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Abstract

Energy studies of buildings are becoming more widespread as stakeholders strive to improve energy efficiency and reduce
carbon emissions. As a result, there is an increased need for novel numerical techniques to automatically calibrate building
energy models (BEMs) for these energy studies. In this paper, a new automated building calibration methodology was
developed, which uses a surrogate (i.e., meta) multilayer perceptron artificial neural network (ANN) to infer unknown building
parameters. Typically, in the field of BEM calibration, surrogate models are used as a time-saving technique. Instead of
running the building simulation software during each iteration of an optimization search, a surrogate model can approximate
the output of the BEM very quickly, leading to much faster optimization of the unknown building parameters. However, we
show that, once trained, the surrogate model itself can be used to find the unknown building parameters. Since the surrogate
model is differentiable, gradient descent can be used to find the building parameters that minimize the error between true
and predicted metered energy consumption. Previous surrogate modeling approaches for calibrating BEMs map only the
unknown building parameters to the BEM’s output. As a result, they are blind to the effects of other crucial variables like
weather and the building’s schedules. On the other hand, our surrogate ANN model accounts for these other predictors of
energy consumption. With this advantage, our method was able to outperform a powerful black box optimizer when finding
14 unknown building parameter values in a controlled case study with hourly energy data. In a real metered data case study,
our ANN method and the black box optimizer performed similarly on average, but our method had less variance in
performance across trials.
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1 Introduction

Around 18 % of global carbon emissions originated from residential, commercial, and institutional buildings in 2019 [1].
Therefore, an effective carbon reduction strategy for institutions, cities, and building owners is to improve the energy
efficiency of their buildings. However, deciding what aspects of an existing building should be improved requires extensive
and detailed studies. Building energy modeling can suggest how the energy consumption and carbon emissions of a building
will change in response to retrofits, the addition of renewable energy sources, or other initiatives. Building energy modeling
is also very useful for continuous commissioning, where the ongoing performance of a building is assessed to ensure that it
is working properly and efficiently. However, the degree of confidence in the results from modeling largely depends on the
level of calibration of the building energy model (BEM). With a well-calibrated BEM, we can expect that it accurately
represents the building we are modeling. Consequently, the energy consumption given by the BEM closely matches the
building’s actual energy consumption, allowing us to better assess the impact of retrofits, for example.

Calibrating a BEM is a difficult task primarily due to the complexity of modern buildings, resulting in a large number of
independent and interdependent attributes affecting energy performance. BEMs therefore need to be either complex with
large number of parameters, leading to the curse of dimensionality [2], or be reduced to a simpler but less accurate
representation. Furthermore, there is a lack of measured data from which to estimate the unknown building parameters. In
general, building energy models are overparametrized (too many parameters) and undetermined (not enough validation
points to infer the parameters). Finally, there is no unique calibration solution, leading to the additional challenge of
equifinality (3], [4].

Increasingly, to find a calibration solution, the vast building parameter space is searched using black box optimization
techniques (e.g., genetic algorithms), which create a map between the unknown building parameters and the aggregated
error between the BEM’s output and the metered data. These black box approaches are often blind to how external and
internal variables—like the weather and the building’s schedules—directly map to the BEM’s energy consumption. During
each hour of the year, the weather and building’s occupancy, controls, and electricity schedule at that hour (and previous
hours) have interactive effects with the unknown building parameters. For example, late at night when the sun is long set,
the solar heat gain coefficient of the windows (SHGC) has zero to very little impact on the energy consumption, while during
the day, the brighter the sun, the more impact the SHGC has on the energy consumption. Since black box optimizers are often
blind to this interaction, they have less data from which to infer the unknown building parameters, leading to poorer results.
To include weather and building schedules as inputs, the measured data used for calibration must be on an hourly or sub-
hourly time scale. This paper explores a new calibration methodology based on hourly measured data, which uses an ANN
surrogate model that takes as input both the unknown building parameters and external and internal variables like the
weather and the building’s schedules. Including this larger breadth of inputs results in faster and more robust calibration.

1.1  Building Energy Models

There are two types of building energy models (BEMs): physics-based and data-driven. Physics-based (i.e., forward) models
use physical laws (e.g., heat transfer), along with the building’s known physical properties, to predict its behaviour (e.g.,
energy consumption). Data-driven (i.e., inverse) models work in the other direction, by using data about the building’s
behaviour to infer its physical properties [5].

Physics-based models are more appropriate for assessing the impacts of retrofits and other energy efficiency or production
initiatives since physics-based models (as opposed to data-driven models) can be altered to apply these retrofits. The user
can then have an idea of how the building’s energy consumption will change from these retrofits. It is therefore very
important that the building model be accurate, i.e., calibrated. Such models can be calibrated using historical data about the
building’s behaviour, such as the metered energy consumption or the temperature in one of the building’s rooms. The model
is first created by fixing the known or safely assumed building parameters, and then the remaining, unknown building
parameters of the model are adjusted until the model’s behavior aligns most closely with the historical behavior of the real
building.

Having a building model with accurate (i.e., calibrated) parameters allows us to simulate potential upgrades to the real
building. For example, we can upgrade the windows in our model to quickly obtain a prediction of how the building’s energy
consumption would be reduced in the real world.



A physical building energy model generally has the following parameters:
e the building shape and dimensions;
e window size, placement, and properties;
e  materials and dimensions for the floors, walls, and roof;
e heating and cooling systems, including service hot water;
e equipment and lighting;
e occupant type, density, and schedule; and
e controls, such as schedules and values for setpoint temperatures and service hot water usage.

While some of these parameter values may be known or easy to estimate, other values may be unknown and difficult to
obtain, even with access to detailed information about the building. It is these unknown values that must be determined
while calibrating the BEM.

1.2  Building Energy Model Calibration

A building energy model (be it single or multiple/urban) is said to be sufficiently calibrated if the error between the historical
metered output of the actual building(s) and the simulated output of the model is below a certain threshold [6]. The error is
measured at regular intervals (e.g., hourly, monthly) and aggregated over a certain time period (generally a year); building
energy simulation software such as EnergyPlus or TRNSYS (TRaNsient SYstem Simulation tool) are typically used to generate
the outputs of the model. Table 1 summarizes some of the commonly used thresholds defined by various organizations.

Table 1 : Calibration criteria thresholds for building calibration from various organizations.

Calibration Criteria ASHRAE Guideline 14 [6] FEMP [7] IPMVP [8]
Monthly CVRMSE 15% 15% -

Hourly CVRMSE 30% 30% 20%
Monthly NMBE 5% 5% -

Hourly NMBE +10 % +10% 5%

One commonly used error is the coefficient of variation of root mean squared error (CVRMSE), which unlike the normalized
mean bias error (NMBE), does not suffer from the cancelling of positive and negative bias. Equation (1) and (2) below show
the formula for calculating the CVRMSE and NMBE:
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where m; is the measured value, s; is the simulated value, n is the number of measured values, and p is suggested to be
equal to 1[9]. The closer the values of the building parameters in our simulation model are to the actual building parameters
(e.g., wall conductance), the lower the NMBE and CVRMSE will be. In industry, the model is typically manually calibrated by
a building energy modeler, which can be time-consuming, expensive, and prone to the modeler’s biases. It is also heavily
reliant on the modeler’s expertise, so the accuracy of the calibration is often uncertain [10]. Therefore, numerical
optimization techniques are increasingly being used, which attempt to minimize error functions like the CVRMSE by searching
the building model’s parameter space. The accuracy of the parameters returned by the optimizer depends not only the final
CVRMSE error, but also on the quality of the data that was used to perform the optimization. For example, if the metered
energy or weather data is inaccurate, the results of the optimization may be poor.

It is difficult and time-consuming to create accurate, calibrated physics-based building models. The major hurdle is that the
models are over-parametrized and under-determined. There are usually many parameters of the building model that need to
be estimated, but relatively few data points that can be used to estimate them. A potential simple fix for these problems is
to simplify the BEM by reducing the number of building parameters, but this simplification will almost always increase the
calibration error. Managing the trade-off between the complexity of a model and the ability to calibrate all of its parameters
can be challenging.



1.3  Surrogate Modeling in BEM Calibration

Since physics-based BEMs are generally required to be quite complex to mimic actual building behavior, calibrating a set of
unknown building parameters requires searching through a very large, multi-dimensional space. Due to this curse of
dimensionality, it may take thousands or even millions of BEM simulations for naive optimization methods to find an
acceptable solution [11], [12], [13]. Running a BEM simulation in building performance software like EnergyPlus or TRNSYS
can take minutes to even hours if computational fluid dynamics (CFD) calculations are involved, leading to calibration routines
that can take many days to even weeks. There are three main ways to address these enormous computational requirements
[14]:
(1) Supercomputing,

(2) Cloud computing, and
(3) Surrogate or metamodeling.

Supercomputing is expensive and not easily accessible to building energy researchers or practitioners; cloud computing is a
cheaper alternative and is increasingly being offered by building performance software; however, executing tens of thousands
of simulations can still take days to weeks on the cloud [15], [16]. Surrogate modeling can be implemented locally, on the
cloud, or on supercomputers to shorten the computation time of each iteration of an optimization search. Surrogate models
(also known as metamodels or emulators) are essentially “a model of model” and are used to approximate a complex function
that maps input data to output data, such as a building simulator. Surrogate models are helpful when the underlying function
is computationally expensive, or otherwise difficult to run. In BEM calibration, instead of having to execute the
computationally expensive building simulation software during each iteration of an optimization search, the trained surrogate
model can be fed the unknown parameter values and its output can be quickly retrieved. Another advantage is that one can
select a differentiable model as the surrogate, which allows gradient-based optimization methods (e.g., gradient descent) to
be directly applied.

The construction of a surrogate model starts by collecting training data. Sample points are collected from the input space,
and we then record how the underlying function (e.g., simulator) maps these inputs to output data. Next, the surrogate
model is trained in a supervised fashion to approximate the function’s behavior, through optimization of the model
parameters to reduce error over the training set. Techniques for selecting the appropriate surrogate model for a given
application is an area of ongoing research.

14 Automated BEM Calibration in the Literature

As an alternative to manual calibration, which is time-consuming, sometimes ineffective, and prone to biases, automated
calibration methods have been developed that use optimization techniques to find the values of unknown building
parameters. Various calibration techniques that are used in automated BEM calibration are listed in Table 2.

Table 2: Techniques used in automated building calibration in the literature.
Techniques used in calibration Type of BEM created

Optimization search algorithms vary the building parameters in a physical model to minimize a function Physics-based
describing the level of calibration of a building (e.g. NMBE, CVRMSE) [17], [18]; evolutionary algorithms,

specifically genetic and particle swarm optimization algorithms, are among the most popular types [19].

Sensitivity analysis (SA) determines the importance of building parameters on energy consumption through Physics-based
multiple building energy simulations, and parameters with little effect (sensitivity) are ignored [20].

Bayesian inference modeling quantifies the uncertainty of the calibrated parameters by generating a probability Physics-based or
distribution over parameter values as opposed to a single estimate [21], [22], [23], [24], [25], [26]. Data-driven

Data disaggregation infers the different individual loads in a building through an aggregate energy signal, Data-driven
originating from a whole-home power monitor for example [27].
Surrogate modeling (i.e., metamodeling) reduces the computational expense of each iteration in an Data-driven

optimization search by running a statistical approximation of the physical model instead of running the model
itself [14], [21], [26], [28], [29], [30].

In the literature, optimization search algorithms work by iteratively running the physics-based BEM with different sets of
unknown building parameter values, in order to minimize the error between simulated and metered data [17], [18], [25].
The optimizer iteratively searches the building parameter space until an error threshold is reached, the error is no longer
decreasing, or a certain number of simulations have elapsed. The main advantage of this method over surrogate modeling is
that there is no additional error introduced in the calculation of the objective function since the output of the BEM itself is
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used rather than the surrogate. Yet, surrogate models or metamodels are increasingly being used as they greatly reduce the
computational expense of calibrating BEMs, and they can approximate BEMs with increasing accuracy.

There are many different types of surrogate models that can be used to approximate a complex function such as the output
of a building simulation software. Nagpal et al. [28] developed 27 different surrogate models, either random forests or
multilayer perceptron neural networks, to see how well they could estimate the outputs of three different detailed physics-
based BEMs—an academic building, a laboratory, and a residence, all on the MIT campus. The random forests were more
accurate when there were many unknown building parameters (~28), while the neural networks performed better when
there were fewer (~12). The selected surrogate models reduced the simulation time of each iteration of an optimization
search from around 30 second to around 0.06 seconds; however, the monthly CVRMSEs for heating and cooling ranged from
6 to 62 % between the case studies, meaning that, overall, the BEMs remained uncalibrated (since the monthly CVRMSE is
well above the accepted threshold of 15 %—see Table 1).

@stergard, Jensen, and Maagaard [14] compared a few more different types of surrogate models, namely multiple linear
regressions, support vector regressions, multivariate adaptive regression splines (MARS), random forests, Gaussian processes
(GP), and artificial neural networks. In one of their tests, they determined how well the different surrogate models could
predict the yearly aggregated energy consumption of a generic office building with 14 unknown building parameters, modeled
in the BSim software. The GP model performed the best on average across training dataset sizes of 82 to 8192 simulations,
followed by ANNs and MARS; however, when the training dataset size was around 2000 simulations and above, the difference
between the GP models and the ANNs was negligible.

One way to incorporate surrogate models in building energy model calibration is to replace the physics-based BEM in the
evaluation of the objective function that is being optimized. For example, Chen et al. [29] developed multiple linear regression
(MLR) and Gaussian process surrogate models that were trained on 50, 100, 200, or 500 EnergyPlus simulations. They then
used their trained surrogate models to calibrate a campus building BEM with 8 unknown parameters using an active-set
optimizer [31]. Only the unknown building parameters were used as inputs to their surrogate models. They achieved a
monthly CVRMSE of 14 % using their GP models, which consistently outperformed their MLR models. The authors found that
50 BEM simulations was sufficient for their calibration procedure, which took around an hour to complete. They showed that
their calibration method took a lot less time than the several hours necessary when using an optimization search with a
genetic algorithm, but they did not report any performance differences.

Another widely used method in BEM calibration with surrogate modeling is incorporating Bayesian inference [11], [21], [22],
[23], [24], [25], [26]. Bayesian modeling/calibration is widely adopted as, unlike deterministic calibration methods like
optimization search algorithms, it provides a measure of confidence about the values of each calibrated building parameter.
Furthermore, since multiple calibration solutions always exist and the unknown building parameters are not uniquely
identifiable, Bayesian calibration offers an opportunity for the modeler to use their judgement in selecting a solution since
the uncertainty is quantified. Bayesian calibration requires a large number of building simulations; therefore, a variety of
surrogate models have been used to reduce the computation time. Lim and Zhai [32] compared the performance of five
surrogate models for Bayesian calibration: multiple linear regressions (MLR), artificial neural networks, support vector
machines, multivariate adaptive regression splines, and Gaussian processes (GP). They found that GP surrogate models were
the most accurate in estimating the true values of 6 unknown parameters and predicting 17 monthly measured energy
consumption of a medium office building. The MLR model was the least accurate, followed by the ANN. However, since the
ANN training time using 100 physics-based BEM simulations was only 1.58 seconds, compared to 1223.29 seconds for the GP
model, we are led to question whether the tested ANN was large enough (the ANN size is not disclosed in the article). Overall,
GP surrogate models have been commonly adopted in the literature, given that they can both accurately approximate the
building simulator’s output and provide a measure of uncertainty [21], [26], [33].

Yuan et al. [26] trained a GP model on 200 EnergyPlus simulations of a seven-story office building energy model. The GP
model only had the 10 unknown building parameters as inputs and had the monthly electricity consumption as the output.
The final monthly calibration level over 24 months was ~8%, well-below the ASHRAE threshold of 15%.

GP models suffer more from the curse of dimensionality than other surrogate models, so if the physics-based BEM is complex
with a lot of unknown parameters, a surrogate ANN is more appropriate. Cant and Evins [30] used a surrogate two-layer
perceptron ANN for their approximate bayesian computation (ABC) calibration study—the number of neurons used is not
disclosed. ABC is used when the probabilistic likelihood function, a required function in Bayesian modeling, is challenging or
impossible to define. The inputs of the ANN only included the 23 unknown building parameters, like in every other study
mentioned, and the outputs were 108 monthly electricity and gas consumptions. The surrogate ANN was trained on 300
EnergyPlus simulations of a fairly complex physics-based BEM following a Latin hypercube sampling distribution. The neural
network simply approximated the BEM, and an external Bayesian inference package called PyMC3 was used to determine
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final probability distributions over building parameter values. The monthly CVRMSE was ~8 % when averaging the three
energy outputs for the maximum a posteriori (MAP) calibration results.

As a final note, parallels can be drawn between building energy model calibration and building design optimization; both
endeavours attempt to find the set of building parameter values that minimize some objective function. There are a few
papers that use surrogate artificial neural networks combined with a genetic algorithm to optimize a building’s design, such
as the cost of retrofit measures [34], annual energy consumption [34], [35], [36], [37], daylighting autonomy [37], or thermal
comfort [34], [36]. In a slightly different approach, Eisenhower et al. [38] built a surrogate model—this time a support vector
model—and employed gradient-based optimization with IPOPT (Interior Point OPTimizer) [39], as opposed to the direct
search used by genetic algorithms. However, in all of these building design optimization studies, the objective function only
considers the ANN output and not a difference between simulated and metered data, which is required for BEM calibration.

1.5 Key Contributions of the Article

In the BEM calibration literature, surrogate models have been used predominately as a time-saving measure by
approximating the output of a physics-based BEM [28], [29], [30]. Since a neural network is differentiable, it is possible to
not only quickly approximate building simulator outputs, but also to infer inputs from known outputs via gradient descent.
To the best of our knowledge, applying this inference method to surrogate ANNs has not been demonstrated in any other
study. However, parameter input inference from known outputs has already been demonstrated in at least two papers using
surrogate GP models [21], [26], but instead of gradient-descent, matrix inversion is employed. We identify a crucial limitation
in this method and many other surrogate BEMs: they fail to include many important external and internal variables that
influence energy consumption, in addition to the fixed parameters of the building. Specifically, weather and building
schedules data are not incorporated into the models. Since these variable features interact strongly with the fixed building
parameters, they greatly affect the energy consumption of a building, and excluding them from a model severely restricts its
predictive power. Our study therefore uses a fairly large surrogate neural network (16384 hidden neurons) that includes a
much larger breadth of relevant building/weather variables to predict the building’s energy consumption. The surrogate
model includes the fixed, unknown building parameters and variables like the hourly weather and building schedules, thereby
resulting in more robust and faster calibration. We tried the exact same surrogate ANN method without these variables, and
we found that the performance was much worse. The fact that hourly measured data is used for calibration allows us to
incorporate these additional inputs; most surrogate model studies calibrate with monthly data, where the hourly weather
and building schedule data cannot be incorporated.

Furthermore, we argue that the CVRMSE or MBE is not a sufficient calibration criterium, as it is blind to the actual physics
unfolding in the building. A low CVRMSE does not necessarily indicate that the building model parameter values are close to
actual building model parameter values; a value for a building parameter that is too high, such as window conductance, may
be partially cancelled out by a value that is too low, such as air infiltration. The novel methodology employs a surrogate neural
network that has learned the impact that the building parameter, weather, and building schedules has on the energy output
of the model, including secondary impacts such as the impact of wind speed on infiltration which is not nearly as present for
window conductance. By learning how all of these variables interact, the neural network can better model the real building
physics. In this way, it can find building parameters that not only achieve low CVRMSE but are also likely to match those of
the real building.

1.6 Baseline for the Surrogate Neural Network Technique

The results from the novel surrogate neural network method, developed in this paper, are compared to a high-performing
black box optimization search algorithm developed by COIN-OR called RBFOpt. COIN-OR, COmputational INfrastructure for
Operations Research, is a project that provides open-source mathematical software, including optimization packages like
RBFOpt. The RBFOpt algorithm is founded on the radial basis function method (hence the name: RBF), originally proposed by
Gutmann in his 2001 paper [40]. The algorithm is a statistical global optimization method, which builds and iteratively
improves a surrogate model of the unknown objective function.

The RBFOpt optimization package was chosen as a comparison for two reasons: (1) It is also founded on surrogate modeling,
thereby providing an apples-to-apples comparison, and (2) most importantly, it has proven to have the fastest and most
robust algorithm for architectural design as demonstrated by Wortmann’s benchmarking study [41]; Wortmann compared
the performance of eight different algorithms across seven simulation-based problems relating to structural, energy, and
daylighting optimization, where the number of variables varied from 4 to 40. The types of algorithms tested were evolutionary
algorithms (notably genetic algorithms), other direct search algorithms, and model-based algorithms (RBFOpt). The RBFOpt
algorithm had the best overall performance among the 8 algorithms tested.



In the context of this study, RBFOpt’s solver operates as follows:
1) Construct a surrogate model that outputs a CVRMSE prediction, given a set of building parameters as input.
a) Choose a random set of building parameter values,
b) run the physics-based BEM with these values,
c) calculate the error between the BEM’s simulated energy consumption and the metered energy consumption
(the hourly CVRMSE over the year),
d) repeat steps (a) to (c) several times, keeping the chosen building parameter values and resulting CVRMSE in
memory, and
e) train the surrogate model on this initial data.
2) Use the surrogate model to find the set of building parameters with minimal predicted CVRMSE.
3) Runthe BEM with these building parameters and calculate the true CVRMSE. That is, the error between the metered
energy consumption and the energy consumption given by the BEM.
4) Update the surrogate model on this newly acquired data.
5) Repeat steps (2) to (4) until the preallotted number of iterations have elapsed.

6) And finally return the set of building parameters that gave the lowest true CVRMSE.

2 Methodology

2.1  Overview of the Surrogate Neural Network Technique

The surrogate neural network technique uses four steps to find the building parameter values. First, a few thousand
simulations of the building model to be calibrated are executed to generate the training and validation datasets. Second, the
generated data is organized into two large matrices: the input matrix consisting of building parameter, weather, and
schedules (X) and the target matrix with the hourly simulated heating and cooling consumption (Y). Third, the surrogate
neural network is trained in a supervised way to predict the simulated heating and cooling consumption at an hour of the
year, given the building parameter, weather, and schedules at that hour. Finally, backpropagation on the neural network is
used to infer the building parameter values that minimize the error between the true and predicted energy consumption
over the year (given known weather and building schedules).

A python package was coded to run parallelized building simulations with either TRNSYS or EnergyPlus, collect the simulation
data, create, train, validate, and test the neural network, and infer the building parameters. In the Results and Discussion
(section 3), we first present the effect of including the weather and building schedules on the surrogate ANN calibration
method’s accuracy. Then, the speed and robustness of the method is compared to the high-performing black box optimization
package called RBFOpt.

2.2  Case Study Building Energy Model

To test the surrogate neural network technique, a building energy model was developed for White Hall—a 4265 m? academic
building on the Cornell University campus in Ithaca, New York (Figures 1 and 2). White Hall makes for an ideal case-study as
it is the one of the oldest buildings on campus and has been renovated several times, so the characteristics of the building in
its present state are unclear. Finding the properties of the envelope, energy systems, and detailed schedules would require
extensive and time-consuming audits, which are not guaranteed to be accurate. On the other hand, the building floor area,
number of floors, orientation, basic construction, basic temperature setpoint schedule as well as the basic ventilation system
and schedule are known; the window coverage can also be accurately estimated via on-the-ground images. Most importantly,
detailed heating, cooling, and electricity power consumption has been collected since 2015. White Hall is heated by a 1
generation district heating system, alimented by a central combined heat and power plant, and cooled by a state-of-the-art
district cooling system, using a nearby lake as the cold source. The condensate pounds of steam and the cooling BTUs
measured every 15 minutes at the service station in White Hall was integrated to find the hourly heating and cooling energy
consumption. Electricity kWh was directly measured by meter at the building every 15 minutes and was also integrated over



the hour. There are gaps in the data where the energy consumption is falsely reported to be zero; these hours were not
considered in the calibration routines.

White Hall is a relatively heavy building with four floors above ground and a partially underground basement. The basement
and first three floors have 26” to 30” (~66 to ~76 cm) limestone walls, and the top floor’s walls and the roof are made of
wood.

The rudimentary physics-based building energy model for White Hall was developed in TRNSYS 18, which outputs heating
and cooling power consumption for the 8760 hours of the year®. Setpoint temperatures follow a fixed schedule, with a setback
from 7:00 PM to 4:00 AM. The equipment/lighting schedule follows the metered electricity consumption perfectly, meaning
that the hour of the year which had the peak electricity consumption has a schedule factor of 1, and the factors for the other
hours vary between 0 and 1 based on this normalized electricity consumption. With this setup, the simulated electricity
consumption of our BEM will always be the same as the metered electricity consumption. Consequently, the calibrated model
cannot be used to assess energy conservation measures relating to lighting or equipment power. However, this is just one
setup; in other cases, the dynamic electricity usage could also be calibrated.

Figure 1: Sketchup model of White Hall with ~ Figure 2: Google Street view of White Hall.  Figure 3: ASHRAE zoning for the White Hall
simple, proportional Windows. building energy model.

The factors for the occupancy and hot water schedules is based on operating schedule D for schools/universities of the 2020
Canadian National Energy Code of Buildings (NECB) [42]. There are three different day types (weekday, Saturday, and Sunday)
in operating schedule D; however, only the weekday type is used since the weekend day types has zero occupancy throughout
the day, which is not reflective of White Hall’s occupancy patterns. Therefore, in the model, the occupancy schedule for a
particular day of the year uses three different scales of the weekday type, which roughly follow three categories: (a) academic
weekday, (b) academic weekend/summer weekday, and (c) summer weekend, where the schedule is scaled by a factor of
1.0, 0.2, or 0.1 respectively, depending on the maximum electricity consumption during that day. Figure 4 shows the three
different categories of days present in the occupancy schedule alongside the metered electricity consumption.

VZA Academic Weekday Academic Weekend/Summer Weekday ~ [XX3 Summer Weekend
Occupancy Fraction —-==- Metered Electricity
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Figure 4: Visualizing the three different day profile occupancy schedules by scaling the NECB’s weekday type, alongside the electricity
consumption.

Building loads are calculated and assumed to be met by idealized heating and cooling systems that consider the impact of
outside air. The total heating and cooling required by the simplified HVAC system are assumed to be delivered by the district
heating and cooling networks; these simulated energy loads are compared to the metered energy data collected at the

1 As a side note, the Python package that was developed for the methodology is also capable of processing EnergyPlus models.
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networks’ substations at the White Hall building. An actual meteorological year (AMY) weather file for 2019 was obtained
from White Box Technologies [43], which was recorded at the Ithaca Tompkins Airport weather station (~4.8km away from
White Hall). Core-perimeter ASHRAE zoning is used for each floor of White Hall (as seen by the roof lines in Figure 3), with
each thermal zone having equivalent operating schedules. To summarize, Table 3 shows all the known/assumed external and
internal variables of the BEM.

Table 3: Known/assumed metered energy, weather, and schedule variables (hourly time scale).

Known /
Category Assumed Units Definition
Data
Qheat,met kW Heating energy consumption
Metered . . .
energy Qcootmet kW Cooling energy consumption
Perecmet kW Electricity consumption
Tout °C Outside air dry bulb temperature
RH % Qutside air relative humidity
Upind m-s! Wind velocity
Owina degrees Wind direction
Gpn W-m™? Hourly direct normal solar irradiation
Weather . . o
a W-m™? Hourly diffuse solar irradiation
Gpnwatiwin W -m~?2 Direct normal solar irradiation on the walls and windows
Gonroof W-m™? Direct normal solar irradiation on the roof
Gawatiwin W -m™?2 Diffuse and reflected solar irradiation on the walls and windows
Gd_roof W-m~2 Diffuse and reflected solar irradiation on the roof
- = Fraction of occupancy. Follows a basic repeating weekday/weekend/holiday schedule
f ) Either 1 or 0. 1 indicates that the day setpoint temperature is used, while 0 indicates that the
a/m night setpoint temperature is used
Schedules
S - Fraction of service hot water. Exactly the same as f, ..
f Fraction of equipment/lighting use, which is the metered electricity consumption normalized
elec -

between 0 and 1

2.3 Controlled and Real Metered Case Studies

The methodology was tested in both a controlled and a real metered case study. In the controlled case study, the controlled
energy data is in fact energy data generated by a particular configuration of the White Hall BEM in TRNSYS. The goal of this
case study is to test the surrogate neural network technique by looking for this configuration (i.e., parameters values) and
determining if the technique is faster and/or more accurate than using the RBFOpt optimizer to search for the parameter
values. Although the simulated data are necessarily cleaner than real metered data, it is only in the simulated setting that we
know the true value of the building parameters being estimated, which allows us to assess the accuracy of our approach.

For the real metered case study, the actual heating and cooling energy consumption for the 2019 calendar year is used as the
“true” energy, with a 20-day period starting on September 27 removed since the reported consumption was unusual and
indicative of some fault in the building. Therefore, we are calibrating over a 345-day period.



24 Parameters to Calibrate

We manually created different BEM configurations and iteratively tested different sets of unknown building parameters from
a total of 25, noting their impact (i.e., sensitivity) on the BEM’s simulated energy consumption. Table 4 lists the unknown
building parameters that were not ultimately included in the model since they

(1) are almost fully collinear with other parameters,

(2) could become “known” parameters after a brief analysis of the metered energy consumption,
(3) worsen or do not improve the CVRMSE after optimization, and/or

(4) are not sensitive to the energy consumption.

Table 4: The unknown building parameters that were tested but not included in the final model.

Building
Category Pt?:tn\;szzs Units Definition
not Included
a infiltration coefficientin ACH = @y + by * deltaT + cjp * windSpeed +
Qins h1! ding * windSpeed?
Envelope (coefficients b;, s and dy, s are not considered in this model configuration)
Properties Upan W-m™2-K~! Thermal conductance of the exterior walls
Uroof W-m~2-K~! Thermal conductance of the roof
Wkt W-m=2-K-' Thermal conductance of the windows
Setpoint TSet,y h Temperature setback (or setup) daily start time
temperatures TSetyss h Temperature setback (or setup) daily stop time
fan,, h HVAC systems daily start time
fanysr h HVAC systems daily stop time

HVAC Factor between 0 and 1 indicating the fraction of reheat in the zones (where 0 indicates

QAreheat - no reheat and 1 indicates a reheat amount equal to the difference between the
maximum cooling demands and current cooling demands)

The 14 remaining unknown building parameters (Table 5) were selected to be calibrated, since they best represent the
building and the building’s energy consumption profile is sensitive to them. We did perform two variance-based (i.e., Sobol)
sensitivity analyses on these 14 parameters using either the annual heating or cooling consumption as the output; however,
the analyses were not very informative since only a few parameters consume most of the total sensitivity, resulting in total
sensitivity indices of less than 0.05 for many of the other parameters (0.05 is a threshold that has been commonly adopted
to indicate the significance of a parameter). For the annual heating, only two parameters, vDotAirNew and heatLoss,
contribute to ~55% of the total sensitivity, while for cooling fElec2Heat contributes to ~70% of the total sensitivity. These
parameters are configured in the TRSNYS model in such a way that they have a large impact on the annual consumption,
which is not necessarily indicative that they are the only important parameters for calibrating. Our manual testing revealed
that the 14 chosen unknown building parameters all improve the BEM’s error when included.



Table 5: The 14 unknown building parameters to be calibrated.

Building

Parameters . e Range/
Category to be Units Definition Controlled
Val
Calibrated alue
c infiltration coefficient in ACH = a;,s + bi,r * deltaT + cjpr *
inf inf inf 0-0.3
Cinf s'm™1-h™!  windSpeed + d;,; * windSpeed? (coefficients @i , bins, and dipy Cont.rol' o1
Envelope are not considered in this study) e
Properties
U, Wem=2-K-1 Thermal conductance of the massless insulation layer of the exterior 0.01-3
ns m walls and roof Control: 0.4
T o Equivalent average heating setpoint temperature of the building during 15-19
heat,day the day Control: 19
T ' oC Equivalent average heating setpoint temperature of the building during 15-19
Setpoint heatmight the night Control: 18
temperatures T o Equivalent average cooling setpoint temperature of the building during 19.01-23
cool,day the day Control: 23
T ' o Equivalent average cooling setpoint temperature of the building during 19.01 —23
cool,night the night Control: 23
Service Hot v L min-1 Rated service hot water flowrate. The energy owing to water usage is 0-3
Water shw calculated by ﬁshwfshwpwaterCp,waterATshw Control: 2
Occupant density (rated value, i.e., value that corresponds to "1" in the 0-03
Occupancy Poce Pers - m™2 schedule. That value is multiplied by a schedule fraction between 0 and ’
1) Control: 0.05
Equipment f i Fraction of electricity use that is converted into thermal gains in the 0.01-0.9
and Lighting ~ eteczheat building (between 0 and 1) Control: 0.7
0.05-0.7
Solar SHGC - Global solar heat gain coefficient of the windows
Control: 0.25
0.2-1.5
Vairnew L-s7'-m~2 Flow rate of fresh outside air per unit floor area
’ Control: 0.45
The efficacy fraction of the control of the HVAC system. A value of 1
CEPLper ) means that the system is completely shut off during the setback period, 0-0.7
ey while lower fractions mean the system is always partially or fully on (for Control: 0.3
HVAC a value of 0)
loss KW The baseline heating energy consumption level throughout the year, 0-40
heat due to heating equipment losses Control: 20

The baseline cooling energy consumption level throughout the year, due 0—10

losScoor kw to cooling equipment losses Control: 10

Finally, the unknown building parameter ranges are fixed based on previous modeling experience and domain knowledge
about similar university buildings. These ranges are used to restrict how small or large the estimates of each building
parameter could be. The controlled values were chosen randomly within these ranges, rather than always near the middle of
the bounds.

2.5 Step One: Running the Building Energy Model Multiple Times

In the first step of the methodology, many yearly simulations of the White Hall building energy model are executed with a
different set of building parameter values for each one. A centre-weighted Latin hypercube sampling distribution is used to
sample the building parameter space. The yearly weather and schedules remain the same across all of the yearly simulations.
To study the effect of the training data size (i.e., the number of BEM simulations) on the ANN’s accuracy, six differently sized
training datasets were used to train an ANN (its hyperparameters are listed in section 2.9 Grid Search): N x 8760 rows are
randomly sampled from a large dataset of 2600 yearly BEM simulations, where N = [200, 600, 1000, 1400, 1800, 2200]. An
additional 200 x 8760 rows are randomly sampled and used as a validation dataset to stop the training of each ANN before
they overfit the training dataset (i.e., early stopping). The ANN’s validation loss (i.e., error) is recorded every 800 x 8760 rows
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and, once the slope over the last five validation losses is positive (meaning the loss is no longer decreasing), the training stops
and another 200 x 8760 randomly sampled rows are used as a testing dataset to determine the final loss of the ANN.

Figure 5 shows the correlation between the training data size and the ANN’s final testing loss, alongside the total computation
time. The BEM simulation time to generate the training data as well as the ANN training, validating, and testing time are
summed to determine the total computation time.
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Figure 5: Effect of the training data size on the ANN’s testing loss.

It was determined that a number of rows equivalent to 1800 simulations of the physics-based BEM offers enough training
data for the neural network, while still being reasonable in the total computation time. 1400 simulations could also have been
chosen, but we erred on the side of more training data. Furthermore, there is some variability in the final testing error as
sometimes the ANN is underfitted because of the nature of the stopping condition; therefore, in other trial runs, training on
1800 simulations might have a lower testing loss than training on 1400 simulations and vice-versa. Choosing 1800 BEM
simulations follows Jones, Schonlau, and Welch’s [44] recommendation that the simulation dataset should be at least 10
times larger than the number of inputs (124 in our case) for expensive black box models. Finally, 200 additional BEMs are
simulated to contribute to the validation dataset, making the training/validation split 90 % to 10 %.

2.6  Step Two: Collect Generated Data

Having executed 2000 yearly simulations of our BEM (1800 training + 200 validation), we now collect all the generated data
into two matrices: input matrix X that contains the building parameter, weather, and schedules, and target matrix Y that
contains the hourly simulated heating and cooling consumption. Each row of matrix X and Y corresponds to one hour of a
yearly simulation. Each yearly simulation samples a new set of building parameters, while assuming identical weather and
schedules data over the year; The inputs are standardized by removing the mean and scaling to unit variance, since ANNs
tend to perform better on standard normally distributed data.

In addition to the dry bulb temperature, relative humidity, wind speed, and wind direction, four different solar irradiation
variables were chosen for the weather input features: direct normal/diffuse on the walls/windows and direct normal/diffuse
on the roof. These irradiation variables were chosen over the direct normal solar irradiation and diffuse horizontal irradiation

since they are more directly linked to the energy consumption in the building and are therefore more relevant to the ANN
model.
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The weather and schedules data include not only the current hour, but also a number of previous hours. This “rolling window”
of weather and schedules ensures that the neural network retains some of the dynamic, time-delayed behavior of building
energy physics. For example, the hourly heating energy consumption is not only a function of what the outside temperature
or building occupancy was at that hour, but also what the temperature and occupancy were during previous hours of the day.
Figure 6 shows the effect between the ANN’s testing loss and the size of the rolling window for the weather and schedule
inputs. The training, validation, and testing process is the same as the one described in section 2.5, and the ANN
hyperparameters are the same as the ones chosen after the grid search (section 2.9).
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Figure 6: Effect of the size of the rolling window on the ANN’s testing loss.

A rolling window of 10 hours (i.e., current hour + 9 previous hours) was chosen as it had the lowest loss of all rolling windows
tested, while still having a reasonable ANN training/validation run time. It may appear counter-intuitive that larger rolling
windows have higher ANN losses, but additional inputs that are mostly irrelevant to the building’s energy consumption can
result in overfitting because of increased ANN complexity.
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In summary, the list below covers all the data in matrix X:

Unknown building parameters Weather data Schedules

1. Cinf 15. Tout,t 95. focc,t

2. Upps 16. RH, 96. feiect

3. Tsetheat,day 17. Uwind,t 97. fd/n,t

4. Tsetbacknight 18. Byina,e 98. 9 additional past hours for each
5. Tsetcool,day 19. Gpnwanwint schedule variable
6. Tsetup,night 20. Gbn,roof,t 99. ...

7. fjshw 21 Gd,wallwin,t 124. fd/n,t—9

8. Pocc 22. Gd,raof,t

9. feleczheat 23. 9 additional past hours for each

10. SHGC weather variable

11. 1.Jai‘r,new 24, ..

12. Ctrlefficacy 94. Gd,raof,t—9

13. losSpeat

14. losscoor

2.7  Step Three: Train and Validate the Surrogate Neural Network

The multilayer perceptron neural network was created using the PyTorch Python library, which allows the neural network to
be trained on a GPU, thereby greatly reducing training time. The ANN has an input layer with 124 features—the 14 unknown
building parameters as well as a rolling-window of eight meteorological variables and three schedule variables over the last
ten hours (see section 2.6). The output layer is size 2—representing the predicted heating and cooling energy consumption
for that hour. The optimization algorithm used was Adam, which has proven to be a very good performer [45]. The
hyperparameters of learn rate (step size in direction that minimizes the loss), batch size (number of samples per update of
model parameters), number of hidden layers, and size of hidden layers were determined through a grid search (section 2.9).

Of the 17.52 million rows of data, 90 % are used for training and 10 % for validation. A high proportion is given to training,
since in these trials, minimizing variance in the training is more important than minimizing the model performance statistic
variance (i.e., the validation error variance). The neural network is iteratively fed batches of rows from the training dataset
(~15 million rows) and every ~2 million rows, the mean squared error of the ANN is validated, and the slope is calculated over
the last five validation losses (i.e., errors). If the slope becomes positive (meaning the validation loss is no longer decreasing),
then the training stops. The frequency of the validation checks during training was reduced from ~7 million rows (see section
2.5) to ~2 million rows to greatly decrease training time. This reduction results in the ANN slightly underfitting the training
data, since the slope over five more frequently checked validation losses is more likely to be positive due to the stochasticity
of the optimization. However, the final combined heating/cooling CVRMSE with checks every ~7 million rows (~19 hours of
training) was effectively the same as with ~2 million rows (~5 hours of training time).

2.8  Step Four: Infer Unknown Building Parameters

The final step of the methodology consists of inferring the unknown building parameters, given known hourly
controlled/metered energy consumption from the 8760 hours of the year. With the model parameters frozen, the mean
squared error between predicted and true energy consumption is computed. Backpropagation is then used to compute the
gradient of the error with respect to a randomly initialized set of building parameter inputs. The building parameters are
iteratively modified in the direction of the gradient to minimize the error. A batch size of 256 appeared to offer the best
compromise between inference loss and run time. A batch size of 8760 would be needed to compute the error over all hours
of the year; however, batches of this size made network updates far too slow.

The Python algorithm processes the batches repeatedly until the slope over the last 10 passes is greater than zero (i.e., the
loss is no longer decreasing). The algorithm then returns the set of unknown building parameter inputs that best predicts the
8760 hourly heating and cooling consumptions. The weather and schedules data inputs are fixed during the backpropagation
since these values are known. Furthermore, the building parameter estimates are clamped so that they remain in the ranges
given in Table 5.

29 Grid Search

The neural network hyperparameters of learning rate, batch size, number of hidden layers, and size of the hidden layers can
have a substantial impact on the final loss (i.e., error) of a trained neural network; therefore, a grid search was implemented
that tested how the ANN’s final loss is impacted by three different learning rates (5x107°, 1x10%, 5x10%), five different batch
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sizes (32, 64, 128, 256, 512), eight different number of layers (2, 3, 4, 5, 6, 8, 16, 32), and six different layer sizes (256, 512,
1028, 4096, 8192, 16384). The total number of combinations between these four hyperparameters would be 720, which
would take an enormous amount of time to complete; therefore, the hyperparameter-space was sampled manually by
choosing some combinations, observing their loss, and testing new combinations until a hyperparameter set was reached
that gave the seemingly best compromise between loss and run time. In the end, a total of 29 different hyperparameter sets
were tested. The chosen sets include ANN architectures that either have (1) many neurons in each layer but few layers and
(2) few neurons in each layer but many layers. It was not possible to test ANNs with many neurons and many layers due to
the limited memory capacity of the 8GB RTX2060 Super graphics card. However, the results in Figure 7 show increasing loss
as the number of hidden neurons exceed 2 x 8192.

There is some variability in the validation loss (and run time) when training an ANN on the same set of hyperparameters. We
found through repetition of the same learn rates and batch sizes for a particular ANN size that the loss was not particularly
dependent on batch sizes between 32 and 512 (we ended up choosing 64), while a learn rate of 1x10 was a good compromise
between 5x10° and 5x10%. For the ANN size, 2 hidden layers and 8192 neurons in each layer proved to be the best
compromise between loss and run time. This hyperparameter configuration was chosen for the subsequent case studies.
Figure 7 shows this chosen configuration in context with other configurations that have a learn rate of 1x10* and a batch size
of 64 (the results for the other learn rates and batch sizes are not shown for brevity) —note that the proportions of the shaded
markers in the figure are not to scale and are just to show the relative difference between the structures of the tested
networks.

It makes sense that two hidden layers work well, since the building parameters are related to the energy consumption of the
building in a largely linear manner. If the transformation from the inputs to the outputs of an ANN were highly complex and
non-linear, then we would expect that a larger number of hidden layers would be required to model this relationship.

When comparing the total run time between the RBFOpt method and the surrogate ANN method, the grid search of the ANN
hyperparameters (learn rate, batch size, number of hidden layers, and hidden layer size) is not considered, since it represents
a second order optimization—an optimization of the optimizer—and only the first order optimization—the optimization of
the objective function—is compared.
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Figure 7: Visualizing the grid search and showing the chosen hyperparameter configuration in context with the other configurations (note
that the proportions of the markers in the figure are not to scale and are just to show the relative difference between the structures of
the tested networks).
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2.10 Comparing the Surrogate ANN Method with RBFOpt, a High-Performing black box Optimizer

As stated in the introduction, the calibration methodology developed in this paper was compared to RBFOpt, a powerful black
box optimizer that also builds and iterates a surrogate model of the objective function. The objective function that RBFOpt is
tasked with minimizing is the average of the hourly heating and cooling CVRMSE, shown in Equation (3) below.

2 2
/\/Z?Z?O(heatmet,i — heatsim,i) \/Z?Z?O(COOImet,i — COOlsim,i) \

8760 8760
+

Z?Z?O heatmer,i ?:7?) C00ler,;
8760 8760

1
CVRMSE .omp = 7 (3)

It is unlikely that either calibration method finds a globally optimal solution on any given run. Furthermore, both RBFOpt and

surrogate ANN methods are non-deterministic and will almost always return different solutions from run-to-run. Only
comparing a single optimization run between the RBFOpt and surrogate ANN methods would not consider the inherent
uncertainty that exists in building energy model calibration. Therefore, five optimization trials were performed for each
method, and the optimized values of the unknown building parameters at the end of each trial, along with the final CVRSME,
were compared in both the controlled (known values for the parameters) and real (actual metered data) case studies.

The RBFOpt trials consisted of the following steps:
1. Create RBFOpt optimization model.
2. Iterate the solver in parallel (32 threads), where each iterations involves
2.1. creating a new folder to place the new TRNSYS files,
2.2. generating the new TRNSYS files with the unknown building parameter values chosen by the solver,
2.3. running an 8760-hour TRNSYS simulation of the BEM,
2.4. calculating the combined hourly CVRMSE with the results file, and
2.5. updating the solver’s objective function with the calculated CVRMSE.
3.  When 2000 iterations have elapsed, record best building parameter values to a file.
4. Repeat Steps 1 to 3 for each trial.

(Refer to section 1.6 to understand how RBFOpt’s solver works).

The surrogate ANN calibration trials followed the steps below:
1. Run the building energy model 2000 times.
2. Collect the generated energy consumption data along with building parameters, weather, and schedules data.
3. Create, train, and validate an ANN with the chosen hyperparameters from the grid search.
4. Infer the unknown building parameters and record them to a file, and
5. Repeat steps 3 and 4 for each trial.

For the ANN method, the first two steps above—running the building energy model many times and collecting the generated
data—only had to be completed a single time. The data could then be reused for all subsequent trials. Note that the building
parameter inference step (Step 4) only needed to run once per trial, since it was observed that all inference runs with a given
ANN produced identical results.
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3 Results and Discussion

3.1  The Impact of Including Variable Inputs in the Neural Network

First, we would like to demonstrate the effect on calibration accuracy when the weather and building schedule variables are
included in the surrogate ANN. Two different surrogate ANNs were compared: (1) an ANN with only the 14 unknown building
parameters as inputs and (2) the ANN previously discussed with 124 total inputs, covering weather, building schedules, and
the unknown building parameters. Another grid search was performed to find the best hyperparameters for the ANN without
variables, and we found that a learn rate 1x10%, a batch size of 64 and one hidden layer with 512 neurons had the lowest
loss. The controlled case study was used for the comparison so that we can assess how close the ANNs’ building parameter
estimates are to the actual values.

Figure 8(a) shows the calibrated parameter values over 5 trials for the ANN without variables (orange pentagons) and with
variables (blue cross). When including the weather and building schedule variables in addition to the unknown building
parameters, the ANN finds parameter values very close to the actual values (green lines), resulting in a combined heating and
cooling CVRMSEs of between 0.5 and 1 % (Figure 8(b)). When only the unknown building parameters are included as inputs,
the surrogate ANN performs quite poorly, finding parameter values much further away from the actual values, resulting in
combined CVRMSEs between 32 and 33 %. Finally, considering that the 14-input ANN without weather and building schedule
variables has a lot less relevant information to process than the full 124-input ANN, it is logical that the computation run
times are much shorter.
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Figure 8: Comparing (a) the optimized parameter values (points) with mean (cross) and (b) the computation run times between the trials
of the surrogate neural without and with variables, in the controlled case study.

3.2 Comparing the RBFOpt Optimizer with the Neural Network on Equal Data Usage

To compare the RBFOpt and the surrogate neural network methods on roughly equal grounds, we decided to compare the
methods’ performance given equivalent data usage or, in other words, an equivalent number of iterations of the building
energy model. We can expect continued speed improvements for numerical optimizers, either through hardware or software,
as they are important in many fields, while we can expect slower speed improvements in BEM engineering software as they
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are more niche and rely on fast CPU cores, which are seeing increasingly smaller speed improvements [46]. Therefore, the
computation time associated with simulating law-based BEMSs will continue to make up a large portion of the total
computation time of automatic BEM calibration methods.

When considering an equivalent number of BEM iterations, the total run times for the ANN trials are higher than for the
RBFOpt trials, since the training and inference steps for the ANN is more computationally demanding than the training and
inference steps for the RBFOpt model—while the run time associated with iterating the BEM is identical between both
methods. However, given a much more powerful GPU (such as an Nvidia Quadro RTX card), the training and inference time
for the ANN method would be greatly reduced and the total run times would be more similar. And more importantly, our
building model is relatively simple (the HVAC systemes, in particular, are quite simple) and only takes about 30 seconds to run
on our system (see section 3.3 for computer specifications)—if more complex building models are to be calibrated, the total
computational time between the two methods would be closer in this comparison.

3.2.1 Controlled Case Study

Figure 9 below shows the results of the five trials. The surrogate ANN method outperforms the RBFOpt black box optimizer
with CVRSMESs consistently around or below 1 %, while the RBFOpt optimizer has CVRMSEs between 3 and 5 % (Figure 9(b)).
When observing the spread and accuracy of the optimized “unknown” building parameter values, the surrogate ANN
technique found values much closer to the actual parameter values compared to the RBFOpt method (Figure 9(a)). The
surrogate ANN method found local minima that are close to each other and, most importantly, that are closer to the global
minimum compared to the RBFOpt method—a clear advantage for the ANN method. Through the ~6 hours of training, the
ANN has learned the complex map between the energy consumption of the BEM and the unknown building parameters and
variable inputs, like the weather. For example, the ANN might account for how the air infiltration through the building
envelope and the wind speed interact to contribute to the heating or cooling consumption of the building. The RBFOpt
algorithm does not have the wind speed as an input, so it is unable to model this interaction. With this distinct advantage, it
is understandable that the building parameter values inferred from the ANN are closer to the true values than those found
by RBFOpt.

Averaging the results of the trials does not favor the RBFOpt method over the ANN method. The combined CVRMSE when
averaging the optimized parameter values over the five trials is ~0.37 % for the ANN method and ~2.7 % for the RBFOpt
method. The CVRMSE from averaging the trials is improved for the RBFOpt method, but the ANN method is still better when
considering any single trial, and the method is even better when also averaging over five trials.

Finally, as seen in Figure 9(b), there does not seem to be much correlation between the computation run time and the final
CVRMSE value for the surrogate ANN method (nor for the RBFOpt method for that matter). The lack of correlation certainly
stems from the inherent uncertainty in BEM calibration, where optimizers can get more-or-less “lucky” from one trial to the
next.
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Figure 9: Comparing (a) the optimized parameter values (points) with mean (cross) and (b) the computation run times between the trials
of the RBFOpt optimizer and the surrogate neural network in the controlled case study.

3.2.2 Real Metered Case Study

This case study uses real metered energy data during 2019 at White Hall (the case study building at Cornell University). The
ANN method only slightly outperforms the RBFOpt optimizer, with an averaged combined CVRMSE of 22.34 % versus 22.52 %
for the RBFOpt method. What is immediately noticeable in Figure 10(a) is that, again, the results of the ANN method have
lower variance than those of the RBFOpt method. Yet, since the combined CVRMSEs for all ten trials are within 0.21
percentage points of one another, we are led to conclude that the optimizers were hampered more by the BEM'’s
configuration than their ability to optimize. In other words, the optimizers were ill-constrained by the BEM and were not able
to lower the combined CVRMSE any lower than ~22 %. The poorly configured building energy model is reflected in the fact
that some optimized parameter values are lower than expected; we posit that the optimizers in both the surrogate ANN and
RBFOpt methods lowered these parameter values as much as they could to lower the CVRMSE before getting stuck in a
minimum.

We can still venture guesses as to why some of the building parameter values are lower than expected. The solar heat gain
coefficient of the windows is optimized to be around 0.1 in both methods, which is quite low. Then again, the window-to-
wall ratio is quite high, and there are blinds behind all the windows, so it is possible that the blinds were mostly closed in the
building throughout the year. The four setpoint temperatures also appear to be low. Perhaps since the setpoint temperatures
in the building are room-specific and occupancy-controlled, the equivalent mean temperature setpoint in the whole building
is lower than the individual room setpoint temperatures due to lower occupancy. With respect to occupancy, the maximum
occupancy density is nearly zero in both methods, which is not realistic since there are indeed people in the building. It is well
known that occupant behavior is very difficult to measure accurately and is one of the chief reasons for the discrepancy
between simulated and measured data in BEM calibration [47]. The metered electricity consumption was used to inform the
simplified occupancy schedule used in the simulations; however, it is most certainly still a gross estimation of the actual
occupancy schedule, thus the optimizers deemed that the occupancy in the building was actually increasing the BEM'’s error
and decided to zero-out the occupancy density parameter. Lastly, the optimized fElec2Heat value (the fraction of electricity
that is transferred to internal heat gains) is also lower than expected, with values between 0.2 and 0.4; these low values could
be explained by (1) high electricity consumption from equipment and/or lights located outside the building or (2) the majority
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of heat gains from equipment and lights inside the building being ejected outside the building through the ventilation system
or through exfiltration. Despite some of these unexpected building parameter values, the mean combined CVRMSEs after 5
trials for both the surrogate ANN and RBFOpt methods are below the ASHRAE Guideline 14 recommendations of 30 % [6].

These unrealistic parameter values probably cannot be used in the context of a building retrofit or energy conservation
measure (ECM) study. Since these unrealistic parameter values very likely stem from a poorly configured (i.e., overly
simplified) building energy model, the BEM itself would have to be remodeled in a detailed way, following extensive building
audits, and then calibrated again in order to do a proper ECM study.

To conclude, when considering an equivalent number of BEM iterations, the performance is almost identical between both
methods; however, the ANN method’s results are more consistent, giving it a clear advantage. It appears that only a single
calibration trial is required for the ANN method to achieve optimal performance, while the RBFOpt method requires several
trials. Finally, just like in the controlled case study, there does not seem to be a correlation between the ANN or RBFOpt trial
times and the final CVRMSE values.
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Figure 10: Comparing (a) the optimized parameter values (points) with mean (cross) and (b) the computation run times between the
RBFOpt optimizer and the surrogate neural network trials in the real metered case study.

3.3 Comparing Methods with Roughly Equal Computation Time

Another set of five trials for both the RBFOpt method and the ANN method were performed, but this time, we tried to match
the computation time of each trial. It must be stated that comparing computation run time between the RBFOpt and the
surrogate ANN methods is not an apples-to-apples comparison, since the neural network is trained and validated on a GPU
with the CPU providing auxiliary calculations, while RBFOpt relies exclusively on the CPU. The CPU used is the 16-core AMD
Ryzen 9 5950X (retail price of USS 799 at launch on November 5, 2020), while the GPU used is the Nvidia RTX2060 Super with
2176 CUDA Cores (retail price of USS 399 at launch on July 9, 2019). Finally, 128GB of RAM at 3200 MT/s (colloquially known
as Mhz) was available. Comparing CPU performance to GPU performance is difficult, since a CPU has relatively few processing
cores, which are very fast, while the GPU has many more processing cores, which are slower.

To roughly match the computation time, 10,000 iterations of the BEM were executed for the RBFOpt method trials (up from
2000), while 2000 iterations were executed again for the ANN method trials. In the controlled case study, the average
computation time ended up being ~7.3 hours for the RBFOpt trials and ~6.8 hours for the ANN trials, while in the real metered
case study, the average computation time was ~7.4 hours and ~6.6 hours, respectively. The results of this comparison are
remarkably similar to the comparison of equivalent data usage (i.e., equivalent number of BEM iterations). For the controlled
case study, the averaged combined CVRMSE for the RBFOpt method only improves by about 0.5 percentage points when
running 10,000 iterations instead of 2000, and for the real metered case study, the improvement is only about 0.2 percentage
points. For both case studies, the average combined CVRMSE is nearly identical for the ANN method compared to the previous
comparison, which is logical given that the same number of BEM iterations (2000) are executed in both comparisons and that
the variance of the ANN results is low.

3.4 Limitations of the Study

There are two primary limitations to the study: (1) the BEM does not appear to be very well-calibrated in the real metered
case study, despite an hourly CVRSME well below the recommended ASHRAE guidelines; and (2) the hyperparameters chosen
thanks to the grid search might not be generalizable to other building energy models.

20



In the real metered case study, some of the optimized values of the unknown building parameters are unexpectedly low in
both the surrogate neural network and RBFOpt methods, namely the solar heat gain coefficient of the windows and the
setpoint temperatures. Given that the optimized values between both methods are relatively close, we theorize that both
methods were more hampered by the quality of the building energy model or metered data than their ability to optimize.
The optimizers in both the surrogate ANN and RBFOpt methods lowered these parameter values as much as they could to
lower the CVRMSE before getting stuck in @ minimum. It is important to note that a lot of time and effort was placed on
improving the BEM by testing different HVAC systems and controls as well as the inclusion or exclusion of different unknown
building parameters. However, we would have had to perform extensive and detailed building audits to create a building
energy model with more complex and accurate HVAC systems and controls, which would somewhat defeat the purpose of
automated calibration. Yet, despite the unexpectedly low calibrated parameter values, the final hourly CVRMSE is around
22 % in our chosen configuration—well below the recommended 30 % by ASHRAE Guideline 14 (see Table 1)—which leads
us to question the usefulness of these widely-accepted calibration thresholds.

The neural network hyperparameters that were chosen after a grid search are a learn rate of 1x10%, a batch size of 64, 2
hidden layers, and 8192 neurons per hidden layer. We do not know if these hyperparameters are generalizable to other
building energy models, especially BEMs with more unknown building parameters, more schedules, or more complex HVAC
systems. One could argue that the grid search should be included in the computation run times of the surrogate ANN method
trials, since the hyperparameters greatly impact the calibration performance on the ANN. However, we theorize that the
same hyperparameters could be reusable for other BEMs, since the relationship between building parameters, weather, and
energy consumption does not differ dramatically from building to building.

4 Conclusion

A novel method was developed that uses an artificial neural network (ANN) and surrogate modeling (i.e., metamodeling) to
calibrate building energy models (BEMs). Typically, surrogate models have only been used in BEM calibration to speed-up
the evaluations performed by an external optimizer, such as a genetic algorithm. In our method, the surrogate neural
network model is trained and then used itself to calibrate the unknown building parameters through gradient descent. The
surrogate model in our study considers a much larger breadth of relevant data to predict the output of the BEM than is typical
included. Surrogate models in the literature only include the unknown building parameters as inputs, but our surrogate model
also includes relevant variable data, namely the weather and building schedules. Our surrogate model can better predict the
energy output of the BEM since it can account for how variables like outside temperature affect energy consumption, and
the interactive effects between these variables with the fixed features of the building. Other surrogate models, such as
RBFOpt, are blind to the effect of these variables.

The novel surrogate neural network BEM calibration method was compared to a powerful black box optimizer called RBFOpt,
which has proven to be the fastest algorithm in a benchmarking study of various building simulation tasks [41]. RBFOpt also
uses surrogate modeling as its optimization technique, making the comparison more apples-to-apples. To evaluate the two
methods, five trials were performed in both a controlled case study and a real metered case study. In the controlled case
study, the “unknown” building parameter values were in fact preselected and inputted into the case study BEM, and the
resulting simulated energy consumption of this BEM configuration was used as the “true” energy consumption; the
calibration methods would then attempt to match the BEM’s energy profile to this true energy profile. This controlled case
study allowed us to determine the accuracy of the calibration methods in optimizing the building parameter values. In the
real metered case study, the true energy consumption was the hourly heating and cooling consumption of White Hall, an old
building on the Cornell University campus in New York State, during the 2019 calendar year. This real metered case study
allowed us to determine the speed and robustness of the two calibration methods given real building performance data.

The ANN method outperforms the RBFOpt optimizer when calibrating the “unknown” building parameter values in the
controlled case study, finding local minima much closer to the global minimum. The ANN method consistently found
combined heating and cooling hourly CVRMSEs between 0.5 — 1 % in all 5 trials, while the RBFOpt optimizer found CVRMEs
between 3 -5 % throughout its 5 trials.

In the real metered case study, the ANN method consistently finds a low CVRMSE, while the CVRMSEs found by the RBFOpt
method fluctuate more. The calibration performance is still similar between both methods with hourly CVRMSEs between
22.2 — 22.8 % across all 10 trials; however, the consistency of the ANN method is a clear advantage because both methods
are non-deterministic and for most traditional calibration methods, the calibration level of the BEM depends on the number
of trials performed. We can assume based on the results of this article that only a single calibration trial needs to be performed
with the ANN method, while multiple runs are needed for the RBFOpt method to ensure a consistent calibration level.
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Although the final hourly CVRMSE after running either calibration method is below 30 % (the widely accepted threshold) in
the real metered case study, not all calibrated building parameter values appear to be realistic. Notably, the solar heat gain
coefficient of the windows, maximum occupancy density, and setpoint temperatures are lower than expected. This
discrepancy most likely stems from a poorly configured building energy model, which indicates that more effort is required
to match the model’s HVAC systems and controls to the actual building. However, this modeling step inherently requires
extensive audits of the building, which in a way, defeats the purpose of automated BEM calibration. In conclusion, with a
simulated data case study where the BEM is essentially a perfect model of the building (i.e., no modeling error), our surrogate
ANN method outperforms the RBFOpt optimizer. This result suggests that the gap in performance in the real-world case study
is about errors in the in the modeling step, not in the calibration method.

5 Future Research Directions

We invite the building calibration community to develop methods that mix modeling and calibration. Currently, to calibrate
well, automated calibration methods require complex models that are manually configured to closely match the real building.
Going forward, automated calibration should extend beyond tweaking continuous parameter values in a fixed model
configuration. It must have the ability to introduce various model configurations that the optimizer can select from or even
create. In addition, more importance should be placed on the values of the calibrated building parameters than the final
calibration criteria, since a low CVRMSE or MBE does not necessarily imply that reasonable building parameter values have
been found. We need better criteria for evaluating the "goodness" of a set of building parameters.
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