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Abstract
In this paper, we identify and validate multi-zone
grey box models with real-world temperature mea-
surements. We obtain the temperature measurements
from temperature sensors in each room of an exper-
imental building, designed as a single-family home.
The number of thermal zones determines the complex-
ity of the model. The investigation of complex mod-
els is beneficial for advanced control scenarios. These
complex models allow different heating scenarios in
different rooms, e.g. in the case of residential build-
ings: living room, bedroom, or bathroom. Moreover,
the different heating scenarios can also consider dif-
ferent influences of solar radiation, depending on the
sun-orientation of the rooms. Finally, we analyze the
performance of the different models to recommend
the model complexity for occupants’ requirements on
the thermal environment and Demand-Response (DR)
with Model Predictive Control (MPC).

Introduction
Climate change and climate protection are becoming
increasingly important. For climate neutrality, the
EU targets a 55 % reduction in greenhouse gas emis-
sions compared to 1990 (Presse- und Information-
samt, 2020). In Germany, households are responsible
for 26.5 % of the energy consumption (Umweltbunde-
samt, 2019), of which approximately half is used for
Heating, Ventilation, and Air Conditioning (HVAC)
(IEA, Paris, 2015). For HVAC, only 15 % of en-
ergy consumption is covered by renewables (BMWK,
2019). Possible solutions for reducing dependence
on fossil energies include the expansion of renewable
energies and an improvement of energy efficiency in
households (Freund and Schmitz, 2020).
Directed control of HVAC can reduce energy demand
(Gyalistras et al., 2010), integrate renewable energies
(Vieira et al., 2017), or stabilize the power grid sys-
tem by Demand-Response (DR) (Finck et al., 2019;
Frahm et al., 2022b). For determining optimal con-
trol sequences, Model Predictive Control (MPC) is
particularly suitable for dynamic systems with rather
slow response rates, as present in the thermodynam-
ics of buildings (Hu and Karava, 2014). In MPC, the
controller aims to make an optimal control decision

over a future time horizon by considering predictions
of future disturbances, the thermal system response,
and constraints (Yu and Georges, 2020). While the
model-based closed-loop controller is generally capa-
ble to compensate random disturbances and model er-
rors, the thermal dynamics of the building must be ac-
curate. On the other hand, the tolerable computational
effort is limited due to the real-time implementation
of MPC in buildings (Hu and Karava, 2014). In sum-
mary, the major challenges in MPC for HVAC are the
design of dynamically accurate and computationally
efficient building models.
Modeling approaches are typically divided into white-
box, black-box and grey-box approaches. While the
white-box approach is based on physical laws and
requires detailed knowledge about the thermal sys-
tem and its parameters, the black-box approach re-
lies solely on data about the system’s inputs and re-
sponses without physical context. The grey-box ap-
proach combines both approaches, white- and black-
box, by using physical knowledge about the system
to determine a general model structure and identifying
the model parameters using data (Yu et al., 2019). The
general structure of grey-box models for the thermo-
dynamics of buildings is commonly characterized by
Resistor Capacitor (RC) models based on the electri-
cal circuit analogy (Crabb et al., 1987). Compared to
the black-box approach, grey-box models require less
amount of data for the identification, are less sensi-
tive to the data quality, and are considered to be more
robust to extrapolate outside the operating conditions
represented in the data used for identification. Com-
pared to the white-box approach, grey-box models are
less computationally complex and require less physi-
cal information. Therefore, they are more generically
applicable and capable of being executed in real-time.
Despite the advantages of the grey-box approach to
real-time MPC over white- and black-box approaches,
the open issue of finding the optimal model order re-
mains in terms of (i) robustness and (ii) accuracy.
Firstly, the identification of model parameters is ham-
pered by the non-convexity of the underlying estima-
tion problem. To prevent the estimated parameters
from resulting from a local optimum, the initial guess
of the parameters is crucial. Most authors in the litera-
ture reduce the model order and the number of parame-



ters by applying single-zone models, which simplifies
the optimization problem.
Simple single-zone models assume that the tempera-
ture dynamics of all rooms in the building behave sim-
ilarly (whole building as one zone, same temperature
in all rooms). Yu et al. (Yu et al., 2019) compare the
accuracy of different single-zone model complexities
on data obtained from a real-world living lab with four
rooms with different utilization concepts (two bed-
rooms, bathroom, and living room). Since the dif-
ferent usage concepts imply different human comfort
temperatures, it is evident that MPC based on a single-
zone model is not capable of achieving these different
comfort temperatures. In summary, one-zone models
can provide high robustness but a low accuracy for in-
dividual room temperatures.
Instead of assuming the building rooms to have a com-
mon thermal behavior, multi-zone models allow the
representation of different thermal zones in the build-
ing. For designing multi-zone models, centralized and
decentralized approaches exist. In the centralized ap-
proach, the multi-zone model is identified directly and
thermal interactions between adjacent zones are mod-
eled through parameter coupling. For example, Hu
and Karava (Hu and Karava, 2014) couple two rooms
using thermal resistors that describe the thermal inter-
action between these zones. However, coupling ad-
jacent zones rapidly leads to complex models where
parameter identification becomes difficult. Therefore,
the decentralized approach decomposes the complex
multi-zone model so that each zone can be identified
individually (Agbi and Krogh, 2014). More specif-
ically, the approach neglects thermal interaction be-
tween zones and identifies a single-zone model for
each zone independently from the adjacent zones.
A comparison of the centralized and decentralized ap-
proaches to thermal building modeling with multiple
zones and a single-zone model is provided by Arroyo
et al. (Arroyo et al., 2020). The authors evaluate the
model performance on simulated data of a residential
building with six thermal zones with different utiliza-
tion concepts (three bedrooms, living room, bathroom,
and hallway). The model accuracy of the central-
ized approach is slightly superior to that of the decen-
tralized approach and similar to the model accuracy
of the single-zone model. The good performance of
the single-zone model indicates that in the simulation
data, the heat distribution between the thermal zones
is balanced. Unfortunately, the impact of disturbances
on the model accuracy such as random occupancy of
rooms and environmental and seasonal influences like
the solar radiation was not simulated.
Environmental influences are taken into account in the
comparative study of Joe et al. (Joe et al., 2020). They
evaluate the performance of multi-zone models based
on the centralized and decentralized approach on real-
world data collected from an unoccupied commercial

building with 12 thermal zones. The decentralized
approach significantly outperforms the centralized ap-
proach in terms of model accuracy.
Comparing (Arroyo et al., 2020) and (Joe et al., 2020),
the significant superiority in model accuracy of the de-
centralized approach in (Joe et al., 2020) could be jus-
tified by model robustness. (Joe et al., 2020) validate
their results on a real-world building while (Arroyo
et al., 2020) use only thermal building simulations. A
real building is afflicted by far more disturbances, e.g.
weather or internal heat gains, than a definable simu-
lation. One may conclude from these findings that the
decentralized approach results in higher model accu-
racy and less complex parameter estimation problem.
Nevertheless, the impact of disturbances on the model
accuracy due to random occupation and the environ-
mental and seasonal influences like solar radiation re-
mains an open question. Therefore, the present pa-
per compares a decentralized multi-zone model with
a single-zone model on a real building under random
occupant behavior and for two different seasons.
To answer the open questions, the remainder of this
paper is organized as follows: First, we present the
thermal building model development. Then, we eval-
uate the simulated temperatures of the multi-zone and
single-zone models for all six rooms of this building
by comparisons to real-world measurements. Finally,
we discuss and contextualize the results.

Multi-zone Thermal Building Model
For the multi-zone thermal building model, we use the
decentralized approach, as introduced earlier. All ther-
mal zones are identified individually, and thermal in-
teractions between adjacent zones are neglected. The
resulting decentralized model is illustrated in Figure 1,
where six rooms (R) over two floors are modeled by
thermal networks. For a detailed, general derivation
of thermal networks, we refer to our previous work
(Frahm et al., 2022a).
Corresponding to the illustrated network in Figure 1,
each thermal zone i (i = 1 . . .6) is modeled by two dif-
ferential equations, (1) and (2),

Cai

dTai

dt
=

Twi−Tai

Rw,ai

+
To−Tai

Ro,ai

+Q̇s,ai+Q̇hi , (1)

Cwi

dTwi

dt
=

Tai−Twi

Rw,ai

+
To−Twi

Ro,wi

+Q̇s,wi , (2)

describing the temperature dynamics of the air Tai and
the walls Twi in each zone i. As the subscript i indi-
cates, all variables of the grey-box multi-zone model
are zone-individual (states, thermal parameters, inputs
and outputs), except the outdoor air temperature. In
summary, the variables of the model for each individ-
ual zone i can be found in Table 1.
We identify the thermal parameters, that include ca-
pacities, resistances, and solar factors, from measure-
ment data of inputs and outputs in each zone i. As
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Figure 1: Floor plan of the ground and upper floor

Table 1: Variables of grey-box model for each zone i

Var. Description Type

Tai indoor air temperature output and
state

Twi wall temperature state
Q̇hi heat flow of heat pump control input
Q̇s,ai solar radiation on air disturbance
Q̇s,wi solar radiation on wall disturbance
To outdoor air temperature disturbance
Cai heat capacity: air parameter
Cwi heat capacity: wall parameter
Rw,ai resistance: wall, air parameter
Ro,ai resistance: outdoor, air parameter
Ro,wi resistance: outdoor, wall parameter
fs,ai solar factor: air parameter
fs,wi solar factor: wall parameter

inputs, we use the heat flow of a heat pump Q̇hi (con-
trol input) and the disturbing ambient conditions, solar
radiation Q̇s and outdoor temperature To. The weather-
related disturbance variables can be estimated from
weather reports. For the solar input, we distinguish
zone-individually between the solar radiation on the
walls Q̇s,wi and through the windows Q̇s,ai . The so-
lar heat fluxes are calculated according to (Beckman,
2006) as presented in (Hazyuk et al., 2012). Further-
more, the solar heat fluxes are multiplied by identifi-
able solar absorption factors fs,wi and fs,ai , similarly to
(Freund and Schmitz, 2020).

Evaluation
For the evaluation of the multi-zone and single-zone
models, we performed two different experiments in an
occupied research building. This building is presented
in Figure 2.
We conducted measurements in May 2021 and in

Figure 2: Research building for evaluation

February 2022, where we measure indoor air temper-
atures Tair, ambient conditions Q̇s, To, and heating Q̇h.
Because of the seasonal differences, these two mea-
surements differ in the ambient conditions and the re-
sulting heating load. As a result, we perform a passive
identification in May with only weather data as input
and an active identification in February that also con-
siders the heat flows of a heat pump. Furthermore, we
split both data sets into identification and validation,
as visualized in Figure 3.
We implement the model in Matlab and identify ther-
mal parameters with the System Identification Tool-
box (The MathWorks Inc, 2022). On a notebook1, the
identification of each room requires less than 2 min.
In general, the evaluation shows that room temper-
atures in buildings can vary by a few K (see Fig-
ure 3). Therefore, multi-zone models are tailored
to each room temperature individually. In contrast,
single-zone models represent all zones by the same av-
erage temperature.

1We performed the evaluation on a MacBookAir 9,1 (Retina
2020), Quad-Core Intel Core i5-1030NG7 (1,1 – 3,5 GHz), 8GB
RAM (3733 MHz LPDDR4X).
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Figure 3: Data for identification and validation

We evaluate the results of the identification and valida-
tion in Table 2 and 3, respectively, by calculating the
Root Mean Square Error (RMSE) in K between simu-
lation and measurement. With the RMSE, we compare
the error of the single-zone and multi-zone models for
each room temperature. We use five days for identi-
fication and three for validation, as presented in Fig-
ure 3.

Table 2: Identification RMSE in K between model and
measurement for each room

Room / May 2021 Feb. 2022
zone i Multi Single Multi Single

1 0.36 0.40 0.52 0.66
2 0.18 0.28 0.30 0.50
3 0.34 0.46 0.55 1.03
4 0.17 0.69 0.50 0.90
5 0.26 0.54 0.45 1.24
6 0.16 1.26 0.41 0.91

In the identification, the multi-zone model delivers
lower errors than the single-zone model for each of the
six rooms. The RMSE always remains below 1.3 K for
the single-zone model and below 0.6 K for the multi-
zone model. In almost all cases, the error during the
identification in Feb. 2022 is higher than in May 2021
(approximately 0.1− 0.3 K).
In the validation, the errors of the multi-zone model
are lower than the single-zone model in eight out of
12 cases. The deviation in RMSE between multi-zone

Table 3: Validation RMSE in K between model and
measurement for each room

Room / May 2021 Feb. 2022
zone i Multi Single Multi Single

1 0.36 0.21 0.48 0.42
2 0.35 0.60 0.28 0.38
3 0.98 0.60 0.73 0.90
4 0.86 1.03 0.42 0.77
5 0.23 0.54 0.47 0.95
6 0.23 0.68 0.68 0.56

and single-zone models ranges from 0.06 K to 0.48 K.
Still, the validation RMSE for all models and zones
remains always below 1.1 K.
However, the RMSE only represents the absolute de-
viation between model and measurement and cannot
evaluate the dynamic characteristics. For the evalu-
ation of dynamics, we exemplarily present plots of
cases with well and poorly performing validations of
the multi-zone models in Figure 4 (room 5 and 3, re-
spectively). Despite the poor RMSE of the multi-zone
model in room 3, its dynamics match the measurement
data, but are shifted by an almost constant deviation of
approximately 1 K. While the single-zone model de-
livers less temperature deviation to the measurement,
it does not meet the dynamic temperature character-
istics of the measurement as accurately as the multi-
zone model.
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(c) Poorly performing validation in May 2021: R3
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(d) Poorly performing validation in Feb. 2022: R3
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Figure 4: Validation results

Discussion
In the following, we firstly discuss the thermal dynam-
ics of the single- and multi-zone models, and secondly
examine their validation errors. Finally, we conclude
these aspects in terms of the intended control applica-
tion in a real, occupied building.
Regarding the temperature dynamics of a zone, the
thermal mass characterizes how the system responds
to inputs. The inputs include control inputs (heating),
measurable disturbances (sun, outdoor temperature),
and unknown disturbances, e.g. due to Occupant Be-
havior (OB) (attendances, setpoints, windows, shad-
ings, lighting, appliances). On the one hand, the sin-
gle zone approach may handle the unknown distur-
bances more generalized and averaged, and thus re-
mains, at least approximately, in the range of the ac-
tual room temperatures (around 1K deviation). On the
other hand, the single-zone model can only reproduce
average dynamics and does not necessarily correspond
to the real dynamic characteristics of the individual
rooms. In contrast, multi-zone models meet individ-
ual room temperature dynamics accurately. The multi-
zone model simulations show similar dynamic charac-
teristics as the measurement (similar “waveforms”, see
Figure 4), which indicates that the system response is
well met. In exchange, they appear more sensitive to
random disturbances in individual rooms.
Due to the sensitivity to random disturbances, multi-
zone models may not generally yield lower validation
errors than single-zone models. Since we measured no
information about the OB or the resulting heat sources,
we assume that a different OB occurred between iden-

tification and validation. For example in room 3 in
May 2021 (see Fig. 3), the OB in the identification
data on May 13th and 14th appear different to other
rooms, resulting in a lower air temperature. Since
this behavior is not reflected in the validation data, the
multi-zone model shows a nearly constant deviation
(see Figure 4c).
Concluding, a closed-loop controller is able to com-
pensate random disturbances reflected in model errors
but requires a precise model of the thermal dynamics.
In this consequence, we prefer multi-zone models over
single-zone models for MPC, as they can match the
dynamics more accurately, even despite occasionally
lower RMSE. Ultimately, only multi-zone models are
capable of addressing individual control strategies in
different rooms.

Conclusion
The literature review in the introduction indicates that
Model Predictive Control (MPC) can contribute to cli-
mate protection by utilizing buildings as a Demand-
Response (DR) source. Simultaneously to providing
DR, occupants’ requirements on thermal environment
in buildings needs to be maintained. To comply with
occupants’ room-individual requirements, multi-zone
thermal building models are required.
We develop a grey-box multi-zone model with a de-
centralized approach that neglects interaction between
adjacent zones. We identify the model parameters for
each room individually from measurements of a real
research facility. As a novelty, the multi-zone model is
validated in an occupied building during two different



seasons. This model is applicable for room-individual
MPC as it precisely meets the thermal system dynam-
ics of each room. The multi-zone model evaluation
yields low model errors (below 1 K for all zones and
seasons) and accurate dynamic characteristics.
In future work, the investigation and prediction of Oc-
cupant Behavior (OB), e.g. heat gains due to atten-
dances (Dong et al., 2022), could further reduce the
error metrics of the multi-zone model. In addition, our
developed multi-zone model can be applied in MPC.
For the control, it could be beneficial to couple the ad-
jacent zone models artificially after identification, like
in (Joe et al., 2020).
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In 8th Conference of IBPSA Germany and Austria (BauSIM),
pages 468–475, 2020. doi: 10.15480/882.3072.

D. Gyalistras, M. Gwerder, F. Oldewurtle, Colin Jones, and
M. Morari. Analysis of energy savings potentials for integrated
room automation. Clima - RHEVA World Congress, 2010.

Ion Hazyuk, Christian Ghiaus, and David Penhouet. Optimal tem-
perature control of intermittently heated buildings using model
predictive control: Part I – Building modeling. Building and En-
vironment, 51:379–387, 2012. doi: 10.1016/j.buildenv.2011.11.
009.

Jianjun Hu and Panagiota Karava. A state-space modeling approach
and multi-level optimization algorithm for predictive control of
multi-zone buildings with mixed-mode cooling. Building and
Environment, 80:259–273, 2014. doi: 10.1016/j.buildenv.2014.
05.003.

IEA, Paris. Building energy performance met-
rics, 2015. URL www.iea.org/reports/
building-energy-performance-metrics. (Last accessed on
15.03.2022).

Jaewan Joe, Borui Cui, Piljae Im, Jin Dong, and Teja Kuruganti.
Decentralized approach to multi-zone grey-box modeling for
model-based predictive control. In Building Performance Anal-
ysis Conference and SimBuild co-organized by ASHRAE and
IBPSA-USA, 2020.

Presse- und Informationsamt. EU soll bis 2050 klimaneutral sein,
2020. URL www.bundesregierung.de/breg-de/themen/
klimaschutz/mehr-klimaschutz-in-der-eu-1824308.
(Last accessed on 15.03.2022).

The MathWorks Inc. System Identification Toolbox - Create
linear and nonlinear dynamic system models from measured
input-output data, 2022. URL https://mathworks.com/help/
ident/. (accessed: 11.05.2022).

Umweltbundesamt. Energieverbrauch nach En-
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