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Abstract

Data-driven model predictive control (MPC) has gained
popularity as a proactive control strategy due to the
development of the Internet of Things (IoT) and data
storage technologies. To apply the data-driven MPC to
residential buildings, it is necessary to consider what data
to measure, how to control a target system, and which
prediction models are inserted. In this paper, we
investigate the effect of different datasets due to sensor
and controller set selection on data-driven model and
data-driven MPC performance. We confirmed that the
control variable according to the controller set affects
MPC performance considerably.

Key Innovations

e Data-driven MPC configurations with different
sensors and controller sets were evaluated in the
context of residential buildings.

e The feasibility of a simple statistical model as a
prediction model for data-driven MPC was
tested in the context of residential buildings.

Practical Implications

When creating a data-driven model, use training data
regarding the building operation range, which is not
biased. When evaluating a data-driven model in the MPC
context, it is appropriate to use rolling-window analysis.
When MPC is configured with multi-objective
optimization, weight in objective has a considerable
influence on performance.

Introduction

MPC is an effective control strategy that is receiving a lot
of attention among advanced control strategies applied to
building energy management. The main advantage of
MPC is the capability of offering optimal control using a
predictive model of disturbance or target system (Killian
& Kozek, 2016). Contradicting control objective can be
sufficiently considered while the optimal solution is
achieved, and energy can efficiently be managed through
demand response (Bianchini et al., 2016).

The prediction model utilized in MPC is categorized into
white-box, grey-box, and black-box models. The white-
box model describes building dynamics based on the
energy and heat balance equations. The grey-box model
constructs a model based on target system dynamics, and
the parameters are determined using a system
identification technique. The black-box model uses

measured input-output data to fit the system into a
statistical model without a priori knowledge about the
target system. The strength of the black-box model is that
it is easier to develop and implement in MPC in
comparison to white-box and grey-box models because
the black-box model doesn't require building blueprints or
physical parameters estimation (Drgotia et al., 2020).
Though a sufficient number of data is required to develop
areliable black-box model, increased data availability due
to the development of loT technologies enables the
prevalent use of data-driven models in MPC (Serale et al.,
2018). Since the model accuracy is crucial to guarantee
the MPC performance, sophisticated data-driven models
such as decision-trees or neural networks are often used
(Kathirgamanathan et al., 2021).

Implementing a data-driven MPC in residential buildings
needs a different MPC configuration in comparison with
commercial buildings. Unlike commercial buildings that
can collect data and control systems using building energy
management system (BEMS) or building automation
system (BAS), residential buildings have limited sensor
and controller sets (Serale et al., 2018). Installing loT
energy usage sensors for residential buildings have many
difficulties (Sovacool et al., 2017). For this reason, energy
usage are often measured indirectly, such as measuring
the difference of inlet and outlet water pipe temperatures
instead of installing a smart gas meter (Dong et al., 2015).
To overcome the limitation of a controller in residential
building, Lindelof et al. (2015) have built a controller by
connecting additional modules to an existing controller in
the dwellings.

This study analyzes the performance of MPC with a
simple statistical model based on data collected with
limited controller and sensor sets. The contribution of this
study is to identify the minimal sensor and controller sets
and the minimal requirements for a prediction model that
ensures the performance of the MPC while enhancing its
applicability. The target building is a residential building
unit, and the heating system is a boiler which supplies hot
water to the underfloor pipes for controlling the indoor
temperature of the zones. Autoregressive with exogenous
(ARX) models were created and applied to MPC based on
the data in which 2 controller sets and 2 sensor sets were
combined with disturbances data sets. We question
whether a simple linear model that considers time-
correlations can be sufficient to support the MPC,
particularly for residential buildings with a single heating
system. In addition, we set two types of energy usage
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sensors: (1) measuring boiler gas usage and (2) measuring
supply and return water temperatures in a pipe connected
to the boiler. The difference between return water
temperature (water coming from underfloor to boiler) and
supply water temperature (water coming from boiler to
underfloor) was replaced with boiler energy usage for
developing a prediction model. The effect of measuring
gas usage directly and replacing gas usage data with the
difference of water temperature on MPC performance was
investigated. Furthermore, we used 2 sets of the simplest
controllers applicable to stand-alone boilers. (1) a
controller has only the on/off state and (2) a controller has
on/off state and can control boiler water temperature
setpoint. If the satisfactory MPC performance can be
achieved by such a simple model, sensor, and controller
sets, the lean MPC configuration will help to reduce the
implementation cost of MPC (Sturzenegger et al., 2016).

Methodology

Figure 1 shows the overall design of the MPC framework
of this study. Before running the MPC, data-driven
models are identified with training datasets, which the
outputs of the virtual simulation model. We proposed the
strategy to generate the training datasets. The virtual
building model which used to make training datasets
represents the surrogate of the real building model in the
MPC framework.

When performing MPC, the virtual building delivered its
outputs to data-driven models. Fully predicted
disturbances data are also transmitted. The role of data-
driven models in MPC is to predict the outputs of the
control inputs and disturbances in optimization. When the
optimization is complete, the first optimum values are
sent to surrogate building models.

Before the MPC running Disturbances
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Figure 1: MPC Framework

According to sensor and controller sets, 4 MPC
configuration is tested.

1. Sensor: Measuring water temperature in a pipe
connected to the boiler
Controller: Control the boiler on/off signal
2. Sensor: Measuring water temperature in a pipe
connected to the boiler
Controller: Control the boiler on/off signal and boiler
water temperature setpoint
3. Sensor: Measuring gas usage of the boiler
Controller : Control the boiler on/off signal
4. Sensor: Measuring gas usage of the boiler
Controller: Control the boiler on/off signal and boiler
water temperature setpoint
To analyze the effects of these 4 combinations, we
experimented with varying weights in multi-objective
optimization. In this study, the boiler was used to supply
hot water only for underfloor heating, not for domestic hot
water.

Virtual Building

We used a virtual simulation model as the surrogate of a
real building to construct data sets for developing data-
driven models and test different MPC configurations. The
target residential building unit was created in TRNSYS as
the virtual building.

The virtual building was used as a surrogate model to
provide indoor temperature and heating energy usage data
for development of data-driven models. Regarding
heating energy usage, the boiler's gas usage or the
difference between the boiler's supply and return water
temperatures was utilized from the simulation results
depending on the scenario of available sensor sets.

Data-driven models were developed on the basis of
simulation results of the TRNSYS building model. The
input sets of data-driven models are boiler signal, boiler
setpoint, outdoor temperature, outdoor relative humidity,
occupancy presence, and equipment electricity usage. The
outputs are indoor temperature and gas usage of the boiler
or difference between the supply and return water
temperatures.

The TRNSYS component type 56 was used to model the
target residential apartment unit with 40m?2. The heating
system is configured with underfloor heating with a boiler.
The boiler was modelled based on the modified
component of type 122, and the underfloor heating system
was modelled with the TRNBuild's active layer. The
simulation runs from November to February in Seoul, the
Republic of Korea during the winter season. The time step
of the simulation is 10 minutes, which is the same as the
MPC control time step.

Datasets for data-driven model

In a data-driven model, the quantity and quality of
training data determine the predictive accuracy and
predictable range of the model. As the result, the training
data impacts the MPC performance. Therefore, we
created datasets with a sufficient amount of data covering
a wide building operation range and used these full
datasets as training data for developing prediction models.

Datasets used for the data-driven models consist of inputs
and outputs, and inputs include control inputs and
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disturbances. Control inputs are decision variables that
the optimization solver searches in a searching space for
an optimal solution during the optimization process.
Disturbances are variables that the solver cannot change

but influence the effect of control inputs on model outputs.

Control inputs of the boiler are on/off signal and boiler
water temperature setpoint (BSP). The control state of the
boiler is determined by when the signal is turned on, for
how long, and at which temperature setpoint the boiler is
set. The indoor temperature is typically considered to
trigger the change in the control state. As creating a model
that predicts even an undesirable input-output set is
unnecessary (e.g., keep turning on the boiler when the
indoor temperature is over 35°C), the range of indoor
setpoints was assumed to be 20~28°C for a feasible wide
searching space. Therefore, creating data about turn-on
time (the time step when the signal is on) and turn-on
duration (the length of the time steps when the signal stays
on) was in accordance with differences in the indoor
temperature and associated deadband.

A simple heating thermostat with the following control

logics was used to create the data containing different
control input values. When the indoor temperature is

lower than indoor setpoint — 0.5deadband, the signal is on.

If the indoor temperature is higher than indoor setpoint +
0.5deadband, the signal is off. The indoor temperature
setpoint and associated deadband were used to contain the
training data with varying starting time and lengths of the
turn-on duration; when the indoor temperature setpoint is
high, the turn-on duration would be longer than when the
indoor temperature setpoint is lower. Likewise, the higher
deadband yields longer turn-on durations rather than the
shorter deadband. Thus, changing the indoor temperature
setpoint and deadband randomly can yield various turn-
on duration sets, which was selected as the data collection
strategy in this study. We maintained one specific indoor
temperature setpoint throughout one simulation run and
changed it when performing a new simulation.

There are two deadband strategies related to the turn-on
duration: (1) Strategy 1 - set randomly when the signal is
on and stay constant during the turn-on duration and (2)
Strategy 2 - set randomly during the turn-on duration. The
changing-deadband strategy (strategy 2) would contain a
much more dynamic pattern than the constant deadband
strategy (strategy 1) during the turn-on duration. Then, the
final signal patterns were determined by considering
occupancy, which will be discussed later.

The training data about the boiler setpoint was created in
a similar manner as those about the deadband:
(1) Strategy 1 - set randomly when the signal is on and
stay constant during the turn-on duration and (2) Strategy
2 - set randomly during the turn-on duration. The model
trained with these datasets would capture the outcomes of
changing and maintaining boiler setpoint.

Disturbances used in the optimization process are weather
and occupant behavior. The outdoor temperature and
outdoor relative humidity are used as key weather
variables in prediction models, which explained sufficient
variances in the building performance due to weather

conditions. We excluded solar radiation as disturbances
because solar radiation data is often not publicly available.
4 months of weather data (November to February) in
Seoul were used. A deterministic user profile of occupant
behavior including occupancy presence and electricity
equipment usage is not sufficient to diversify the effect of
occupant behavior on building indoor environmental
quality and energy performance. Furthermore, as the
occupancy and power usage patterns are closely related,
it is not easy to generate occupancy profiles like a signal
or boiler setpoint (Kleiminger et al., 2013). So we used
ECO datasets, which contain actual electricity
consumption and occupancy detection data collected for
8 months (Beckel et al., 2014). From these datasets, we
classified each of the 5 household data into
weekday/weekend data. Thus 4 months of 5 occupancy
and power usage patterns were created.

Occupant behavior affects building energy management
in two ways in full datasets. First, a simple thermostat runs
only when an occupant is present in the zone. In the
optimization stage, heating would not turn on when no
occupants are expected to be present in the zone. Training
datasets should contain data on long turn-off periods
expected to occur when MPC is applied. Deadband effects
on-duration, but it cannot be guaranteed that not heating
for a long period is considered enough. Therefore, to
diversify the signal on-off pattern, an occupancy presence
schedule is inserted so that heating is performed only
when there are occupants in the zone. The second effect
of occupant behavior is an increase in the indoor
temperature due to increased internal heat gains. The
plug-in electricity use was used as one of explanatory
variables for data-driven prediction models.

Therefore, the number of simulations required to change
the indoor setpoint of the simple thermostat is 9, for
thermostat deadband strategies is 2, and for boiler setpoint
strategies is 2. In 36 simulation sets (9 x 2 x 2) made by
a combination of these control variables, weather and 5
occupancy behavior data were arranged. Table 1
summarizes the full datasets, which the list of inputs and
associated data range used for data-driven models.

Table 1: Full datasets: data sets in data-driven model

Number of
Target Inputs How to generate Datasets
(Range)
Tin,setpoint ~2Q0,
Control Inputs (Simple thermostat) 9 (20~28°C)
Signal Deadband 2
(Simple thermostat) | (Strategy 1, 2)
Control Inputs Boiler setpoint 2
Boiler Setpoint (Boiler) (Strategy 1, 2)
Disturbances
Seoul TM2 1
Tout' RHout
Disturbances
Oce, Elec ECO datasets 5
Models

We choose parametric linear models with time-
correlation terms to predict the indoor temperature and
boiler energy usage of the residential building. Because
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the target building and associated heating systems are not
as complex as commercial buildings with large-sized
HVAC systems, we question whether an ARX model with
considering time correlations would reliably predict the
performance of residential building. The ARX model can
be written as

y© +ay(t—1) + -+ a,,y(t—n,)
= box(t) + -+ + by, x(t — 1) + e(t) (D

where y is the model output, x is the model inputs, e is the
white noise errors, n, is the number of poles, and n,, is
the number of zeros.

In this paper, the model output y is indoor temperature
(T;,) , the boiler gas usage (gas), or the difference
between supply and return water temperatures (AT, ).
Model inputs x is grouped into control inputs and
disturbances. Control inputs are the signal and boiler
setpoint, and disturbances are the outdoor temperature,
outdoor relative humidity, occupancy presence, and
equipment electricity usage. We used that model order of
ARX (ng,ny)ashs.

Table 2 summarizes the outputs, inputs, and model order
of 6 ARX models. 6 ARX models were created with
different combinations of dependent variables (outputs)
and independent control variables. gas and AT,, were
predicted only when the signal is on. System
identification was performed through least-square
estimation of MATLAB R2020b.

Table 2: 6 ARX models with model configuration

Outputs Inputs _ Inputs Model

(Control) (Disturbances) Order
T; Signal Tout, RHoye, Occ, Elec 5
AT, Signal Tout, RHoye, Occ, Elec 5
gas Signal Tout, RHoye, Occ, Elec 5
T; Signal, BSP | Ty, RHoue, Occ, Elec 5
AT, Signal, BSP | Ty, RHoyt, Occ, Elec 5
gas Signal, BSP | Ty, RHoyt, Occ, Elec 5

MPC configuration

The objective of the optimization problem in MPC is
minimizing the boiler energy usage and tracking the room
temperature to a reference point for occupant’s thermal
comfort. The process of implementing the ARX model in
MPC optimization problems is detailed in Huusom et al.
(2010). Since the binary signal (on/off) is used as the
control variable, the problem was solved by the mixed-
integer quadratic programming (MIQP).

min J=v+wu'Qu (20)
s.t —v < [Tin (t+klt) - Tin,setpoint]occ =V

Wk =1-N (2b)

40u; < uy < 60u, (2)

u, €{0,1} (2d)

Where J is the objective function, v is the slack variables
vector on the indoor temperature, w, is the scalar weight
value of the boiler energy usage term, u is the control
variables (signal/signal, boiler setpoint) vector in the
prediction horizon, Q is the coefficient matrix
corresponding to boiler energy usage, T;, (t + k|t) is the

indoor temperature value at time step t+k predicted at time
step t, Tin setpoine 1S the indoor temperature reference

value, equal to 24°C, [T;,(t + k|t) — Tin setpoine] . i

occ
the violation of the indoor temperature reference when

occupant is present in the zone, N is the prediction horizon,
equal to 36 (6 hours), u, is the boiler signal, and u, is the
boiler setpoint. The control time step is 10 minutes, and
the control haorizon is the same as the prediction horizon,
36 time steps.

Depending on the controller, control variables can be
different. If the controller supports only the signal on/off,
only the signal u, will be included in the control variable
u. If the controller can control the signal and boiler
setpoint, both signal u,; and boiler setpoint u, will be
included.

Minimization of boiler energy usage is accomplished in
two ways. First, when the difference between supply and
return water temperatures measured, AT,, represent boiler
energy use for energy minimization in the objective
function. Second, when the gas usage measured, gas was
used in the objective function. Since AT, and gas
prediction models are estimated to predict only when the
signal is on, the signal is multiplied in a quadratic term in
the objective function. This formulation was designed to
make the gas energy usage 0 when the solver calculates
signal as off in the optimization process.

Optimization was carried out for one month from
December 1 to December 31. The CPLEX 12.10
optimization solver was used for solving MIQP problems.

Climate data used in full datasets and ECO data sets were
used for testing the MPC performance. During the
optimization process, it was assumed that all disturbances
are perfectly predicted. This assumption was necessary to
limit the factors affecting MPC performance to the data
that can be collected, the type of controller, and the model
and optimization configurations.

Results
Results — Prediction models

The model predictive accuracy plays a major role in the
MPC performance. The models in MPC predict the
outputs in relation to control inputs and disturbances
inputs during the prediction horizon on the optimization
stage. Thus, we used a rolling-window analysis to see how
well the model explains the data on each prediction
horizon.

In the rolling-window analysis, the prediction accuracy
was calculated by comparing the predicted value with the
measured value over the prediction horizon. Then it goes
to the next prediction horizon (rolling window), calculates
the prediction accuracy, and repeats this over the entire
regime of full datasets. The indicators used to evaluate the
model accuracy are the root mean square error (RMSE)
and the coefficient of variation of RMSE (CV-RMSE).

RMSE= |y it 3)

i=1 n

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

2674
https://doi.org/10.26868/25222708.2021.30750



INTERNATIONAL
BUILDING
PERFORMANCE
SIMULATION
ASSOCIATION

n Q=3
1= n
-_ 4
7 4
Where y; is the measured value, ¥, is the predicted value,
¥ is the mean of the measured value, and n is the number
of values. The prediction accuracy of the model was
calculated by averaging the model accuracy evaluated in
each window. How well the model deals with variable
building use and operation conditions can be expressed by
the standard deviation of the prediction errors. The
averages and standard deviations of the prediction
accuracy for six ARX models are shown in Table 3.

Table 3: Prediction errors of 6 ARX models

CV — RMSE =

cont. | Dep, RMSE CV-RMSE
Var. Var. Mean Std. Mean Std.
Tin 024 | 027 | 0010 | 0.010
Signal | a7, | 105 | 042 | 0087 | 0.043
gas | 3629.31 | 143058 | 0.086 | 0.042
Tin 034 | 030 | 0014 | 0012
Ségst‘;' AT, 203 | 078 | 0242 | 0123
gas | 7029.93 |2677.94| 0.238 | 0.120

Table 3 shows that the indoor temperature model is much
accurate than the AT, and gas models. The prediction
errors of the AT,, and gas models is quite similar. The
models of all three dependent variables show a better
prediction accuracy when the control variable has only a
signal than when the boiler setpoint is included. When a
boiler setpoint is added, the prediction error of the indoor
temperature model increases by 50%, and in the case of
the energy usage models, it increases about three times.
These results suggest that as the fluctuation of the output

due to the added boiler setpoint is not sufficiently
captured by the ARX model in comparison to the case
when there is only signal as a control variable.

Figure 2 plots three prediction models and corresponding
boiler setpoints over a specific prediction horizon. Figure
2a shows the results when the signal is the only control
variable, and Figure 2b is when both the signal and boiler
setpoint are control variables. In both cases, the AT,, and
gas prediction models shows similar graph outline, which
would be the reason why the prediction accuracy of AT,
and gas usage prediction model is almost the same. When
the boiler setpoint changes randomly over the turn-on
duration, the energy usage shows discrete-step patterns,
which deteriorates the prediction accuracy of ARX
models. Thus, when the solver presents a solution that
changes the boiler setpoint in the optimization stage, the
prediction model may not predict the correct output,
consequently biasing the optimal solution in MPC
applications.

Results - MPC

The performance of MPC was evaluated based on the
comfort violation level and boiler gas usage. The comfort
violation level is the absolute average of the differences
between the indoor temperature and reference
temperature when an occupant is in the zone. The gas
usage is the sum of boiler gas usage during one month,
which is the period of MPC execution. We also
investigated the effect of the objective function's weights
on the performance of MPC with the multi-objective
optimization. While fixing the weight of the indoor
temperature term, the weight of the boiler energy usage
term is changed. In order to compare the effects of the
AT,, and gas usage model on MPC solely in terms of the
prediction accuracy, the ratio of AT,, to gas usage was
derived from full datasets and reflected in the weights of
each optimization. Table 4 shows all the results of MPC
with varying control variables, dependent variables, and
weights
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Figure 2b: Measured and predicted value when signal and boiler setpoint are control variable. Boiler setpoint set
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Figures 3, 5, and 6 show the average values of the MPC

performance index to see the effect of the controller sets,

sensor sets, and objective weights on MPC performance,

respectively.
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Figure 3: MPC performance corresponding to control
variable setting. (except the case when weight is 3.3)

Figure 3 shows the result when only signal is used for
control variable and when signal and boiler setpoint are
used together. Comparing the control variable with only
signal and with boiler setpoint, comfort violation
increased by 14.4% and gas usage decreased by 3.7%
when the only signal was entered into the prediction
model. However, when excluding the case when the
weight is 3.3, comfort violation decreased by 8.1% and
gas usage decreased by 3.0%.

The main reason that the MPC with the only signal
performs better than the MPC with signal and boiler
setpoint would be the difference in the prediction
accuracy of the model. Figure 4 shows the indoor
temperature, boiler setpoint, and gas usage from 13:50 to
19:40 on December 17, and the predicted values of the

Boiler Setpoint

Figure 4b: Measured value and predicted value in
prediction horizon while performed MPC when signal
and boiler setpoint are control variables

indoor prediction model and gas prediction model are
predicted at 13:40. The signal is turned on only when the
boiler setpoint has a positive value. Figure 4a is a model
that contains only signal as a control variable, and Figure
4b is a model predicted with a boiler setpoint. In both
cases, the CV-RMSE of the room temperature prediction
model is 0.021 and 0.024 in Figure 4a and Figure 4b, but
the CV-RMSE of the gas usage prediction model is 0.030
and 0.165. Even when performing MPC, the prediction
accuracy of the gas usage prediction model is greatly
reduced when the boiler setpoint is entered into the
control variable. Compared with the only signal case and
signal with boiler setpoint case shows that increasing
control variables may not increasing MPC performance,
surprisingly.
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Figure 5 : MPC performance corresponding to control
dependent variable
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Figure 5 shows when energy usage is expressed in
AT,, or gas usage, the performance is almost the same. The
reason is that the model accuracy of AT,, and the gas is
almost the same and the formulation of the model and the
resulting optimization configuration is identical. This
comparison shows that it could be effective to measure
AT,, when it is difficult to measure gas usage on-line in a
residential building that heating with a boiler.
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Figure 6 : MPC performance corresponding to weight in
objective function

Figure 6 shows the effect of the weight to the performance
of the MPC when configuring an MPC in a residential
building with simple sensors and controller sets. When the
weight of the energy usage term equals 1, the comfort
violation is within 0.5°C, so the thermal comfort level is
fairly well maintained. Therefore, we examined how
much gas usage decreases by increasing the coefficient of
the energy usage term. When the coefficient increased
from 1 to 3.3, gas consumption decreased by 5.2%, but
comfort violation increased more than 240%. Incorrect
weight setting can lead to an unintended trade-off
between the two objectives. This result shows that weight
control in multi-objective MPC has a great influence on
MPC performance as well as priority between
optimization objectives.

Conclusion

Data-driven MPC performance was analyzed under
different sets of limited sensors and controllers under the
context of a residential building. The ARX model showed
high prediction accuracy for indoor temperature, but
boiler energy usage is not sufficiently captured with the
ARX model. The reason why the ARX model did not
show high prediction accuracy in predicting the boiler
energy usage is that the boiler energy usage showed a
significantly different trend depending on how long the
boiler was turned on. As a result, one set of the linear
coefficients covering the whole operational regime
showed a poor performance for predicting the distinct
boiler energy usage patterns for varying time points of
turn-on durations. Changing the sensor sets did not
significantly change the model prediction accuracy or
MPC performance. The sensor that measures gas usage
can be replaced with a AT, sensor that is relatively easy
to implement. Whether boiler setpoint included in control
inputs influences the performance of the MPC. We found

that a set of controllers with more control capability can
rather degrade MPC performance. Finally, we inspected
how the performance of MPC with multi-objective term
changes according to the weight of terms in the objective
function. Depending on how the weight is tuned, comfort
violation fluctuates more than 200% when gas usage
changes around 5%.

The major assumptions in this study are idealized
collected datasets and fully predicted disturbances. So in
further works, we will look at the impact of the effective
training data collection strategy on data-driven MPC. We
will analyze the changes in MPC performance depending
on how we replace this disturbance with a prediction
model or use on-line external data sources such as weather
forecasted data. Due to the low accuracy of the boiler
energy consumption model when using the ARX model,
we will study the effect on data collection and
optimization when replacing it with a sophisticated
statistical model.
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