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Abstract

Surrogate models are machine learning models that
are trained using detailed simulation input and out-
put data and can practically provide instant results.
They use a forward implementation strategy and nor-
mally do not use building simulation outputs to iden-
tify inputs. This paper introduces inverse surrogate
modeling of a building by using a convolutional neural
network that uses temperature data to estimate the
building characteristics, such as the wall insulation
conductivity and infiltration flow rate. The training
data resembles thousands of 10-minute interval tem-
perature time series along with their respective build-
ing parameters. The first proof of principle uses syn-
thetic data from a building energy model to train and
test the neural network. This will later predict actual
building parameters using real temperature data from
an existing building. Findings demonstrate that com-
bining temperature data with a convolutional neu-
ral network could serve as a cost-effective method of
building parameter identification.

Introduction

Many cities in the Canadian province of British
Columbia contain a significant number of homes built
close to or over half a century ago. The 2016 Cana-
dian census states that based on a sample of 25% of
occupied private dwellings province-wide, over 43%
of homes were built prior to 1981 and over 14% were
built prior to 1961 (Statistics Canada (2016)). This
number is greater for older cities, such as the city
of Victoria which has percentages of 56% and 24%
for homes built prior to 1981 and 1961 respectively.
Due to the age of these homes, information regard-
ing their parameters (e.g., wall insulation U-value,
electric equipment energy) may not be recorded and
therefore not readily available for the current owner
or potential buyer. Furthermore, some parameters,
such as the infiltration flow rate, require tests that
are expensive or are intrusive for building occupants
(Edwards et al. (2017)). Lack of knowledge on key pa-
rameters makes it difficult to prioritize retrofit mea-

sures and estimate their benefits.
Buildings are a significant contributor to climate
change with a contribution of one-third of global
GHG emissions (Bamdad et al. (2021)). A signifi-
cant portion of these emissions is related to meeting
the operational energy demand composed of heating,
cooling and electricity use. Effective retrofit strate-
gies do exist, however, that can substantially influ-
ence the required energy demand. Due to variability
in home construction, climate and deterioration, con-
sideration should be applied to determine whether
retrofit strategies are an effective means of reducing
emissions and providing long-term cost savings. Not
applying sufficient consideration may result in some
unfortunate scenarios, where completed retrofits pro-
duce little benefit and the required extent of retrofits
needed may be too uneconomical to justify (Urge-
Vorsatz et al. (2013)). Even if some retrofit strategies
are not viable, homes may have sizeable energy usage
in other areas, including high equipment and lighting
energy usage. Determining whether or not perform-
ing retrofits are suitable or if other options should be
taken can be challenging, especially if information is
unknown.
One approach to determine a building’s parameter
information would be to use a building energy sim-
ulation model to replicate the building energy per-
formance. However, modifying parameter values and
producing multiple simulation runs to match the en-
ergy performance to that of the actual building has
two immediate issues. Firstly, there is the case where
the energy performance is matched by multiple differ-
ent sets of parameter values. This would suggest that
some parameters should be found via other means to
remove or at least reduce this occurrence. Using out-
puts of a different form may also help alleviate this
issue (e.g., using a time series of energy usage instead
of a single aggregate value). Secondly, completing
multiple building simulation model runs is computa-
tionally intensive and requires significant time. For
this point, a potential alternative would be the use of
a Surrogate Model (SM).
A SM is a machine learning model designed to repli-



cate the output(s) produced from a high-fidelity
model (Westermann and Evins (2019)). For a build-
ing energy simulation model, the SM is trained on
the model’s inputs and outputs, such that the model
can accurately predict outputs from unseen inputs.
For synthetic data, the process often involves the de-
velopment of a building simulation model to produce
extensive training data. While the development of a
building simulation model for the purposes of training
a SM may seem to make use of the SM nonsensical,
ideally a trained SM can be applied to other project-
s/geometries as well. Research has shown that when
developed effectively, a SM can be deployed to achieve
strong prediction performance where multiple build-
ing designs are trained for and the location is held
constant (Lawrence et al. (2021)).
For buildings, SMs have several different uses includ-
ing parameter sensitivity analysis, early design ex-
ploration, and optimization (Westermann and Evins
(2019)). Furthermore, the broad field of surro-
gate modelling is composed of many different types
of machine learning models including linear regres-
sion, Gaussian process and Artificial Neural Network
(ANN) models. In particular, a Convolutional Neural
Network (CNN) is an ANN with the unique imple-
mentation of convolutional kernels. This allows for a
degree of invariance in the model as kernel weights
are reused at each section of input. The usage of con-
volutional kernels allows CNNs to more easily han-
dle potentially extensive time series inputs, such as
building energy usage or temperature recordings, in
comparison to other machine learning models (West-
ermann et al. (2020)). This would thereby suggest it
as a strong candidate as a SM for projects involving
inputs of this scale.
SMs for buildings typically use building specific pa-
rameters as model inputs and energy use or simu-
lated results as outputs. Creating an inverse building
SM would involve a machine learning model that uses
typical building simulation outputs as inputs with the
intention of predicting building parameters. With the
effective ability of CNNs to accurately learn from ex-
tensive time-series inputs, there is a potential to treat
building time series information, such as hourly en-
ergy usage or zone temperature, as an inverse SM in-
put. For existing buildings, time series outputs may
be known from data from recent years or easily col-
lected sensor data. These can be used to determine
unknown building parameters through the use of an
Inverse Surrogate Model (ISM).
This paper presents the development and evaluation
of a building ISM to facilitate the determination of
specific building parameters. The ISM is based on
a deep CNN because of the strong performance of
CNNs with time series inputs. Trained on multi-zone
building temperature data, this CNN ISM attempts
to identify building parameters that may influence the
temperature of different rooms over time. This study

currently only examines the effectiveness of the model
on synthetic data, however it is intended to eventu-
ally extend the research to include real data. This
would resemble the model being training on temper-
ature outputs from a building simulation model de-
signed on a real structure and will then predict the
actual building parameters of the same structure us-
ing sensor data.
This paper is organized as follows: Section 2 describes
the main elements of the overarching methodology to
formulate trained inverse building surrogate models.
Section 3 describes and discusses the findings and ad-
justments made to the methods in analyzing results.
Section 4 discuss the planned future work of incorpo-
rating real data. Section 5 concludes the paper.

Methodology

The process demonstrating the overall workflow is
shown in Figure 1. The two most significant portions
of this process was the development of the synthetic
data generation and ISM. Data pre-processing is ap-
plied to the data prior to training to improve per-
formance. Various error metrics are used to evaluate
synthetic data, however they will be omitted from
eventual real data evaluation due to the lack of refer-
ence data.

Figure 1: Inverse surrogate model formulation work-
flow to predict building parameter inputs.

For predicting synthetic data, the process can almost
be considered circular, as varied parameter inputs are
initially fed into the building simulation model and
the final output of the ISM are predictions of the
original inputs.



Synthetic Data Generation

In order for the trained ISM to be best suited for han-
dling real data, the building simulation model was de-
signed to reflect a specific existing residential building
in Victoria, British Columbia. The building simula-
tion software EnergyPlus was used for the simulation
modeling. Within the simulation model, each of the
14 rooms of the home are treated as separate thermal
zones from which temperature values are produced.
Out of these rooms, 7 are present on the first floor,
5 on the second floor and 1 each for the basement
and attic. Some of these rooms include hall and en-
try ways. For the privacy of the building owner and
occupants, an exact floor plan and room layout have
been omitted here. As some rooms are not fully sep-
arated from others (e.g. lack of a door), full interior
partitions/walls are placed in the software to separate
them.
In regards to HVAC, the EnergyPlus Ideal Air Loads
HVAC system object was used in place of modelling
mechanical systems. This object is typically used
when the designer wishes to omit the implementation
of a complicated HVAC system in the model while
still wanting to examine building performance. The
object resembles an ideal HVAC system that applies
or removes heat and moisture at 100% efficiency to
provide a supply air stream (USDOE (2022)). The
unit is not connected to a central air system, rather
each system object supplies air to a zone in necessary
quantities to heat or cool in order to reach specified
setpoints.
To produce training data for the ISM, various param-
eters were varied for each simulation run, see Table
1. The parameters and ranges were chosen based on
previous research (Westermann et al. (2020)), their
importance for a home retrofit and potential variabil-
ity among households. As the considered building is
an old construction (built in 1930s), values for many
of the actual parameters are unknown. Engineer-
ing judgement was applied to develop assumptions
on the properties of the constructions, however the
extent of these assumptions is a likely contributor to
a poor representation of the actual building. Ran-
domized parameter value selection was conducted by
using Latin Hypercube Sampling (LHS), which is a
strong and widely used random sampling method be-
cause of its ability to greatly lower variance amongst
different applications (Shields and Zhang (2015)).

Notably, both the Zone Ventilation Flow Rate and
Zone Infiltration Flow Rate refer to the airflow in and
out of the home. EnergyPlus also provides methods
of transferring airflow around the home via mixing
objects or its AirflowNetwork model, however these
methods were not included in the model due to added
complexity and how flow amounts would very signifi-
cantly between different zones in the actual home be-
cause of opening sizes. Whereas the Zone Ventilation
Flow Rate is defined as the purposeful flow of outside

Table 1: List of the varied building parameters for
ISM training.

air to a thermal zone to provide cooling, the Zone
Infiltration Flow Rate is the airflow into the zone
through unintended openings, such as cracks around
windows (USDOE (2022)). A significant difference
between the two is that, for the Zone Infiltration Flow
Rate, the flow per exterior surface area is what is
specifically varied whereas the flow rate per person
is varied for the Zone Ventilation Flow Rate. Calcu-
lations do not take into account location of envelope
leakage. Furthermore, EnergyPlus does provide the
option to use various formulas/models for airflow for
both parameters, which would include the influence
of additional factors, such as wind speed. However,
for simplicity and the unknowns of the building itself,
these have been omitted
It is also noteworthy that, for some of the material pa-
rameters, conductivity or thickness were selected in-
stead of U-value, so that the variation could be more
easily implemented into the simulation model. How-
ever, the variation in U-value can still be obtained if
need be.
In total 4000 simulation runs were completed, taking
roughly a minute for each. Temperature values for
each of the 14 zones were extracted with a Python
script and organized in a CSV file resulting in 4000
separate data files. Temperature values are recorded
in 10-minute intervals for a year which resulted in a
total of 52560 values for each zone. Additionally in-
cluded in the files was a column of binary values for
which values of 1 indicated that heating was present
and 0 indicating otherwise. For the purposes of train-
ing, this additional column is treated as another zone
making the total 15 zones.
As each data file constitutes one simulation run, the
decision to use only 4000 simulations was based on
the sheer size of each file (15x52560 values). Out of
the total 4000 files, the training, validation and test-
ing sets were composed of 2560, 640 and 800 files re-
spectively. The determination of these quantities was
done by using a train-test split of 0.2 and a train-
validation split of 0.2 as well. While the CNN may
perform stronger with a larger amount of simulation
data to train on, lowering the amount of data saves
time and computation effort as less simulation runs
are completed, and less data is used for ISM training.



While 52560 values were produced to encompass the
entire year, training and testing occurred on 30-day
intervals to determine if different time periods were
impactful for results, hence only a portion of each
file was used. The months chosen were March, June,
September and December. The decision of choosing
which months to use was based on the distance apart
from each other and the time frame of the prelimi-
nary sensor data gathering to be eventually used for
parameter prediction of the real structure.

Data Pre-processing

Prior to training the SM, pre-processing was ap-
plied to the data. This involved standardizing the
dataset to resemble standard normally distributed
data. Standardization re-scales the feature values
into a more suitable range, such that the influ-
ence of differences between the values of data is
less significant (P.Angelov and Gu (2019)). For this
study Scikit-Learn’s StandardScaler (Pedregosa et al.
(2011)) functions were used to compute preprocessing
for both the training and testing data. This involved
centering the data by removing the mean value from
each feature and scaling such that mean and variance
values of 0 and 1 are achieved. To conduct the prepro-
cessing it was required to load the entire data sets in
memory. For the outputs (varied parameter values),
these were simply loaded in as a single CSV file. For
the inputs however, as these spanned multiple data
files (one for each parameter variation) composed of
multiple time series, the process involved loading each
file and then modifying the two-dimensional matrix
into a one-dimensional array as shown in Figure 2.

Figure 2: Pre-processing methodology for ISM input
data where multiple files are loaded into memory as
one.

It should be noted that the mean and standard de-
viation used for centering and scaling are calculated
only from the samples in the training (and valida-
tion) set. The same mean and standard deviation
values are then used on standardizing the testing set.
Including the non-standardized testing set in the cal-
culation of the mean and standard deviation is a form
of data leakage and is a common mistake in machine
learning, which can lead to false optimistic results.

Convolutional Neural Network Structure

The CNN structure is heavily based on the ResNet
model architecture deployed by Westermann et al.
(2020). The reader is referred to their research for
a comprehensive breakdown of the various design de-
cisions and underlying model features. The overview
of the model structure is presented in Figure 3.

Figure 3: Convolutional neural network structure
where straight arrows indicate a direct connection
to subsequent blocks and curved arrows for residual
shortcuts.

Each of the three blocks is composed of a one-
dimensional convolutional, batch normalization and
activation layer. The activation layer computes a
Rectified Linear Unit (ReLU) activation. A residual
shortcut is also included, thereby connecting the last
layer of the previous block with the following block,
in an effort remove the occurrence of the vanishing
gradient. The main difference between the model de-
veloped by Westermann et al. (2020) is the removal
of the inclusion of additional features after the final



dense layer. In their research, the ANN is contin-
ued with a concatenation of additional features to the
dense layer which is followed by an additional dense
layer and eventual output. This is unnecessary for
this project as no features are trained for outside of
the multiple inputted time series.

Error Metrics

The purpose of error metrics is to determine the ef-
fectiveness of the CNN in being able to predict pa-
rameters. After being trained, the ISM will predict
building parameter values from the temperature time
series data for each simulation run. The error metrics
themselves are equations whose values serve as indi-
cators of performance. The equations accept both
the predicted building parameter values and actual
as inputs. Assuming the building energy model is
an accurate representation of the actual building, pa-
rameters that the ISM can predict with high accuracy
with synthetic data would ideally achieve higher pre-
diction accuracy than those with poorer performance
when real data is used.
Various error metrics were used in this study. These
match some of the metrics previously used by Wester-
mann et al. (2020). The metrics consisted of the Co-
efficient of Determination (R2), Mean Absolute Per-
centage Error (MAPE) and the Root Mean Squared
Percentage Error (RMSPE), which are defined below:

R2(y, ẏ) = 1−
∑n

i=1(yi − ẏi)
2∑n

i=1(yi − ȳi)2
(1)

MAPE(y, ẏ) = 100(
1

n

n∑
i=1

|yi − ẏi|
yi

) (2)

RMSPE(y, ẏ) = 100

√√√√ 1

n

n∑
i=1

(
yi − ẏi

yi
)2 (3)

Here, y is defined as the vector of actual values, ẏi is
the vector of predicted values and ȳ is the mean of ac-
tual values. Actual values refer to recorded measure-
ments of indoor air temperature. Combining these
error metrics yields promising insights into the model
performance. In their literature review, Østerg̊ard
et al. (2018) showed how R2 values are often pre-
sented for a variety of different building SMs and al-
low an easy comparison between them despite the
diversity of the problems. Therefore, it can be con-
sidered a metric of high importance as higher values
indicate the closeness of fit and overall performance.
The other errors are relative metrics where the RM-
SPE is more drastically affected by small, large errors
than MAPE (Westermann et al. (2020)).

Zone Quantity Impact

Preliminary sensor data was conducted to eventually
be used to predict the home’s parameters. Unfortu-
nately, the data gathering encountered an issue where

some sensors’ batteries were depleted faster than an-
ticipated resulting in severe data gaps for many of the
sensors. Time periods still remained where a few sen-
sors were able to provide a sufficient amount of data.
To anticipate the required reduction in the number
of zones it was insightful to examine the impact of
training the model for a smaller number of thermal
zones. These zones included two on the first floor,
one on the second and the attic. The binary heating
column was also removed to investigate performance
without it; therefore only 4 zones were used.

Results and Discussion

Training was originally completed with 100 epochs,
which took roughly 3 minutes for each, while using a
default Batch Size of 32. Early stopping was also in-
cluded to prevent overfitting. Early results suggested
that training for 1 parameter output typically yielded
better results than training for all parameters at once
(Table 2). Exceptions do remain (such as the R2 for
Zone Infiltration Flow Rate), but error metric scores
more often tended to show a notable decrease when
trained for 1 parameter instead of all.

Table 2: R2 error metric results for training on all
parameters at once and individually for the month of
December.

Further investigation should be conducted by vary-
ing the number of epochs and batch size to examine
the significance of the differences. Due to these per-
ceived difference in errors, 4 parameters (highlighted
in Table 2) were examined for the rest of the project
while the others remained varied but not trained for,
thereby creating noise to an extent. The choice of
these 4 parameters was to capture those with the
highest potential performance in terms of error met-
rics and one with poorer prediction accuracy.



Results on Synthetic Data

One disadvantage of switching from training on all
outputs at once to only one is that it involves the cre-
ation of multiple ISMs (one for each time period and
parameter). This slows down training significantly as
each ISM requires its own training to be completed.
To account for this disadvantage, the 4 parameters
were trained at once instead of separately. The num-
ber of epochs was also increased from 100 to 150, with
early stopping still enabled.
While the initial results in Table 2 do not seem quite
promising, the overall analysis identifies the sensitivi-
ties of individual parameters on temperature. Hence-
forth, the ISM can easily identify highly influential
parameters (such as Wall Insulation Conductivity)
compared to those that only make minor adjustments
in temperature. This is perhaps unsurprising, as ther-
mal insulation and infiltration are expected to be
a significant influence on energy demand (Zhiqiang
John Zhai (2019)), hence it can be expected that
variations among values can cause larger tempera-
ture fluctuations (i.e., more energy would be needed
to provide a comfortable temperature which is most
impacted by these parameters). This would thereby
imply that the method may be best suited for deter-
mining envelope characteristics. Results for the ISMs
for each of the 4 parameters and their respective time
periods are shown in Table 3.

Table 3 indicates strong performance for ISMs to
determine exact building parameter values. Both
the insulation conductivities and infiltration flow rate
showed high performance overall with the R2 fre-
quently above 95%. Even when trained individually,
Electric Equipment Energy (a previous poor perform-
ing parameter), still displayed disappointing perfor-
mance. It should not be understated though that the
ISMs are still able to provide a somewhat accurate,
though not ideal, estimate for it. This would suggest
that an ISM, depending on the user’s requirements,
may still be adequate in providing at least an idea of
where the building parameter value lies.
An interesting observation can be made that the R2

values in Table 3 tend to be slightly lower than those
in Table 2. While this difference is minimal, it re-
mains surprising. A possible explanation is that while
the train and test sets were taken from the same pool
of data, the distribution of the data into the two sets
was different (i.e. some data used for training with
15 parameters were used for testing in the case of
4 parameters). This may suggest that the training
set used when training for 15 parameters was better
suited than the set with 4 parameters. Larger data
sets will be explored in the future to determine if
improvements can occur. Furthermore, the improve-
ment of reducing the number of parameters may not
be seen, as the discrepancy between the R2 values for
the Electric Equipment Energy parameter suggests
that overfitting might be occurring. As early stop-

ping is being applied, a possibility exists that train-
ing is being ended too early in an attempt to limit
the overfitting of this parameter, while the other pa-
rameters still require longer training periods.
Lastly, it is worth mentioning the performance of the
North Axis parameter shown in Table 2. One con-
cern of applying the error metrics to this parameter
is that the values are in degrees of a circle (e.g., 0-
360◦). Therefore, as an example, while values of 5◦

and 355◦ may not actually be significantly far apart,
the error metric calculates the difference as being 350◦

thereby producing significant error. Future work will
explore better methods of performance evaluation for
this parameter.

Comparison between 4 and 15 zones

The comparison of results between ISMs trained on
15 zones and those trained on 4 zones are shown in
Table 4.

Unsurprisingly, the ISMs perform worse when only
trained on 4 sets of temperature data instead of
15. Differences are mostly minimal for the R2 val-
ues for the insulation conductivities, however a large
rise in both the RMSPE and MAPE values are no-
table. Additionally, the Zone Infiltration Flow Rate
performs significantly worse overall with the R2 go-
ing below 90%. Interestingly, the Electric Equipment
Energy parameter achieves a slightly higher perfor-
mance with reduced zones, however the R2 is still
much poorer in comparison to the other parameters.
The reduction in zones would appear to remove key
informative locations, thereby reducing the ability of
the model to train effectively. This is especially no-
table for the Roof Insulation Conductivity parameter
as zones on the main floor of the building (not di-
rectly touching the roof) are much less influenced by
the conductivity of the roof insulation. One of the
remaining 4 zones is the attic, hence the ISM perfor-
mance is still solid as it is heavily influenced by the
parameter, however this still demonstrates that cau-
tion needs to be applied when selecting a subset of
zones to train on.

Future Work

Future work largely pertains to eventually being able
to perform predictions with real data. Significant im-
provements can still be made to the current build-
ing simulation model. While EnergyPlus has short-
comings when replicating real building energy sim-
ulation performance, an inadequate representation is
often much more a result of poor input data (Edwards
et al. (2017)). For this reason, it is imperative that
the building simulation model is designed to mimic
the current home as accurately as possible. In our
case, inaccuracies can be largely attributed both to
the model inputs that were not varied (such as set-
points) and additional input (e.g., the weather file).
Temperature setpoints should be adjusted such that



Table 3: Error metric results for the synthetic data train and test sets. Colouring is applied separately for each
error metric. An upper bound of 30% was only used for colouring and both RMSPE and MAPE can go higher.

Table 4: Comparison between results of the previous
15 zone ISMs and 4 zone ISMs.

the minimum and maximum zone temperatures are
an accurate reflection of those currently in the home.
Furthermore, the weather file currently used for simu-
lations does not contain the exact weather features of
the time period when real data was recorded. Lastly,
as mentioned previously, larger train and test sets will
be explored as well as better methods of evaluation
for the North Axis parameter
While future work is promising, it still unfortunately
remains difficult for the ISM to estimate the exact
values of the home’s inner components. Additionally,
as the exact parameter values are unknown, a com-
parison to the actual cannot be made to what was
predicted. However being able to predict in expected
bounds of the parameters (i.e. those in Table 1) could
still suggest the method is an effective method of pa-
rameter prediction.

Conclusions

This paper presents the development and use of a
Inverse Surrogate Model designed to accept building
temperature time series data as input and accurately
predict building parameter values. ISMs could serve
as a cost effective alternative method of building pa-

rameter identification. This would assist home own-
ers with relevant information to help determine if a
retrofit is justifiable. When trained and tested on
synthetic data, the model showed high performance
with the insulation conductivity parameters and in-
filtration flow rate. Due to limitations when trying
to collect real data with physical sensors, the model
was retrained with only 4 zones worth of data. This
produced similar results, however there was a notable
decrease in performance among the conductivity and
infiltration flow rate parameters.
Predicting with real sensor data was not completed at
this stage of the project. As the results of some of the
ISMs on synthetic data are promising however, future
work is planned with a focus of achieving strong per-
formance on real data. This will include creating a
more appropriate weather file and performing slight
model adjustments and editing temperature setpoints
for each individual zone/room to ensure that the tem-
peratures reach a more correct default.
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