21]. Their models included 
regular and bidirectional GRU and LSTM models as well as the possible 
inclusion of a 1D-convolutional layer beforehand. They note that a 
direct approach, where separate models are created for each time step, 
performed the best without significant computational burden and both 
the GRU and LSTM models provided better preservation of long-term 
temporal dependencies. They also noted that bidirectional operations 
were beneficial for improving prediction accuracies for cooling loads. 

Jung et al. developed a multilayer attention-based GRU for the purposes 
of short-term load forecasting [22]. Making the GRU attention-based 
was chosen to help enable the model to understand which parts of the 
input sequence are the most important for load forecasting. When tested 
for three separate buildings they noted that their model outperformed 
others such as conventional LSTM and GRU models. Jang et al. 
employed three different LSTM models for the purposes of predicting 
heating energy consumption [23]. The first model had input data con
sisting of building environmental data, the second model also had 
building environmental data as well as outdoor environmental data and 
the third model had both sets of environmental data along with opera
tion patten data. They found that the third model outperformed the 
other two while having the additional strength of better handling situ
ations where the energy consumption experienced a sudden change.

1.3.3. Convolutional neural networks
Whereas RNNs are specialized to handle sequential data, CNNs are a 

particular type of ANN for the purpose of efficiently processing data with 
a grid-like topology [19]. Data in this form can include images or mul
tiple concurrent time series. CNNs rely on a mathematical process 
known as convolution, which involves multiplying the input matrix by 
another, usually smaller, matrix referred to as the kernel matrix. The 
process is completed by multiplying the kernel matrix along portions of 
the input matrix (Fig. 3). The unique property of the kernel matrix is that 
because it moves along the input, its weights are effectively shared. For 
this reason, CNNs are typically much more memory efficient than 
similar deep ANNs.

Somu et al. incorporated k-means clustering into a hybrid CNN-LSTM 
model with the intention of building energy consumption forecasting 
[24]. The K-means clustering was performed to help organize the energy 
consumption trends, the CNN to extract features from non-linear in
teractions impacting energy consumption and the LSTM component to 
help control the long-term dependencies within their time-series data. 
When applied to a case study involving collected building energy con
sumption time series data, their hybrid model outperformed more con
ventional CNN and LSTM models. Westermann et al. developed a CNN 
based SM with the intention of predicting heating or cooling energy 
demand regardless of location [25]. The CNN processes weather-based 
time-series data before receiving additional inputs in the form of 
building parameters. When tested on unseen locations, the model ex
periences a MAPE of less than 3 %.

Fig. 1. Simple ANN example. This example features two dense layers in the 
middle (hidden layers).

Fig. 2. RNN configuration. Inputs (X) are fed into the hidden nodes (H) which 
influence future outputs (Y).
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1.3.4. Inverse surrogate modelling
As deep learning methods exhibit their largest potential with high- 

dimensional data, this gives prominence to the potential of success
fully applying DL to inverse modelling. For BEM, inverse modelling is 
the notion of training a SM on BEM outputs to find inputs instead of the 
usual other way around. As the inverse task is being applied, a SM that 
trains and predicts this way can be referred to as an Inverse Surrogate 
Model (ISM). This is often a much more difficult task as it is not entirely 
possible to map exact input values to relevant physics equations based 
on only output data as a different combination of values could result in 
the same output. Fortunately, many BEM outputs can be expressed as a 
time series, or as outputs of a similar scale, and with a DL model’s ability 
to extrapolate features by inferring the time series, obtaining individual 
values has a heighted possibility.

While inverse surrogate modelling is less common than the forward 
approached, examples in literature have examined the potential of ISMs 
for predicting building parameters. Ferreira et al, examined the appli
cability of an ANN based ISM used to predict various BEM input pa
rameters related to heating and cooling loads [26]. Their study involved 
formulating the data with change point models to serve as input data to 
the ISM and performance was assessed with a testing dataset of 3000 
samples. Herbinger et al. developed a SM in the form of an ANN to 
calibrate a building energy model [27]. Their method is unique in that, 
once trained, the model uses itself to calibrate building parameter values 
via gradient descent, resembling an ISM. They compared their SM to a 
powerful ML optimizer in a controlled case study and found that their 
SM surpassed the ML in performance. They also compared the perfor
mance of the models in a real metered data case study and while it was 
more comparable, the SM was more consistent.

1.4. Areas of improvement

While DL models provide practitioners increased opportunities for 
SM usage, they still face the same fault of requiring numerous amounts 
of training data. With growing popularity, it remains important that SMs 
express a suitable level of generalizability so that they can be readily 
applied to multiple projects without requiring the lengthy process of 
generating new training data each time. Generalizability relates to a ML 
model’s ability to place accurate predictions on unseen data [19]. In the 
context of this study, we are focused on the generalizability that relates 
to multiple buildings (i.e. unseen geometry).

The intention of this study is to explore the generalizability of mul
tiple DL models for building SM applications by examining the robust
ness of each model when trained on variable geometric BEM models. As 
inverse modelling is typically a more difficult task than forward 
modelling, this study assesses the performance of the DL models as ISMs 
to try to understand how DL models can benefit this task. The BEM 

models used to create training data in this study are partly inspired by 
commercial office buildings and their basic geometry are randomly 
scaled to allow for a scenario where a SM needs to be used for another 
project. Additionally examined is the impact to prediction performance 
when trained on data from a BEM model simulated in multiple locations 
or being trained on data from all BEM models at once.

This paper compares an ANN, RNN, CNN and a transformer archi
tecture. To the authors knowledge, this is the first study to examine the 
potential of multiple deep learning models within the context of 
assessing generalizability as inverse surrogate models. Both RNNs and 
CNNs were selected as they are well suited for an ISM trained on time 
series data, while a basic deep ANN helps provide a performance 
benchmark. In recent years, transformers have gained increased atten
tion in machine learning communities for their ability to surpass RNNs 
and other ANN models for sequential text related problems [28]. Unlike 
RNNs, the transformer is able to model the relationship between all 
inputs in a sequence regardless of placement by applying a self-attention 
mechanism. This enables the model to understand the influence of ele
ments more easily in the sequence on other potentially far away ele
ments when compared to a RNN or CNN.

2. Methodology

The methodology of this study is broken into four sections: 3.1 
training data organization, 3.2 geometric model design and develop
ment, 3.3 ISM model construction and 3.4 error metrics for evaluation. 
Fig. 4 provides an overview of the methodology used.

Organizing training data relates to deciding on appropriate BEM 
model parameters and BEM output data to collect along with adjust
ments and necessary preprocessing. Geometric model construction ex
amines the geometry of the BEM models themselves and other various 
aspects of them including scalability. ISM model construction relates to 
the determination of ISM layers and various hyper parameters. Model 
evaluation describes the various error metric equations used to evaluate 
the models in the results section of this study.

2.1. Training data organization

When training data is selected, it is imperative that there exists a 
strong connection between the inputs and the outputs. For the ISMs, this 
requires that the building parameters selected make a noticeable impact 
on the BEM outputs otherwise the ISM will struggle to learn the corre
sponding parameter values. This study prominently uses internal tem
perature time series data as an ISM input, as they are significantly 
affected by building envelope properties. Section 3.1.1 describes the 
parameter selection as they are the most influential on the chosen time 
series, which is then followed by describing the time series selected as 

Fig. 3. Dimensional Convolutional Process. The kernel matrix is multiplied by sections of the input matrix to form the output. The kernel moves along during the 
convolutional process as indicated by the highlighted cells.
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well as their characteristics in Section 3.1.2 and then how preprocessing 
is performed in Section 3.1.3. Lastly, we discuss the approach of 
acquiring training data when testing with multiple locations at once 
(Section 3.1.4).

2.1.1. BEM parameter selection
The varied parameters used in this study are provided in Table 1

along with their ranges. The first eight parameters are typical BEM in
puts that all have a varying impact on the internal temperatures of the 
BEM model. Predicting these parameters represents the primary task of 
the ISMs. The remaining four parameters are implemented with the 
intention of assisting with the development of suitable training data. 
Their values are additionally predicted by the ISMs, however, given 
their significant relevance to internal temperatures, the prediction per
formance on them is anticipated to be higher than the others.

The ranges in Table 1 are based partly on those in [25] and selected 
to range from highly to moderately influential for internal temperatures. 
The conductivity parameters influence the overall effectiveness of the 
building envelope and their individual impact is additionally contrib
uted by the shape modification of the structure. Increases in height lead 
to increases in wall and window surface area while the roof surface area 

remains constant, thereby causing an increase in the contribution of 
overall building envelope heat flow as a result of wall insulation and 
window conductivity. It should additionally be noted that the weight 
category of each sample remains consistent.

Both the Lighting Energy Power Density and the Equipment Energy 
Power Density parameters influence the internal temperatures via in
ternal gains from lighting and equipment respectively and as a result 
they are expected to have less impact than the building envelope pa
rameters. Predicting these parameters will examine the ability to accu
rately discern smaller influences. For all BEM models, the setpoint 
schedule for the lighting was turned on fully between 5:00 AM to 8:00 
PM and completely turned off otherwise. To differentiate it, the equip
ment energy setpoint schedule was turned on at all times. Differences in 
prediction performance between the two parameters would suggest that 
the ISMs would either be impacted or not with a varied setpoint 
schedule.

While the People Quantity parameter is similar to the lighting and 
equipment parameters, it is unique in that it directly influences the 
Ventilation Flow Rate. The Ventilation Flow Rate parameter represents 
the rate of the intended flow of air into the zone and is increased 
depending on the number of personnel. The Infiltration Flow Rate 
parameter is instead the unintended rate of airflow into a zone and is 
therefore unaffected by the number of personnel and is highly impactful 
on internal air temperatures.

Instances where the internal temperature changes are those which 
are the most valuable for the ISMs, which typically occur when the 
heating setpoint changes. When the temperature decreases rapidly, it 
can suggest that the combination of building envelope parameter values 
are poor for an energy efficient structure, while slow temperature 
changes during the same weather period would indicate a more energy 
efficient structure. The heating setpoint schedule begins at midnight 
with 16 ◦C until 6:00 AM where it is increased to 20 ◦C and then further 
increased to 23 ◦C at 7:00 AM. At 9:00 PM the heating setpoint reverts 
back to 16 ◦C.

The Ideal Air Loads system component in EnergyPlus is used to 
represent the heating supply. This component functions as a highly 
efficient Heating, Ventilation and Air Condition (HVAC) unit and can be 

Fig. 4. Study methodology. Three different scalable core office shapes are used to produced training data. Prediction performance is examined with 4 different 
ISMs: ANN, CNN, RNN and a transformer. Prediction performance with each of the 3 core shapes is assessed as well as training for multiple locations and all shapes 
at once.

Table 1 
BEM Parameters and Ranges. Geometric scale parameters are set as a per
centage to retain consistency.

Parameter Ranges Units

Wall Insulation Conductivity 0.01–0.1 W/mK
Roof Insulation Conductivity 0.01–0.1 W/mK
Glass Conductivity 0.005–0.03 W/mK
Lighting Energy Power Density 8–12 W/m2

Equipment Energy Power Density 8–12 W/m2

People Quantity 0.025–0.05 People/m2

Ventilation Flow Rate 5–10 L/sPerson
Infiltration Flow Rate 0.1–1 L/sm2

Maximum Heating Air Flow Rate 25–250 L/s
Geometric Scale X Direction 0.01–1 ​
Geometric Scale Y Direction 0.01–1 ​
Geometric Scale Z Direction 0.01–1 ​
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used when developing a full HVAC model is not necessary [29]. The 
Maximum Heating Air Flow Rate parameter limits the ability of the 
component, which prevents the BEM model from reacting too rapidly to 
setpoint changes, therefore increasing ISM trainability.

As the different BEM models were modified by different absolute 
values, the geometric parameters were organized as a factor to keep 
consistency among them. Scaling by a value of 1 would apply the 
maximum increase, whereas 0 would apply the maximum decrease.

2.1.2. Time series composition
As the temperature within a BEM model fluctuates over time as a 

result of thermal setpoint changes and outdoor temperature, the pa
rameters in Table 1 provide a strong influence on the temperature within 
the model. In this study, the time series selected were interior temper
ature for each zone (5 total), outdoor air drybulb temperature and the 
heating energy provided (Table 2).

Instances of temperature decay when the heating setpoint is lowered 
are more important to the learning process than instances of tempera
ture rise as during decay, the rate of temperature change is not influ
enced by heat being provided by the HVAC system. In this study, 
instances of heat loss are referred to as decay curves while instances of 
temperature rise (usually between a lower heating setpoint and a higher 
heating setpoint) are referred to as rising curves. It is important to note 
that the Maximum Heating Flow Rate parameter remains useful even in 
situations of decay as heating would be applied once the new setpoint is 
acquired to prevent further loss of heat. Rising curves remain beneficial, 
however more unknown influences will occur. For example, while solar 

radiation may only play a small role during decay curves, as they will 
often happen at night, their presence will frequently be noticeable 
during rising curves which will more likely be present during daylight 
hours.

Training with each BEM model individually, as well as all together, 
was attempted with only decay curves. Training with a combination of 
decay and rising curves was done when training the ISMs on a BEM 
model for multiple locations. The intention was that the additional time 
series data would assist the ISMs in understanding location and help 
accurately predict parameter values. When training with a combination 
of decay and rising curves, the additional time series listed in Table 2
were also used. Some of these time series are influential to the internal 
temperatures (such as Direct and Diffuse Solar Radiation).

Decay curve instances were computed at 10-minute intervals with 12 
at a time (2 h) so that the temperature decay could be adequately 
captured. A requirement that a difference of 0.05 ◦C between each 
temperature value for the first 6 values was implemented so that the 
curves would not be too flat. This requirement was only examined on 
one selected zone in the BEM models with the assumption that the other 
zone temperature decay would be similar. As each sample contained a 
year of data, starting from the beginning of the year, a total of 84 suit
able decay curves (1008 values for each time series) were extracted from 
each sample to resemble one week of training data.

When dealing with both decay and rising curves, the process was 
similar. Rising curves were also computed with the same minute long 
intervals and length and the same requirement of a 0.05 ◦C buffer be
tween the first 6 samples was applied. A combined total of 84 curves was 

Table 2 
Time-Series ISM Inputs. Cells highlighted in green represent parameters applied to ISMs in all scenarios. Those highlighted in blue are only applied to specific parts of 
the study.
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again used, with rising curves being interwoven with the decay curve 
data. 

2.1.3 Data preprocessing

For each BEM model in this study, a total of 5000 samples were used 
to train the ISMs. An additional 5000 samples were used to train the 
ISMs in the case of varied location. With each set of 5000 samples, 1000 
samples were reserved for the test set and 800 samples for the validation 
set, leaving 3200 samples for the remainder of the training set. When 
training on data from each BEM at once, a total of 6000 samples (2000 
from each) was used.

Prior to training any of the models, preprocessing was applied to the 
data in the form of normalization. Preprocessing data such that it re
sembles standard normally distributed data is commonly performed on 
ML models as poor training ability can result otherwise [30]. Given that 
the data in this study consists of various timeseries, the mean and 
standard deviation was computed across all samples in the training set 
for each individual time series. These values were then used to 
normalize both the training and test set with the test set using the 
training set mean values and standard deviations. Preprocessing was 
only conducted for training purposes. When model predictions were 
acquired, values were then unnormalized prior to error metric 
calculations. 

2.1.4 Varied locations

Regarding locations, the city of Victoria, Canada was the only city 
used to create training data with each BEM model. When investigating 
ISM performance when trained on data from a single BEM model in 
multiple locations, only North American cities were examined, which 
offered a suitable selection of varying climates. Varying location was 
simply completed by using a different weather file for each location. 
While determining location is a categorical problem instead of a 
regression problem, to keep consistency, the ML models predicted lati
tude and longitude values. The cities chosen are provided in Table 3. 

2.2 Geometric model design and development

Each of the three BEM models were based on commercial office 
building configurations (Fig. 5). As only the overall dimensions of the 
BEM models were modified in the model (length, width and height), we 
separately created different core shapes so that it could be understood 
whether an ISM is universally strong as a parameter predictor for mul
tiple shapes or only specific ones. Each BEM model was composed of a 
total of five thermal zones, between which conduction occurs during 
simulations and temperature time series data is collected. Windows were 
included with a Window to Wall Ratio (WWR) of 50 %. The WWR was 
held constant regardless of the change in wall size (i.e., windows would 
scale along with the wall). Windows were omitted from one zone (Z3) in 
each model to help the model differentiate the impact of them in regards 
to other parameter influences.

The H-Shape model serves as the benchmark for comparisons, as 
each of its zones are scaled accordingly. The C-Shape model retains large 
similarity to the H-Shape, however scaling is reduced as Z2 and Z4 zones 
only shift along to accommodate scaling of the other zones and Z1, Z3 
and Z5 only increase or decrease in their longer dimensions. The 
Octagonal-Shape model, differs from the others as it is the only model 
with multiple stories and nonrectangular zones. When the height is 
scaled, the height of each zone is modified, thereby significantly 
affecting the overall height of the structure. As the models are scaled 
differently, it may prove insightful in whether the degree of scaling af
fects predictions. 

2.3 ISM model construction

While the ISMs have fundamental differences between each other, a 
learning rate of 0.001, a batch size of 64 and a choice of 150 epochs was 
used during training for each model. Furthermore, the Adam optimi
zation and loss function of Mean Square Error (MSE) were implemented 
for each ISM. Outputs for each ISM and scenario are those listed in 
Table 1. Each ISM has the same inputs from Table 2, which the exception 
of examining performance with decay and rising curves as well as the 
varied locations scenario for which additional inputs are provided.

Each model features some dense layers and dropout layers. Dropout 
layers are a computationally inexpensive method used to prevent 
overfitting by temporarily eliminating nodes during training [19]. 
Overfitting occurs when the ML model picks up noise that only exists in 
the training set during the training process, which leads to over- 
promising results. Along with the dropout layers, overfitting was pre
vented by Early Stopping, that would stop training prematurely if it was 
observed that the validation loss was no longer decreasing.

Hyperparameter values were chosen based on a similar study [25] as 
well as past experience. It is possible that different ISMs may benefit 
from different hypermeter considerations, which would incentivize 
hyperparameter tuning. Given the number and complexity of the ISMs 
used, hyperparameter tuning and varying of ISM model constructions 
would be complicated and is left for future work. 

2.3.1 Artificial neural network

As the ANN serves as the benchmark for comparisons between other 
ISMs, it was decided to keep the ANN simple. The combination of Dense 
and Dropout layers that forms the model is illustrated in Fig. 6. As the 
Dense layers are ignorant of the sequential nature of the data, inputs 
were simply formatted into a single row and fed into the model 1-dimen
sionally. The number of nodes contained in each hidden layer were 
twice the length (1008) with the exception of the last Dense layer before 
the output which was a quarter of this (252).

Aside from the final Dense layer, each hidden Dense layer uses the 
Rectified Linear Unit (ReLU) activation function. This remains the same 
for the other ISMs. An activation function is commonly applied to layer 
outputs to provide non-linearity. The Rectified Linear Unit (ReLU) is one 
of the most common activation functions for ANNs whereby values less 
than 0 are instead replaced with 0 and values greater than 0 remain 
unaffected as shown in Eq. (1) [19]. 

y = MAX(0,X) (1) 

2.3.2 Recurrent neural network

Compared to the ANN, the RNN in this study employes three LSTM 
layers early in the model to help with the sequential inputs. As shown in 
Fig. 7, interwoven between the LSTM layers are dropout layers followed 
by a series of dense and dropout layers. 2-dimensionality is retained 
throughout the model until the global average pooling layer near the 
end of the model converts the data to 1-dimension. After another dense 
layer, outputs are produced by the model. 

Table 3 
Locations used for varied weather data and their climate zone [31].

Location ASHRAE Climate Zone

Victoria, BC, CAN 4C
Edmonton, AB, CAN 7
Winnipeg, MB, CAN 7
Toronto, ON, CAN 5A
Anchorage, AK, USA 7
Los Angeles, CA, USA 3C
Denver, CO, USA 5B
Miami, FL, USA 1A
Las Vegas, NV, USA 2B
Austin, TX, USA 2A
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2.3.3 Convolutional neural network

The CNN used in this study is partly based on the model used in [25]. 
As shown in Fig. 8, the CNN is formulated into two main blocks of 
several convolutional and assisting layers. Following each convolution 
layer is a batch normalization layer that is provided before the ReLU 
activation. Batch normalization provides reparameterization within a 
network to help benefit updates as they occur across multiple layers 
during training [19]. To help prevent the occurrence of the vanishing 
gradient issue, residual connections were provided at the end of each 
block creating another connection to the input preceding them. As with 

the RNN, a global average pooling layer is provided near the end of the 
model to transfer the data from 2-dimensional to 1-dimensional.

1-dimensional convolution was used throughout this model. 
Compared to its 2-dimensional counterpart, 1-dimensional CNNs have 

Fig. 5. BEM geometries. Zones are labeled Z1 through Z5. Windows were omitted from Z3 in each model to provide variation between the zones.

Fig. 6. ANN Construction. Dense layers are alternated with dropout layers.

Fig. 7. RNN construction. This model features 3 LSTM layers to provide 
greater training with the time series sequential data. The pooling layer at the 
end is implemented to convert the data to 1-dimension.
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substantially less computational complexity, which makes them well- 
suited for lower cost tasks involving 1-dimensional signals [32]. 

2.3.4 Transformer

The attention mechanism employed by transformer models can be 
viewed as a mapping of an input query to a dictionary of key-value pair 
to produce an output which is formed as a weighted summation of the 
values [33]. In this study, we utilize global self-attention for our time 
series inputs. Global self-attention involves feeding the model inputs as 
both the query and key-value pairs (Fig. 9), thus enabling values 
throughout the time series to be influential [28]. This effectively allows 
each element in the input to interact with each other element directly 
with all the outputs being computed in parallel.

The transformer architecture used in this study is provided in Fig. 10. 
The model includes several multi-head attention layers followed by a 

residual connection to its input and then a linear normalization layer. Its 
structure is partly based on [33]. Multi-head attention allows for mul
tiple representations of the inputs into the attention mechanism, which 
enables it to learn different features from each input [28]. In this study, 
to keep computational cost low during training, we used 2 heads with a 
size of 128. Similar to batch normalization in the CNN, the linear 
normalization layer helps maintain trainability throughout the learning 
process by helping maintain normalized values throughout the model. A 
small one-dimensional CNN block is applied to the end this model to 
help manage the sizeable data still present after the final attention block. 
As with the CNN and RNN before, Global Average Pooling was then 
applied. 

2.4 Error metrics for evaluation

Error metrics provide a statistical means of inferring ML model 
performance. These equations receive pairings of ML predictions and 
their corresponding correct value as input. By including multiple error 
metrics, a deeper understanding of model performance can be obtained, 
as some models may perform better or worse across different metrics. 
This study examines performance with three different error metrics: the 
Coefficient of Determination (R2), Mean Absolute Percentage Error 
(MAPE) and the Root Mean Square Percentage Error (RMSPE): 

R2 = 1 −

∑n
i=1(yi − ŷi )

2

∑n
i=1(yi − yi)

2 (3.2) 

MAPE =
1
n
∑n

i=1

|yi − ŷi |

yi
(3.3) 

RMSPE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n
∑n

i=1

(
yi − ŷi

yi

)2
√
√
√
√ (3.4) 

The three variables in the above equations, yi, ŷi , yi represent the 
actual values, the predicted values and the mean of the actual values 
respectively.

The Coefficient of Determination provides an assessment of how well 
the predicted values fit the actual values. The R2 value typically ranges 
from 0 to 1, where a value of 1 indicates a perfect fit. As the error metric 
represents the degree of fit of the model, one of its benefits is the ease of 
comparing scores across multiple studies [34].

MAE and RMSE are statistical error metrics extensively used for 
evaluating model performance. There are various arguments and dis
cussions on the applicability of the RMSE and MAE in comparison to 
each other and which to use [35–37] and therefore both are considered 
in this study. Referred to as relative or percentage errors, MAPE and 
RMSPE are preferred in this study over their absolute error equivalents 

Fig. 8. CNN construction. In two occasions, three convolutional layers with 
decreasing kernel sizes are computed in parallel with a single convolutional 
layer with a kernel size of 1 which are then connected with a residual layer.

Fig. 9. Global Self-Attention mechanism. The query and key-value pairs are provided to the global self-attention layer. In our case this is a Multi-head Atten
tion layer.
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(MAE and RMSE) as the parameter values being predicted have different 
units and scales. Expressing errors as a percentage helps ensure easy 
comparison between them.

MAPE is commonly used when relative errors are needed; reasons 
include its intuitive interpretation and adaptability for forecasting ap
plications [38]. The quadratic term in the RMSPE equation helps 
emphasize instances where significant differences between values exist. 
In comparisons between models, situations where MAPE scores are 
similar, but RMSPE scores are farther apart, may signify that a higher 
percentage of outliers are present in the predictions of one model 
compared to the other. 

3 Results

The results of this study are presented in three sections. Firstly, the 
performance of the ISMs are examined on each of the three geometric 
models individually. By doing so, we can assess which ISMs are the best 
performing and if performance greatly differs between geometric 
models. The second section of the results examines the prediction ability 
of the ISMs when trained on BEM data from multiple locations. Also 
included is a comparison between training with only decay curves from 
the first section and training with decay and rising curves. The last 
section of the results examines the performance of the ISMs when 
trained on data from all the BEM models at once. Only one location is 
used as it was expected that the decrease in ISM performance would 
already be significant. 

3.1 H-Shape model results

Table 4 gives the error metric results for the ISM models when 
trained on data from the H-Shape BEM model. Overall, the CNN out
performs the other models with the RNN and transformer exhibiting 
similar performance to each other. Unsurprisingly, while the ANN is able 
to have decent prediction performance with a few parameters, it is 
severely lacking in performance compared to the other ISMs. This shows 
that the ANN is often unable to discern the influence of less impactful 
parameters.

Based on the R2 error metric, predictions for the Glass Conductivity, 
Infiltration Flow Rate and Maximum Heating Flow Rate parameters 
preform the most consistently strong. Aside from the Maximum Heating 
Flow Rate, this can be attributed to their involvement as a component of 
the building envelope and thereby having a significant impact on the 
internal temperature of the structure. The Wall Insulation Conductivity 
and Roof Insulation Conductivity remains highly predictable for both 
the CNN and RNN, though the performance with the transformer is 
significantly worse. It is unclear why this occurs, however, as the pa
rameters influence surfaces of every zone, the transformer may struggle 
to separate the influence of it.

While the R2 values for the Lighting Energy Power Density and 
Equipment Energy Power Density are lower than some of the more 
predictable parameters for the RNN and transformer, the error for the 
other metrics is among the lowest. This is the same for Equipment En
ergy Power Density for the CNN. This would suggest that while a 
goodness of fit is not as achievable as some of the other metrics, their 
predictions remain relatively consistent (i.e., lack of outliers). This also 
remains especially true for the ANN, as the R2 scores suggest practically 
no fit, however both the MAPE and RMSPE remain low.

Additionally, poor prediction performance on the Ventilation Flow 
Rate parameter is partly a result of the low performance for the People 
Density parameter. As the Ventilation Flow Rate is tied to the People 
Density, making accurate predictions remains difficult as the ISMs 
struggle to learn the influence of the quantity of people.

Another notable aspect of the results provided in Table 4 is how 
significantly large the RMSPE are for each of the predictions on the 
geometric parameters, even though the R2 remains relatively solid 
throughout (ignoring the ANN). Given that there is also a large 
discrepancy between the RMSPE and MAPE scores, this implies that 
significant outliers have occurred.

Lastly, Fig. 11 demonstrates the decrease in loss over the number of 
epochs. As the model is trained to predict all parameters, the loss value is 
influenced by the more difficult parameter values to predict. It can be 
observed that while the ANN experiences an immediate sudden drop in 
loss, it plateaus higher and more rapidly than the other models. No more 
values are reported when the Early Stopping is reached. Due to their 
similar structures, both the ANN and RNN exhibit less fluctuations than 
the CNN and transformer. Fluctuations with the transformer possibly 
help explain the poor prediction performance with some parameters (e. 
g. Roof Insulation Conductivity) as the consistency in making accurate 

Fig. 10. Transformer construction. Arrows clarify a connection between 
layers. A single convolutional layer is provided near the end of the model to 
assist with the lengthy data still present.
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predictions varies. As neither the CNN, RNN or transformer finish before 
150 epochs, the number of training epochs could be increased at the 
consequence of longer training time. 

3.2 H-Shape, C-Shape and Octagonal-Shape result comparisons

R2 error metric comparison results when the ISMs are trained on data 
from each of the BEM models are shown in Fig. 12. Findings with MAPE 
and RMSPE are similar to those in Table 4. Metric values for the geo
metric parameters have also been omitted for clarity; overall findings 
are again similar (i.e. high R2, MAPE and RMSPE scores).

It is observed that switching to a different BEM model for training 
data does not significantly impact overall performance for the ISMs. An 
exception to this is the transformer has much stronger predictions for the 
Wall Insulation Conductivity and Roof Insulation Conductivity with the 

data from the other BEM models. Overall performance among the ISMs 
remains similar with the CNN outperforming both the RNN and trans
former models, while the ANN poorly performs on all parameters aside 
from the Maximum Heating Flow Rate and Infiltration Flow Rate.

One of the more notable differences between the BEM models is the 
higher prediction performance the ISMs have with the H-Shape model 
data for the Equipment Energy Power Density. Unlike similar parame
ters (Lighting Energy Power Density and People Quantity), the equip
ment parameter has a fixed schedule as it remains active overnight. The 
higher R2 score indicates that there exists more instances in the H-Shape 
model data where its influence is noticeable. Interestingly, the Lighting 
Energy Power Density parameter has noticeably higher predictability for 
the C-Shape (aside from the CNN), which would suggest that the lighting 
being active is more frequent. As the equipment parameter would be less 
isolated in this dataset, it would be expected to be harder to predict. 

Table 4 
H-Shape results table.

Fig. 11. Validation Loss vs. Epochs.
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Both these parameters are poorly predicted with data from the 
Octagonal-Shape model. As the floor area remains the same for each 
zone when scaled, these parameters have no difference in heat provided 
between zones, making it so that the ISMs have little ability to under
stand the impact of geometry scaling on them. 

3.3 Decay and rising curves and variable locations

Unlike the results provided in Fig. 12, when the ISMs are provided 
training data with decay and rising curves or from BEM simulations with 
variable locations, performance differs substantially (Fig. 13). Overall, 
the ISMs trained on a combination of decay and rising curves exhibit 
superior performance compared to only being trained on decay curves. 

The performance improvement can be attributed both to providing the 
rising curves as well as the overall increase in time series for each 
sample. Unfortunately, there is a decrease in prediction performance 
when the ISMs are provided BEM data produced with multiple locations, 
as is to be expected.

Both the ANN and transformer ISMs experience the largest increase 
in prediction performance when switched to a combination of decay and 
rising curves. This shows that the models can take significant advantage 
of the increase in time series provided, which is especially true in the 
case of the transformer as it outperforms the CNN in some instances. The 
ANN still performs poorer than all other ISMs. The CNN performance 
decreases slightly for several parameters suggesting that increasing the 
amount of data may be prohibitive for it to learn from, or that it benefits 

Fig. 12. H-Shape, C-Shape and Octagonal-Shape − R2 Scores.

Fig. 13. H-Shape, Decay & Rise, Variable Location − R2 scores.
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more greatly from only using decay curves.
Whereas in Fig. 12 where both the People Density and the Ventila

tion Flow Rate parameters were similar in terms of performance, this is 
less apparent when the ISMs are trained on a combination of decay and 
rising curves. While the performance for the People Density parameter 
decreased, it increased for the Ventilation Flow Rate. With rising curves, 
ventilation would become notable as a countermeasure to increases in 
heat, when scheduled occupancy occurs. With rising curves, the small 
portion of heat provided by the quantity of people could get lost with the 
rest of the heat sources. 

3.4 All buildings

The results in Fig. 14 show the R2 score comparison between the 
ISMs being only trained on the H-Shape model compared to being 
trained on data from each BEM model at once. Expectedly, the overall 
prediction performance decreases for practically all parameters. Per
formance decreases are more significant on parameters that previously 
observed more varied prediction performance in Figs. 12 and 13 (i.e. 
Roof Insulation Conductivity, Lighting Energy Power Density and 
Equipment Energy Power Density).

While weaker, the ISMs still retain the ability to make adequate and 
sometimes strong predictions for several parameters. Like the results 
provided in Figs. 12 and 13, the Infiltration Flow Rate, Maximum 
Heating Flow Rate and Glass Conductivity remain suitable for the ISMs 
to predict. As only 2000 samples of each BEM model were used for 
training with all BEM models at once (compared to a full 5000 when 
trained individually), expanding the training dataset to include more 
samples of each model may demonstrate a performance benefit. 

4 Conclusions

This study examined the generalizability of ISMs in their ability to 
predict BEM parameters from typical BEM output data. Each of the three 
BEM models from which training data was generated had scalable ge
ometry requiring the ISMs to be able to decipher parameter values 
regardless of the exact shape of the building. BEM output data to be fed 
into the ISM was structured as a collection of time series data in the form 
of decay curves. Overall, the CNN preformed the strongest with the RNN 
and Transformer typically performing weaker. The ANN, while a 

suitable benchmark, struggled to make out the influence of different 
parameters and therefore its performance was more limited to only 
being able to predict the values accurately for a small number of pa
rameters. This was easily observed with CNN, RNN, Transformer and 
ANN having average parameter prediction R2 values of 83 %, 72 %, 81 
% and 37 % respectively when trained on data from the H-Shape model. 
Additionally we examined the prediction performance of the ISMs when 
trained on a mixture of decay and rising curves, as well as various lo
cations. It was found that the ISMs typically performed more strongly 
with a combination of decay and rising curves, however, this may be in 
large part due to the increase in the number of time series provided. 
Testing with variable locations, as well as training the ISMs on all BEM 
models at once, demonstrated a reduction in performance, but pre
dictions with several parameters were still satisfactory for the CNN, RNN 
and Transformer.

In terms of future work, exploring modifications to hyperparameters 
and the ML model construction for each of the ISMs would potentially 
prove insightful. While an ideal hyperparameter and model construction 
combination for one BEM model may not be ideal for another, an ex
amination of this in some form would be beneficial for comparisons 
between ISMs as well as demonstrate their resilience to further changes. 
Additional further examination into the predictability of lesser pre
dictable parameters would provide insight into what caused the pre
diction performance on them to notably fluctuate between BEM models 
in this study. Lastly, surrogate models have shown extensive use in the 
domain of building performance optimization [11]. It may additionally 
prove meaningful to examine the performance of the DL ISMs in com
parison to applying an optimization strategy that incorporates SM 
whereby it tries to match BEM output data with an optimized set of 
inputs. Doing so, would demonstrate the potential benefits and con
straints of either approach.

Overall, ISMs have been shown to provide a promising means of 
placing accurate predictions on BEM parameters even when the building 
geometry is varied. The prediction accuracy can vary considerably 
depending on the ISM model used in addition to the parameter being 
predicted. Prediction accuracy decreased when the ISMs were trained on 
data from multiple locations or on each core building geometry at once, 
however it still remained sufficient for several parameters.

Fig. 14. H-Shape, All Buildings − R2 scores.
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