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Abstract—Even though modern control has emerged in
numerous control applications, a building automation is still
a field where the position of the classical control is almost
exclusive. The main reason is that for the synthesis of a
predictive controller a decent model for control is needed. In the
field of building climate control, it is still problem to obtain a
model of large building in an explicit form suitable for control.
Most of the approaches either use building modeling software
to get detailed model, which is unfortunately in implicit form;
or the model is built-up as a first principle model, which usually
ends-up as an extreme simplification of the reality. In this paper,
a building model identification procedure is presented, wherein
the building model is built-up as a first-principle model using
a simulation software (detailed, precise, however in implicit
form), and then a state-space model is identified by means of
subspace identification methods. The main focus of the paper
lays on a case study of a large office building, and the entire
process of its identification.

I. INTRODUCTION

The European Union (EU) presented targets concerning
energy cuts defining goals until 2020 [1]: i) Reduction in EU
greenhouse gas emissions at least 20 % below the 1990 levels
ii) 20 % of EU energy consumption to come from renewable
resources iii) 20 % reduction in primary energy use compared
to projected levels, to be achieved by improving energy
efficiency. Even though there are fierce debates about real
impact of the renewable resources, because of e.g. the
power grid issues, energy savings achieved by smart control
algorithms are free of political controversy.

As the buildings account for about 40% of total final
energy consumption' (and its amount has been increasing at
a rate 0.5-5 % per annum)[2], an efficient building climate
control can significantly contribute to reduction of the power
consumption as well as the greenhouse gas emissions. Energy
savings with minimal additional cost can be achieved by im-
provement of building automation system (BAS), which can
nowadays control heating, ventilation and air conditioning
(HVAC) systems, as well as the blind positioning and lighting
systems [3], [4].

One of the control strategies suitable for building automa-
tion is Model Predictive Control (MPC) [5], [6]; unfortu-
nately, the modeling and identification of buildings is rather
difficult and time-consuming [7] (large and complex systems
with strongly coupled dynamics among the zones). MPC
requires a model, which predicts outputs with reasonable pre-
cision on the control-relevant frequency range (see e.g. [8],
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I'The energy of the product delivered to the consumer.
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[9]). One approach is to use the first-principles, however,
most of the papers devoted to the modeling from the first
principles provide only two-room or two-zone example even
when the real building has tens of rooms. We would like to
have a model of a large office building with a large number of
rooms (i.e. hundreds of inputs and outputs). In case of using
building simulation software such as TRNSYS, EnergyPlus
(EP), ESP-r, etc. (see [10], [11]) for building modeling, the
resulting models are in implicit form and cannot be used
for predictive control. Therefore we have decided to use
statistically-based, i.e. data-driven models [12], [13].

In this work, we combined the benefits of both above
mentioned approaches. A physical model in a building sim-
ulation software is created, such that it describes the real
building as closely as possible. Then identification signals
are fed into the simulation software to obtain the high-
quality identification data which are consequently used for
obtaining a suitable control-oriented model. The uniqueness
of this approach is in the combination of the real building
data, the first-principle model in implicit form and statistical
identification algorithms and interconnection of the different
software tools with possibility of real-world operation.

The paper is structured as follows: next section provides
the motivation and explains the background of the problem.
Identification, modeling and all the relative issues are ad-
dressed in Section III. Section IV discusses the prediction
properties of the resulting model and the last section con-
cludes the paper.

II. PROBLEM DESCRIPTION AND SETUP
A. Description of the building

The analysis deals with the third floor of a large office
building in Munich (20 000 m? and six above-ground floors,
see Fig. 1). Based on the usage, facade orientation and
HVAC supply, the floor can be divided into 24 mutually
interconnected zones. The total floor area of the simulation
model is approx. 2 800 m2. The facade of the building has a
window-to-wall ratio of approx. 70 %. Fagades to the atrium
have a glazing ratio of approx. 50 %. Roughly 50 % of
the windows have interior blinds, remaining blinds are in-
between-glass blinds of double windows.

The building automation system contains several actuators,
namely individually controlled convectors, 24 independently
controlled radiant ceiling panels for cooling and heating, two
air handling units (AHU) for control of the ventilation, and
venetian blinds for all windows in all zones. Energy supply
i.e. hot and chilled water supply for the entire building is
provided by a central heating and cooling plant which is
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Fig. 1. 3D simulation model: Investigated zones were on the third floor,
other floors are grayed out and used for shading purposes only. The zone
layout is shown on top of the model for clarity. Zones of the same sub-
system are colored alike. Core areas are grey.

located partly in the basement and partly on the roof. District
heating is used for the building’s heat supply. Chilled water
is provided locally by mechanical chillers.

B. Choice of modeling strategy and model inputs and outputs

The choice of model inputs and outputs should be in
accordance with the choice of the identification method
which is determined by the application’. As was briefly
mentioned before, the usage of the first-principle models for
our problem is limited [14] and the software packages do
not provide model in a form suitable for control. Therefore,
we have decided for subspace identification (4SID) which is
able to identify large MIMO systems. Some key assumptions
of 4SID [15], e.g. persistent excitation, open-loop data,
etc. are always violated during building’s normal operation.
The identification procedure can be improved by including
prior information [16] or by carrying out the identification
experiment on a building. Depending on the building size,
the experiment is expensive, but may bring significant im-
provements to the resulting model [12]. Therefore a new
approach is introduced, which yields a model of a large
multi-zone building. A very promising strategy seems to be
a combination of a building simulation software used for
identification experiments to get data for a standard statis-
tical identification procedure. EP as the building simulation
software and Building Controls Virtual Test Bed (BCVTB)
as the middleware between EP and a controller written in
Matlab is used. The description of the interconnection of the
various simulation and computational tools is described more
in detail in [17].

III. IDENTIFICATION AND MODELING, ISSUES AND
PROPOSED SOLUTIONS
A. Problem statement

In the last two decades, 4SID algorithms have become
an important tool for the system identification (SID). The
objective of the 4SID, as will be used further on, is to find

2The whole set of inputs and outputs is a set resulting from the original
non-linear system, however, for a linear model, only a subset is selected,
which has desired characteristics.
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a linear time invariant (LTI) discrete time state-space model
in an innovative form

z(k+1) =
y(k) =

given the measurements of the inputs u(k) € R™ and the
outputs y(k) € R! with e being zero-mean white noise. In
other words, we want to determine the system order n and
to find the matrices A, B, C, D and K. The order of the
system is usually determined from an analysis of the singular
values obtained from Singular Values Decomposition (SVD)
of oblique projection matrix, see e.g. [15]. Especially in
case of strong noise contamination, the determination of the
system order is troublesome and the standard procedure is
not working well. We have proposed the following heuristic
formula for automatic selection of the order n as follows

Az (k) + Bu(k) + Ke(k)
Cx(k) + Du(k) + e(k), ()

f(o;) = gradlog [o1, o2, ..., o
n = argmin f(0;), 2)
j

which ensures better order selection even when the singular
values are drown in the noise.

B. Input signals

Generation of sufficiently exciting input signals is one of
the key theoretical assumptions enabling reliable statistical
identification. Under real operation, this request is almost
infeasible due to technical, physical or economic constraints
and limitations. As the image of the building modeled in
EP is at hand, the identification experiment was proposed as
follows.

Three different kinds of input signals have been con-
structed, namely pseudo-random binary signal (PRBS), sum
of sinusoids (SINE) and multilevel pseudo-random signal
(MPRS). Let 7, 71, denote the slowest and the fastest time
constants of the system, respectively. Then the frequency
spectrum to be covered is (w,,w*) with w, = % <w<
%w*, where « defines how fast will the closed-loop be
with respect to the open-loop response, and /3 specifies low
frequency information corresponding to the settling time. The
typical values are & = 2 and = 3 (95 % settling time)
[18]. In case of MPRS, the input sequence is computed by
Galoise fields [18] with the number of shift registers n and
the length ¢, which defines the maximum possible multiple
of harmonics to be suppressed. In the opposite way, let h
be the maximum possible multiple of the harmonics to be
suppressed. Then ¢ has to be chosen such that ¢ > 2" — 1
holds and the minimum length n is computed from

S 2
T Ts(gm —1)°

The length of a signal cycle is then N,y = ¢" —1, which (in
time domain) represents a signal of duration T¢y. = Neye- T,
with T being sampling time. The number of the signals to
be generated (m) does not need to be considered, as it is
sufficient to generate a single signal and shift it (m—1) times,
which guarantees good statistical properties of the generated

3)

Wi
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TABLE I
NOTATION OF THE VARIABLES USED FOR SYSTEM IDENTIFICATION

D Variable Category Type Zone relevant EP equivalent

Qcony Convector heating rate Input Yes Same quantity, power can be arbitrary set within limits

ZCPCR Zone ceiling panel cooling rate  Input Yes Supply water temperature and mass flow rate through pipes can be
adjusted. Together with return water temperature, they stand for heat
flux of radiant ceiling

ZCPHR Zone ceiling panel heating rate Input Yes Same as ZCPCR

LG Lighting gains Input Yes Same quantity, power can be arbitrary set within limits

DSRV  Direct solar radiation gains Input Yes By means of blind control (position and angle), we can adjust solar
gains influencing zone temperature.

DFSRV  Diffuse solar radiation gains Input Yes Same as DSRV

FP Fan power Input Yes Air flow rate (which is either 55 or 0 m3/h) and supply air temperature.
Together with return air temperature, they stand for heat flux of fans.

ODBT  Outdoor dry bulb temperature Disturbance No Same quantity

EG Equipment gains Disturbance Yes Same quantity

oG Occupancy gains Disturbance Yes Same quantity

T Zone temperature Output Yes Same quantity

Z1 Zone interior illuminance Output Yes Same quantity

signals [19]. For the building under investigation, the fastest
and the slowest time constants were acquired as 4 hours and
20 days, respectively.

C. Specification of model inputs and outputs

The heat fluxes affecting zone temperatures were selected
as system inputs and temperatures and illuminances as
outputs, in total 288 inputs and 48 outputs lumped into
the variable categories as described in Table I for easy
comprehension. It is important to note here, that some signals
are zone relevant (there exist a single signal for each zone),
while others are not (which means, that a signal is common
for multiple zones or the whole building as such). Moreover,
the signals entering the LTI model and EP model are not the
same (e.g. one signal entering the LTI model is composed of
multiple EP signals, etc.), which is indicated in Table I by
“EP equivalent” column. The key factor for such a selection
was the linearity of the underlying physics. The complete
set of inputs and outputs is described in Table I. Note that
the model inputs are different from the inputs on side of the
detailed EP model — direct manipulation of some heat fluxes
is not allowed, and therefore, signals on lower level (descrip-
tion of these are given also in Table I) must be provided. The
input set was divided into two categories: the former group
represents the actuator heat fluxes and the latter disturbances
affecting the system. The identification procedure does not
distinguish between disturbances and manipulated variables,
however, this categorizing is necessary for user orientation
as well as consequent control (where the manipulated inputs
and measured disturbances must be strictly divided).

D. Analysis of EP model linearity

Even though the underlying physics of the process is
linear, the data produced by EP do not need to be linear as
well. The linearity should be hence verified in the first place.
The verification of the linearity of the EP model according
to the definition of linearity, i.e.

af(r1) + Bf(w2) = f(az: + Bra), 4

had to be performed. That means, that independent inputs
(for convectors — see Fig. 2(a) and Fig. 2(b) lower figures,
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TABLE I
PERCENTAGE TEMPERATURE ERROR IN LINEARITY

Errors in % EG LG Qconv

15°C outside  20°C outside
274 step 39 21 4.4 5.2
374 step 3.3 1.0 3.4 5.0

for equipment and lightning gains see Fig. 3(a) lower figure)
were designed, fed into the EP and the response of the EP
was summed up and compared to the response of the EP
fed-up by sum of the input signals. Linearity tests were
intentionally performed at two different outside temperatures,
namely 15°C and 20°C'. The results can be seen in Fig. 2(c),
Fig. 2(d) and Fig. 3(b) for convectors, equipment and light-
ning gains, respectively. The maximum errors between the
sum of EP model responses and the response of the sum of
input signals are displayed in Table II. The growing error
in case of multiple step in input signals can be explained
as follows. It is caused by a cooling effect from the am-
bient temperature. This effect depends on the temperature
difference between zone and ambient temperatures. While
sum of input signals is applied (as an input), the actual zone
temperature is higher than the level of zone temperature at
the beginning of the experiment, thus the cooling effect is
higher as well (ambient temperature is constant for the ex-
periment) and above-mentioned error appears. Consequently,
this can be written as Qss — Qeool(Tz) = QEp,Where Qs
denotes heat flux corresponding to the designed input (e.g.
convectors), Qeoor(T:) is a flux altering (the actual size
depends on the temperature difference between outside and
zone temperatures) the requested value and Qpp is real
value of the flux affecting the simulation software. When
summing up two signals with different step size, there is
different alternation by Q..01(7>), hence a small difference
between the sum of responses and response of the sums.
Nevertheless, it can be concluded, that EP model response
on selected inputs is indeed linear, hence the use of 4SID
algorithm for creation of linear model is justifiable.
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Fig. 2. Convectors: EP model linearity test.
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(b) Sum of signals: input signals at outside temperature 20°C'

Fig. 3. Equipment and lightning gains: test of the EP model linearity

E. Identification procedure settings

The next step in identification is to decide, how to choose
a desired model order and size of the Hankel matrices that
enter the algorithm.

1) Identification algorithm: There are several algorithms
covered by subspace methods, which differ in applica-
bility, numerical stability and computational demands.
For this study, the N4SID was employed.

2) Desired model order: Although the order selection has
already been implemented in N4SID, the problem of
complexity of the large building remains. Even though
the model was linear, and there are no unknown dis-
turbing signals, the order obtained by original algorithm
was very high. It is often enough to have smaller
model, which still sufficiently describes the process.
The physically-based assumption is that the change of
temperature caused by a source of heat is a 15! order
process. Adding the walls of the leads to a 2" order
process. Additional effects (see e.g. [20]) finally leads to
a 3"¢ order dynamics per output temperature. Extended
to the whole building level (4 subsystems per floor
each consisting of 6 zones), the model order should be
between 48 and 72 (prior estimate of the system order).
After employing N4SID algorithm and validation tests,
18" order model (order selection algorithm Eq. (2))
per subsystem turned out to be indeed a good choice,
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considering both its simplicity and sufficient precision.

3) Size of the Hankel matrices is given by the number ¢
of block rows in said matrices. ¢ must be larger than the
maximum model order [15]. Essentially, ¢ means how
far into the past/future of the measured data is searched,
therefore it may appear that the greater ¢ is, the better
the result will be. However, a trade-off has to be done
concerning the computation difficulties, especially for
the case of a large MIMO systems (such as a building).
Several numbers 7 had been selected and their effect on
the identification results were analyzed. Fig. 4 shows the
step responses of several inputs for ¢ = 24, 30,36 and
40. All these step responses possess good properties,
such as reliable dynamics, the sign of the effect as
well as its nominal value. Using greater ¢ (thus more
information from data), only DC-gains change. Next,
the measured step responses (the EP had been excited
by step impulses into individual inputs and the step
responses were measured) were analyzed. It turned out,
that with greater ¢ the model step responses approach
the measured step responses (see Fig. 5). Finally, ¢ = 40
was selected for the size of Hankel matrices for one
subsystem.

IV. PREDICTION PROPERTIES OF THE MODEL

The good prediction properties of the model are crucial
for MPC. As there is a single MPC for the whole building,
the four submodels are joined together. Recall, that 1 of the 4
submodels, has an order 18 (72 for joined model). This value
depends on the type of input excitation, identification data
length, time period of the year for which the identification
is computed, focus on either simulation or prediction. Even
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after joining partial submodels, the verification response
stays very good not only for 1-step ahead prediction (Kalman
filtering), but for longer predictions as well — see the compar-
ison for all zones in Fig. 6. The graphical representation of
the prediction properties of the model for different prediction
horizon are depicted in Fig. 7. However, the precision of
the prediction is not the only criterion. Additional request
on the model is a good step response. Step responses of
the identified model and the original systems were tested
and it was found out that they complied each other, for step
response of convectors see Fig. 5.

V. CONSEQUENCES FOR CONTROL AND CONCLUSIONS

This paper has introduced a new methodology of intercon-
necting building simulation software and traditional identi-
fication methods. The effort was to avoid the low-excited
data, to have a complex MIMO model reliably reflecting
reality and to be able to switch easily between control of
simulation example (EP) and real building using BacNet. The
building was modeled using EnergyPlus, which was excited
by proposed input signals to get data of a good quality. Then
subspace identification approach was applied to acquire a
model suitable for predictive control. The last step of prepa-
ration of the model for control are selections and adjustments
to inputs and outputs for obtaining the model corresponding
to the variety of MPC problems. We investigated a number
of properties and parameters of the identification algorithm
and provided some hints for identification of the large MIMO
systems such as buildings. Consequently, the resulting model
is in a state-space form and can be readily used within the
predictive control framework.
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