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ABSTRACT
This study aims to improve the easiness of utilizing the
grey-box model (i.e., Resistance-Capacitance circuit) for
Model-based Predictive Control (MPC). The primary
barrier of implementing the MPC is estimating the
control-oriented building model that needs to be
computationally inexpensive and quick but reasonably
precise in predicting building load and indoor conditions.
The estimating of the model parameters becomes more
complicated when the building scale is larger; e.g.,
multi-zone building. In this study, a decentralized
approach is introduced; each zone is split and
individually estimated with measured boundary
temperature from adjacent zones integrated into one
single system model. The proposed decentralized
method is demonstrated with experimental data from a
full-scale multi-zone test cell compared with the
centraliozed reference case.

INTRODUCTION
Commercial buildings consume more than 19% of the
total energy usage in the US, and Heating, Ventilation
and Air Conditioning (HVAC) systems account for 27%
of energy consumption (DOE 2011). Therefore,
reducing excessive electricity consumption and peak
demand for the commercial sector is one of the most
urgent tasks. The advanced control of the building and
its HVAC system is considered as a solution to resolve
the building energy-related issue.
The MPC, one of the most advanced control strategies,
is expected to save the building energy consumption by
optimizing control sequences using the building thermal
model and its HVAC system models with weather and
disturbances forecasts (Rawlings et al. 2018). At each
time-step, an optimal control problem is solved over a
prediction horizon based on the predicted building
thermal behavior and disturbances. Then the first control
sequence is implemented to the system, and a new

optimal control problem is solved with new predicted
information.
A number of studies have shown the energy-saving
potential through the MPC approach for the commercial
building sector. In a simulation study with a single zone
served by an air-cooled chiller model, around 10~16%
of cost-saving is achieved from the multi-agent
distributed optimization targeting the minimum monthly
electricity bill including the HVAC operation and
demand cost (Cai et al. 2016). Also, a multi-zone
simulation study shows the superior control performance
(i.e., 4% of energy-saving) of the simplified MPC to the
heuristic rule-based control by utilizing the pre-cooling
of the building thermal mass with a direct expansion air
conditioning system as an HVAC source (Cai and Braun
2015b). And when the MPC is applied to a tall multipurpose building, electricity cost is reduced by 36% and
25% in cooling and heating seasons, respectively
(Bianchini et al. 2019). Moreover, in the case of the
system with large thermal mass (e.g., radiant floor
system), the significant amount of the saving is achieved
(e.g., 27 to 34% of cost-saving compared to a feedback
control) (Joe and Karava 2019, Joe et al. 2018).
The grey-box building model is in the middle of the
white-box and black-box models that are fully based on
physics and data-driven, respectively (Arendt et al 2018).
Compared to others (e.g., black box and white box
models), the grey-box model has distinct advantages.
The model structure and its parameters preserve the
physical insight resulting in the most robust data-driven
model unlike a subspace model (e.g., N4SID, a
numerical algorithm for subspace state-space system
Identification). Also, it is possible to predict the longer
building thermal dynamics (e.g., several hours or days)
while the classical system identification-based models
such as prediction error method (PEM) only predict the
one-step (e.g., one hour) updating the model parameters
with the most recent data of the control input,
disturbances, and resulting building dynamics. For this
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reason, a number of previous studies reported its robust
performance. One good example is presented for a
residential building model that leverages machine
learning to improve the prediction performance (Cui et
al. 2019). Also, in a commercial building sector, the
multi-zone building served with air handling units (AHU)
is modeled with systematic approach by splitting the
entire multi-zone into a couple of multi-zone according
to the degree of the thermal coupling in order to reduce
the number of estimated parameters (Cai and Braun
2015a) and minimizing the unmeasured disturbances,
namely lumped disturbance model based on the
theoretical background (Kim et al. 2016 and Kim et al.
2018). And radiant floor system is modeled in a single
zone based on the multi-agent approach with a
distributed optimization method (Joe and Karava 2016)
which is implemented to an actual building for the
demonstration of MPC (Joe et al 2018).
However, constructing a precise control-oriented
building model is one of the main barriers to implement
the MPC to the building in reality. Engineering cost for
the control-oriented building model is reported about 70%
of the total project budget (Henze 2013). At the same
time, without the fine model, superior/accurate MPC
performance is not guaranteed; the impact of the building
model on the building energy usage with the MPC
approach is reported by about 20% (Blum et al. 2019).
With regard to the grey-box model, specifically, RC
circuit in this study, optimization for estimating the
model parameters is challenging due to its nonlinear
nature; specifically, model parameters including the
resistance and capacitance are nonlinear with the
objective function which is typically the summation of
squared deviation between the predicted and measured
temperature trajectories.
Moreover, as the building scale becomes larger (e.g.,
multi-zone), the dimension of the estimate parameters is
increased which burdens the computation and decreases
the optimality of the solution. Also, in the case of the
multi-zone, the objective function is the summation of
the error of each zone and model quality might depend
on the degree of the fluctuation for each zone; e.g.,
parameters tend to be well estimated for more excited
zones. In this regard, a decentralized approach for
modeling the control-oriented building model needs to
be developed which is flexible, scalable, and applicable
to large-scale building applications such as multi-zone,
the whole building, or building clusters.
This study aims to develop the decentralized modeling
method for the grey-box model in MPC applied to the
building/HVAC system. In order to validate the method,
the experiment is carried out with a full-scale unoccupied
multi-zone commercial building. The model parameters
for every single zone are estimated individually and then

integrated without further optimization. The prediction
performance of the estimated and integrated building
model is discussed with the estimation and validation
sets.
In this study, a methodology is discussed first with a
general example for decentralized modeling and then the
case study modeling is presented based on the
experiments conducted in a full-scale multi-zone
building. The prediction performance of the
decentralized method is compared with the conventional
centralized case.

METHODOLOGY
Control-oriented building model
In this study, a grey-box model that consists of a
resistance/capacitance (RC) circuit is estimated in a
state-space formulation. Building thermal systems are
built from a heat balance equation in the form of a 1st
order differential equation with parameters such as
Resistance (R) and Capacitance (C) and coefficient
multiplied to the disturbance inputs. In order to utilize
the advanced control strategies, those systems of
equations are formulated with one system in a matrix
form with a state-space formulation. The matrices A and
B consist of the R, C, and coefficients multiplied to the
disturbance inputs. A continuous-time state-space linear
system is defined by the following equations:
(eq 1)
𝑥𝑥̇ (𝑡𝑡) = 𝐴𝐴𝐴𝐴(𝑡𝑡) + 𝐵𝐵𝐵𝐵(𝑡𝑡)
(eq 2)

𝑦𝑦(𝑡𝑡) = 𝐶𝐶𝐶𝐶(𝑡𝑡) + 𝐷𝐷𝐷𝐷(𝑢𝑢)

Equation 3 represents the optimization formulation to
estimate the building parameter set denoted as θ that
consists of multiple R, C, and α. Due to the non-linearity
between the parameter set and the objective function
(typically two-norm, root mean square error (RMSE)),
the nonlinear optimization method needs to be utilized.
𝑌𝑌� and Y represents the predicted and measured room air
temperatures. The i and n mean the time and number of
data.
(𝑌𝑌�(𝜃𝜃)𝑖𝑖 −𝑌𝑌𝑖𝑖 )2

𝜃𝜃 ∗ = argmin ∑𝑛𝑛𝑖𝑖=1 �
𝜃𝜃

𝑛𝑛−1

(eq 3)

Decentralized approach
Rather than estimating all parameters in one
optimization problem, the decentralized approach scales
down the optimization problem from the multi-zone
level to multiple single zones. Figure 1 represents the
generic example of this approach. This is two multi-zone
exposed to an outdoor environment. Each zone consists
of one state and outdoor air temperature as a boundary
temperature. With the conventional centralized approach,
this is 2C4R model and reduced to 1C2R model in a
decentralized approach. The number of estimate
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parameters including the R, C, and the coefficient is
reduced from 8 to 4. And we reasonably assume an
imbalanced thermal coupling between two zones; e.g.,
bidirectional airflow through the gap under the door.

Figure 2 Front view(top) and plan drawing (bottom) of
the test-bed

Figure 1 Generic example of decentralized estimation
Model performance evaluation
We use the RMSE to quantify the prediction error of the
estimated building model as shown in equation 4. Tmeas,i
and Tsimu,i represent the measured and simulated room air
temperatures.
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �

∑𝑛𝑛
𝑖𝑖=1�𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 −𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖 �

𝑛𝑛−1

2

(eq 4)

CASE STUDY WITH FULL−SCALE
MULTI−ZONE BUILDING
Test-bed description
The flexible research platform (FRP) in Oak Ridge
National Lab is used for the test. This is a two-story
lightweight commercial building that represents typical
small office buildings built in the 1980s in the U.S. The
FRP has 10 conditioned zones with 2 unconditioned
zones (i.e., staircase) with 0.4 m thick exterior wall as
shown in Figure 2. The FRP is an unoccupied research
apparatus in which occupancy is emulated by process
control of lighting, humidifiers for human-based latent
loading, and a heater for miscellaneous electrical loads
(MELs). The 44 kW rooftop unit (RTU) conditions the
zones with an air handling unit (AHU) and variable air
volume (VAVs) boxes in each room.

A weather station on the roof measures outdoor air
temperature, relative humidity, and solar radiation. In
addition, wall-mounted pyranometers installed in each
external wall (North, East, South, and West) measure the
vertical solar radiation on each wall. Each room air
temperature is measured in the center of the room with a
cylinder-type temperature/humidity probe. The same
type of sensor measures the supply air temperatures in
all 10 VAV boxes. Airflow rate entering all individual
rooms are measured in VAV boxes with flowmeters. The
power consumption of the heaters & humidifiers and
lighting that are controlled remotely with pre-defined
schedules are measured in each room and floor level,
respectively.
Experimental design for modeling
In order to decorrelate the exogenous inputs (e.g.,
outdoor air temperature and solar radiation) and control
input (i.e., cooling rate from AHU), FRP has been
operated with and without HVAC system for every 3
hours to generate the perturbed control input. With this
HVAC operation, room air temperatures of all rooms
free-float without an HVAC system, and the HVAC
system is turned on to reduce the room air temperature
with the cooling provided. All internal heat gains from
the heaters, humidifiers, and lightings are controlled with
typical office schedules, which are measured. The
interior doors are closed however it has the gap on the
bottom likewise a typical door where the Interzone air
flow might occur.
The test is conducted for 13 days from Sep 20th to Oct
2nd, 2019. Prior to the test, the building was being
conditioned in a typical office occupied and unoccupied
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schedule. Those and the first day of the test period are
used as warm-up days. The two days’ data in Sep 21st
and 22nd is used for the estimation, and another two days
are added at the end of the estimation period for the
validation (i.e., Sep 21st to 24th as a validation period).
Reference case: centralized approach
The conventional centralized optimization is carried out
as a reference case. Figure 3 shows the thermal network
of the building model in a centralized approach (2nd floor
only without heat flux inputs for simplicity). The
structure of the model is 20C36R with 17 coefficients
multiplied to the disturbance input (e.g., solar radiation).
The total number of the estimated parameters is 70. Each
zone has two capacitances for the room air and envelope.
The heat transfer between the floors and interior wall are
assumed ignored; e.g., adiabatic boundary likewise one
of the literature (Cai and Braun 2015b; Cai et al. 2016).
However, the model has an imbalanced thermal coupling
(two resistances, as illustrated in Figure 3 with two
arrows) between the perimeter zones and core zone
through the door; i.e., potential bidirectional air
movement under the door.
The convection/radiation heat gain from the internal
equipment to the room air and envelope is set based on
the assumption due to the lack of specific reference. The
60% of the internal heat gain from the heaters and
humidifiers goes to the room air roughly adopting the
convection/radiation ratio for typical office equipment
from the literature that has more weight on convection
(Hosni et al. 1999). And that of lighting heat gain is also
roughly adopted from the ASHRAE fundamental (Ch.
18); 60% goes to the envelope as radiation (ASHRAE
2017).
The initial values for all estimated parameters are set
based on the drawing and reasonable assumptions; e.g.,
room air capacity is set from the room volume and
specific heat of the air, and the room capacity is upper
bounded only. The typical convective heat transfer
coefficients (3.05 W/(m2K) and 17.7 W/(m2K) for inside
and outside respectively) are adopted from building
energy simulation programs (e.g., TRNSYS (TRNSYS
16 2007)) to calculate the initial thermal resistance
between the outdoor, envelope, and room air. In order to
reduce the engineering cost and improve the easiness of
the large-scale multi-zone modeling, roughly averaged
values are used for the initial value; e.g., different design
for each room is averaged. Their lower and upper bounds
are set with the power of ±102 (i.e., θ0×10-2 ≤ θ ≤
θ0×102). The fmincon is used in Matlab environment as
a nonlinear optimization solver (Mathwork).

Figure 3 Thermal network of a centralized model
Figure 4 shows the modeling results of estimation and
validation sets for the 2nd (top) and 1st (bottom) floor.
Mostly, the RMSE is higher than 1℃; their average for
each floor are 1.5℃, 2.2℃, and 1.2℃, 1.2℃ for
estimation (2days) and validation (4days) sets (i.e.,
prediction horizons are 2days and 4days and time-step is
15min). The highest and lowest RMSE is 4.3℃ (room
103) and 0.9℃ (room 204) in a validation set as shown
in Figure 5. The prediction trend mostly follows the
measurement, however, this model is not reliable enough
to be used for MPC simulation study and implementation.

Figure 4 Estimation and validation results of a
conventional centralized approach

Figure 5 Room air temperature comparison of
integrated model validation in a centralized approach
(top: best case, bottom: worst case)
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Decentralized approach
Single zone estimation and validation

Figure 6 Thermal network of a single zone in a
decentralized approach
Figure 6 shows the single zone (room 205) in a
decentralized approach as an example. The number of
estimated parameters is 7 including two capacitances,
three resistances, and two coefficients multiplied to the
disturbance inputs (e.g., solar radiation). The multiple
estimations for the individual room are carried out
sequentially with boundary temperature trajectories from
the adjacent zone (i.e., only between the core and
perimeter zone) for two days. Then, the simulation for
the validation set runs with an additional two days added
at the end of the estimation set.

Figure 7 Room air temperature comparison for
estimation and validation along with disturbance and
control inputs (room 206, the worst case).

Figure 7 represents the modeling results with
decentralized approach for room 206 (the worst case); it
shows room air temperature comparison (Troom.exp and
Troom.est) of the estimation (day1~2) and validation
(day1~4) results along with disturbance inputs (i.e.,
outdoor air temperature (Troom), solar radiation (Qsol),
internal equipment heat gain (Qint), lighting heat gain
(LGT)) and control input (i.e., cooling rate from
AHU/VAV (QAHU)). The RMSE of the estimation and
validation sets are 0.7℃ and 0.6℃, respectively. The
prediction performance is improved (roughly half cut of
error) compared to the conventional centralized
approach; e.g., 1.2℃ vs. 0.6℃.
Integrated model validation
Estimated single zone models are integrated into one
model (likewise Figure 3) without further estimation
efforts. However, this work requires cumbersome
engineering costs. In order to improve the easiness of this
integration procedure, every single system is input to the
integrated model in a loop fashion; e.g., for loop. And
coupling terms between the core and perimeter zones are
input manually (red resistance in Figure 3).
Figure 8 shows the RMSE of the integrated model along
with estimation and validation sets of individual singlezone modeling. The averaged RMSE of each floor is 0.5℃
and 0.6℃ in a validation set with the integrated model.
And Figure 8 shows the best and worst-case which are
room 106 and 206). Their RMSE is 0.4℃ and 0.7℃.
When the model is integrated, the error of the adjacent
zone impacts on the target zone temperature prediction
while the actual estimation is carried out with
measurement of the neighboring zone as a boundary
temperature. This error can be accumulated in time. This
effect seems not significant in this study due to the
improved performance of the single zone models.

Figure 8 Estimation and validation results of a
decentralized approach
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angle in a year. The appropriate optimal control
formulation will be developed based on the estimated
building model in this study and developed/identified
HVAC model (rooftop unit (RTU) with a direct
expansion (DX) system for this study).
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Figure 9 Room air temperature comparison of
integrated model validation in the decentralized
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Table 1 shows the minimum, average, and maximum
RMSE of rooms in all 4 cases. As the decentralized
model development proceeds, the RMSE increases. The
final integrated model is much accurate than the
conventional centralized model.
Table 1 Minimum, average, and maximum RMSE (℃)
of rooms in all cases
Centralized
Decentralized
Integrated
Single
Single
Integrated
zone
zone
zone
zone
validation estimation validation validation
min
0.89
0.28
0.36
0.39
avg

1.70

0.43

0.50

0.55

max

4.33

0.67

0.74

0.75

CONCLUSION
This work proposes the decentralized approach to the
multi-zone modeling for MPC application. Experimental
data from the actual full-scale building is used for the
demonstration. The integrated model shows good
prediction performance. This method is scalable and
applicable to the larger-scale building system. Specific
findings from this work are summarized as follows:
•

As a reference case, the prediction performance
of the centralized model is limited to be used.

•

Single zone modelings were successful with
measured boundary temperature from an
adjacent room in the estimation and validation
set.

The prediction performance of the final multizone model decreases slightly when integrated
however still good to be leveraged for the actual
implementation.
The estimated multi-zone model is planned to be used
for the implementation of the cooling season in 2020.
Some of the estimated model parameters need to be
adopted as needed; e.g., coefficient multiplied to the
solar radiation input that possibly depends on the solar
•
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NOMENCLATURE
Symbol
A
B
C
C
D
i
n
R
t
T
u
x
y
𝑌𝑌�
Y
θ

Meaning
state matrix in state space formulation
input matrix in state space formulation
output matrix in state space formulation
capacitance
feedthrough matrix in state space
formulation
time (15min)
number of data
thermal resistance
time in continuous system
temperature
system input of the state space
formulation
state (temperature)
output (temperature) in state space
formulation
predicted room air temperatures
measured room air temperatures
estimate parameter
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