
Data-driven Approaches for Predictive Thermal Modelling in

Small and Medium Commercial Buildings

Brent Huchuk1, Farid Bahiraei1
1National Research Council Canada, Ottawa, Canada

Abstract

Small and medium buildings comprise 75% of Canada’s
commercial and industrial building stock. However,
small and medium buildings are currently underserved
by energy efficiency tools because of their dispersion
and relatively low payback potential. In this work, we
leveraged the connected thermostat data from 16 small
and medium commercial buildings to develop multi-
zone data-driven models to be used for predictive con-
trol and planning applications. Specifically, we sought
to understand which of the candidate data-driven mod-
els (i.e., grey and black box models) could most accu-
rately predict the indoor temperatures across a diverse
sample of buildings using only typical data collected
from a connected thermostat. Our results show that
data-driven models, specifically black box models with
appropriately selected parameters, had the best predic-
tive performance.

Introduction

Small and medium commercial buildings (SMBs) make
up a significant portion of Canada’s building stock
and generally have higher energy use intensities than
other building sizes (Natural Resources Canada (2013,
2018)). Over half of SMB’s energy usage is related to
the space heating and cooling of the building (Nat-
ural Resources Canada (2016)). The heating, venti-
lation, and air conditioning (HVAC) systems within
SMBs are often composed of multiple independently
controlled components that each serve their own ther-
mal zone. Despite the energy ramifications and com-
plicated equipment configurations, operation of SMB’s
HVAC is generally left to reactive and uncoordinated
control systems. To better operate these buildings, con-
trol systems and operators need to consider predictive
actions based on the predicted thermal response. Prac-
tically, this requires the ability to quickly and easily
train customized thermal models for each building that
accounts for coupled effects between the zones with

their systems. It has been estimated that 70% of the
complication and effort of implementing predictive con-
trols is developing accurate models (Henze (2013)).

Generally, thermal models can be classified as white
box, black box, or grey box. Practically, white box
models are detailed representations built from first-
principle relationships. They are not easy to imple-
ment outside simple building configurations and they
require detailed knowledge of the equipment and build-
ing construction (Pŕıvara et al. (2013)). In comparison,
data-driven methods, referred to as grey or black box
(ASHRAE (2017)), are based on simplified or no phys-
ical relationships and are more often used in predictive
control applications (Pŕıvara et al. (2013)).

Previous investigations have compared and contrasted
grey and black box models using connected thermo-
stat (CT) data (Huchuk et al. (2020); Baasch et al.
(2021)). These studies found black box models to out-
perform the alternative grey box models, but did not
consider the multi-zone/equipment configurations seen
in SMBs. Alternatively, Arroyo et al. (2020) did con-
sider the multi-zone case of SMBs but only tested vari-
ous grey box model configurations and did not consider
exclusively the data available with standard CTs. As
such, questions remain on how different model types
perform in the SMB domain.

With the advent of low-cost sensing and control through
the installation of CTs in SMBs, there is now an acces-
sible source of operational data to train and evaluate
data-driven multi-zone thermal models. Moreover, in-
stallation of CTs potentially enable SMB operators to
engage in more energy efficiency programs and man-
agement (Rovito et al. (2014)). Unfortunately, given
the relative recency in the CT hardware upgrades, and
the overall lack of investigation on SMBs, little research
has been conducted on which model types and which
features provide the best combinations for multi-hour
temperature predictions in these buildings. To this end,
this paper uses a unique dataset from a small portfo-



lio of SMBs to evaluate data-driven thermal models for
this purpose.

Methodology

In this section, we discuss the critical elements of our
investigation. First, we discuss our unique dataset from
a collection of SMBs. Then we discuss our candidate
thermal models and the required model training and
evaluation.

Data

We conducted our analysis with historical data logged
by installed CTs within a sample of 16 SMBs located
in Ontario, Canada. The data was logged from Jan-
uary 2019 to August 2021. Each CT is connected to
its own rooftop unit (RTU) or a series of electric base-
board heaters. It is not possible to differentiate be-
tween the two equipment configurations from the data
collected by each CT. The CTs and their equipment are
not aware of other devices in the building and operate
independently based on typical dead-band control.

Each CT records operational data at a five-minute in-
terval. This data includes: indoor air temperature, fan
runtime, setpoint temperatures, and the amount of run-
time for each stage of equipment attached (e.g., first
and second stages of heating or cooling equipment).
We downsampled the data to a 30-minute resolution
to help smooth the data and better align with poten-
tial planning applications based on the intervals as the
CTs’ programmed setpoint schedules. For temperature
values, we calculated the mean measurement over the
30-minute interval. Meanwhile, for equipment runtime,
we converted the runtime to a ratio over the interval.
For example, if 10 minutes of stage 1 heating runtime
was measured over the 30-minute window, we would
record that as 1/3.

The floor area and number of CTs vary in our sample
of buildings. We treated each CT as part of its own
independent thermal zone within the building. This
thermal zone assumption was validated based on dis-
cussions with the building operators. Figure 1 shows
the distribution in the floor area of the sample of build-
ings. The average building was 5897 ft2 (548 m2). Over
60% of the buildings had four CT devices, with the re-
maining few having either three or five CTs.

In addition to the thermostat data, we collected
weather data for each building from the Government
of Canada (2021). Specifically, we collected hourly out-
door air temperature from the nearest weather station
to each building based on provided latitude and longi-
tude.

0 200 400 600 800 1000

Floor Area [m2]

M
ea

n

Figure 1: Distribution in floor areas of the buildings.

Models

We trained a collection of models to predict the indoor
air temperature at each CT at future timesteps (t). The
models we selected included a baseline, a physics-based
grey box model and two black box models (i.e., lin-
ear and random forest regressions). We restricted the
candidate grey box and black box models based on pre-
vious investigations (Huchuk et al. (2020); Baasch et al.
(2021)). All of the models predicted an output vector
(Ŷ ) that was of dimension M (i.e., the number of CT-
s/zones in the building). We provide details for each
model in the following subsections.

Baseline model

We trained a simple model to provide a baseline to the
other more complex models. Specifically, the baseline
model took the last measured temperature at that ther-
mostat at hour 00:00, 06:00, 12:00 and 18:00 and pre-
dicted that single temperature until the next held value
was reached. For example, all predictions from 00:30 to
06:00 for a single CT used the same value which was
measured by that CT at 00:00. The baseline model
would not be useful in most practical applications, but
rather is intended to allow us to quantify the perfor-
mance of the other models to naive assumptions.

Grey box model

Given the multiple (and variable) number of zones
within the buildings, our grey box models were required
to be customized for each building. We based our mod-
els on a single resistance (R) and capacitance (C) for
each zone. More complicated networks have been used
in previous studies (Baasch et al. (2021)). However,
we decided to avoid including unobserved states as it
may hinder the estimation of the parameters. The fi-
nite difference equation representing a single thermal



zone is:

Ttstat,m,t+1 = Ttstat,m,t+

∆t

Cm

∑
j

(Tj,t − Ttstat,m,t)

Rm↔j
+ Qm,t

 (1)

where t is the timestep, m is the index of a thermostat,
Q is the energy load and j is the index of all connecting
nodes to m.

For our application, we reformulated Equation 1 to
Equation 2 to separate out our heating and cooling
runtime fractions (qheat and qcool). The runtime frac-
tions are multiplied by equipment capacity terms (β)
which we left as free parameters to learn. We needed
the model to learn the capacity terms because standard
CT thermostats are unaware of the equipment sizing.

Ttstat,m,t+1 = Ttstat,m,t+

∆t

Cm

[∑
j

(Tj,t − Ttstat,m,t)

Rm↔j
+

βcqcool,m,t + βhqheat,m,t

]
(2)

For buildings with multiple zones and CTs the indoor
temperature nodes (Ttstat) were connected with an ad-
ditional resistance similar to the method of Arroyo et al.
(2020). Figure 2a shows the RC network for a building
with two thermostats. Figure 2b expands the network
for a building with M thermostats. In both figures,
Tout is the outdoor temperature.
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Figure 2: Coupled RC models for a building with (a)
two and (b) M thermostats.

The model for each building was trained all at once

(i.e., all R’s, C’s, and β’s simultaneously). The models
were trained using the lmfit (Newville et al. (2021))
package in python.

Linear regression

The first black box model we considered was a linear
regression trained with an elastic net (Zou and Hastie
(2005)). An elastic net regression is a typical linear
regression with an adjusted minimization loss function
(L). The minimization function, shown in Equation 3,
has both ℓ1 and ℓ2 regularization components balanced
by the term α. The regularization of the weights (w)
prevents the model from becoming overfit.

L =
1

2N
∥Y −Xw∥22 + αℓ1ratio ∥w∥1 +

0.5α(1 − ℓ1ratio) ∥w∥22 (3)

where X is an array of the input features and N is
the number of training examples. The input features
of X were the same as those used in the training of the
grey box model. Specifically, we did not consider the
inclusion of additional recent-history terms.

We implemented the model in Scikit-Learn (Pe-
dregosa et al. (2011)). During model training, we used
five-fold cross validation to tune α and ℓ1ratio values
and selected the combination of values which resulted
in the lowest mean squared error score.

Random forest regression

The other black box model we considered was the ran-
dom forest regression (RF). As a tree-based method,
the RF provides a non-linear regression. As an ensem-
ble method, constructed of multiple decision trees, RFs
are less susceptible to overfitting than a single deci-
sion tree (Breiman (2001)). Just as with the linear
regression, we used five-fold cross validation to tune
the hyper-parameters for each model trained and the
best combination was selected based on mean squared
error. Specifically for RF, we tuned: the number of
estimators, max number of features, max depth, mini-
mum number of samples for a split, minimum number
of samples at each leaf, and whether to bootstrap or
not. Similar to the linear regression, the model was im-
plemented in Scikit-Learn (Pedregosa et al. (2011)).

Model training and evaluation

Our model training and evaluation method were de-
signed to maximize the number of high-quality days of
prediction for each building and evaluate across a wide
range of day types and conditions. For each building,
we identified available testing days based on the data



quality. We required 90% of the expected data (logged
by the CT and weather stations) to be present for the
previous 14 days. Similarly, we required 90% data ex-
istence on the testing day. Figure 3 shows the number
of available testing days for each building. The aver-
age number of available testing days was 119 with the
fewest number for a building being 58.
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Figure 3: Number of available testing days for each
building.

During our evaluation, any missing temperature mea-
surements for an identified available testing days was
filled using linear interpolation. No interpolation was
done for potentially missing equipment runtime. For
each available testing day, each of the four models (pre-
viously introduced) were trained using the 14 previous
days of data for the building. To test the performance
of the models on the testing day, we made four six-hour
prediction sequences. The four sequences of 12 predic-
tions (i.e., two predictions for each of the six hours)
were conducted starting at 00:00, 06:00, 12:00, and
18:00. In each sequence of predictions, estimated tem-
peratures (T̂tstat,m,t+1) were fed back into the model to
be used by the next prediction (i.e., at t+1). This strat-
egy leads to the accumulation of modelling errors over
the six-hour prediction sequence. A similar method was
used in the evaluation of single zone thermal models
based on CT data in Huchuk et al. (2020).

We determined the performance of the predictions for
a building’s period of predictions (p) using the root
mean squared error (RMSE) and the mean absolute
error (MAE) as:

RMSEp =√√√√∑N
t=1

∑M
m=1

(
Ttstat,m,t+1 − T̂tstat,m,t+1

)2

N ·M
(4)

MAEp =

∑N
t=1

∑M
m=1

∣∣∣Ttstat,m,t+1 − T̂tstat,m,t+1

∣∣∣
N ·M

(5)
The error metrics were aggregated for all CTs (M)
within the building at each timestep t and averaged
over all points in that period N . For our prediction
lengths, N = 12.

Results

In this section we present the outcomes of the training
and testing of our models.

Model training

For each building’s available testing days, each of the
four models were trained. Figure 4a shows the distri-
bution in RMSE for an available testing day ’s predic-
tion sequence separated by model and building. Fig-
ure 4b shows the same distributions but for MAE for
the same breakdowns by buildings and models as in
Figure 4a. We observe that the baseline is, unsurpris-
ingly, the worst performing model based on both met-
rics. Generally, we see the two black box models (i.e.,
the linear and random forest regression) have better
performance than the grey box model.

Model testing

Once trained, each model was used for a whole day
of predictions as described in the “Model training and
evaluation” section. Figure 5a and Figure 5b show the
distributions in the RMSE and MAE for the testing
days. Similar to the training results, we observe the
linear and random forest models being the best per-
formers across the portfolio of buildings with the me-
dian performance around 0.4◦C. The linear regression
model ultimately has the lowest median error across
over two-thirds of the test buildings.

Demonstration of predictions

We expected the predictions from the various models to
differ given the observed overall performance differences
in testing (Figure 5a and Figure 5b). Figure 6 shows
the prediction for a single building (where M=4) for a
single available testing day. We note that at the start of
a new prediction sequence (i.e., at 00:00, 06:00, 12:00,
and 18:00) there is an intentional break in the predic-
tion sequence. We observe in this example case that the
grey box model tends to accumulate errors more drasti-
cally and the coupled relationship of the temperatures
drives oscillations – visible in the top two thermostat
plots. The linear model, through the regularization of
its parameters, and the random forest through its tun-
ing and inherent bounds on values, does not suffer the
same parameter explosion resulting in more robust pre-
dictors.

Temporal effect to model errors

Figure 7 shows the median performance for each model
and building based on the prediction window (i.e., pe-
riods starting at 00:00, 06:00, 12:00 and 18:00). The
baseline and grey box models appear to have the most
varied performance based on when in the day the pre-
dictions were being made. The highest errors appear in
the 2nd and 4th prediction window (i.e., periods starting
at 06:00 and 18:00). The linear and random forest mod-



els are less sensitive to the prediction window. However,
the most variation in the performance of these models
happens during the 2nd and 3rd windows. Considering
the business hours of these buildings, we expect these
periods would be the most transient for the building
and could lead to higher median errors.

Discussion

The results above are an informative exercise for fu-
ture researchers investigating the training of multi-zone
thermal models from CT data. Under the same infor-
mative desire, we highlight a couple of key points of
discussion.

Challenges with the grey box model

Similar to the results observed in Huchuk et al. (2020),
tuning the parameters of the grey box model was chal-
lenging when applied to any generic building and the
parameters were not easily validated. Given that the
number of feasible solutions can be vast, grey box mod-
els should be verified against reasonable value ranges
to ensure reasonable physical meaning (Brastein et al.
(2018); Dimitriou et al. (2015)) but that is difficult to
accomplish on a large sample of buildings.

While the grey box models may be outperformed

when predicting indoor air temperatures by the black
box models, the grey box model does still allow for
physically-meaningful parameters to be learned and
compared if the model can be properly validated. This
may provide an alternative use case for the model class
if potentially linked to high-quality data related to
building audits, building envelope characteristics, or en-
ergy usage.

Application of the models

From a practical implication perspective, the relative
error achieved by our best performing model (i.e., lin-
ear model) may not be suitable for the active and real-
time control of the CT for three main reasons. First,
we only evaluated the model at a 30-minute resolution
while the CT needs to operate at near real time. Sec-
ond, the median accuracy of the thermal models, is
nearly the same as a size of a control dead-band on
these CTs (0.5◦C). This uncertainty could often lead
to incorrect control decisions being made. Finally, the
conversion of the runtime equipment ratios (q) need to
be translated into actionable control sequences which
needs to be further explored. More appropriately, the
black box models could be used by facility managers to
understand the temperature ramifications of planned
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Figure 4: Distribution in (a) root mean squared error and (b) mean absolute error values for each building and each
model type for all training data.
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Figure 5: Distribution in (a) root mean squared error and (b) mean absolute error values for each building and each
model type for all testing data.
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Figure 6: Demonstration of predictions for an available testing day for a random building with four thermostats.
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Figure 7: Median root mean squared error scores for each model and building based on the prediction window.

events such as a pre-cooling/heating events or optimal
starting of equipment.

Conclusion

To properly manage the HVAC systems of small and
medium commercial buildings, customized predictive
models need to be developed for each building. Re-
alistically these models need to be based only on the
measured data from low-cost and easily deployed con-
nected thermostats. Using a unique sample of 16 small
and medium commercial buildings which had under-
gone a control retrofit, we compared the performance
of candidate data-driven thermal models on multi-zone
and multi-hour predictions.

In the training of the multiple thermal zones simulta-
neously, we found a linear model which had been reg-
ularized using an elastic net model outperformed other
black box and grey box alternatives. While the lin-
ear model does not easily allow for additional insights
to be generated (i.e., in comparison to the physically
meaningful values of a grey box model), the linear form
makes it ideal for easy utilization across a wide variety
of buildings and as part of larger optimizations.
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Pŕıvara, S., J. Cigler, Z. Váňa, F. Oldewurtel, C. Sager-
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