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construct an adequate model of the building thermodynamics. Such models can be obtained through system
identification techniques using measured data. It is often suggested to generate the training data using intrusive
experiments, which aims to excite the dynamics, e.g. a pseudo random binary sequence (PRBS) [5-6]. A PRBS is
periodic and deterministic with white noise-like properties [4]. Consequently, models can be fitted well at all
frequencies, or a band-limited selection of frequencies, and have a low crest factor and high signal to noise ratio (SNR).
However, it is often not possible or desirable in practice to generate a perfect PRBS for a space heating system.
Baseboard heaters are often equipped with a thermostat with direct feedback (e.g. a P-regulator) that must be
circumvented. This might be done by changing the thermostat setpoint according to the PRBS, but it is difficult to
obtain an exact PRBS heat power input using a temperature setpoint without a risk of violating user thermal comfort.
To avoid week-long excitation experiments with high risk of user comfort violations before MPC can be applied,
we propose that historical data already logged by the energy management system during standard heating system
operation can be used to estimate an initial thermal building model. This initial model is likely to be of relatively poor
quality since standard operation often uses a feedback controller (e.g. P-regulator) to ensure that the indoor temperature
only have small deviations from the set point and therefore a low SNR. However, this drawback may be more than
compensated by the fact that intrusive and costly experimentation can be avoided. The initial model generated from
standard operation data can be applied directly in an MPC subjected to time-varying tariffs for a certain training period
and then re-identified using the operation data obtained in the training period. This new data set will be more
informative than the historical data, and it may result in a just-as-good – or even more suitable – model for MPC as a
model based on a PRBS experiments since it have frequency content close to what could be expected when the space
heating system is operated to minimize energy cost. This paper reports on a simulation-based study that aims to
investigate whether the above-described proposal has the postulated benefits.
2. Method
The case building used in this study was a newly retrofitted two-bedroom apartment (75 m2) equipped with
electrical baseboard heaters. The apartment was modelled in EnergyPlus (EP) and the heaters received control signals
from MATLAB via the Building Controls Virtual Test Bed (BCVTB) [8] and it was therefore possible to apply MPC
controllers (Section 2.2) and online system identification (Section 2.3). For further details regarding the model
assumptions, see Pedersen et al [7].
2.1. State-space representation
It was assumed that the thermal dynamics of the EP case building could be approximated with sufficient accuracy
by a low-order state-space model:
𝑥𝑥[𝑘𝑘 + 1] = 𝑨𝑨𝑥𝑥[𝑘𝑘] + 𝑩𝑩𝑢𝑢[𝑘𝑘]+ 𝑬𝑬𝑑𝑑[𝑘𝑘] + 𝑤𝑤[𝑘𝑘]

…𝑦𝑦[𝑘𝑘]

= 𝐂𝐂𝑥𝑥[𝑘𝑘] + 𝑣𝑣[𝑘𝑘]

(1a)
(1b)

The state matrix A represents the dynamics of the system and describes how the states x evolve from time step k to
k+1. The input matrix B and the disturbance matrix E describes how control inputs and uncontrollable (but
measurable) disturbances are channeled to the states, respectively. The output matrix C describes how the states are
channeled to the output y while w and v are process and measurement noise, respectively. In this study, the system
was treated as a black box and the states x does therefore not correspond to physical entities. The input u was heating
power while the components of the disturbance d were external air temperature and solar irradiation. The time-varying
internal heat load from two occupants was included in the EP model, but was assumed unmeasured and unpredictable
to add realism to the simulations and was therefore included in the process noise term w. The measured output y was
room air temperature and a white noise with standard deviation = 0.067 °C was imposed on the temperature sensor to
further increase realism.
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2.2. Model predictive control
In each hour, the MPC solved a mathematical program (Eq. 2a-2f) and determined hereby a sequence of electrical
heating power actions that minimized the operational costs for a finite prediction horizon of 48 hours (Eq. 2a). The
optimal solution had to respect system dynamics (Eq. 2b-c) as well as limitations on maximum radiator power (Eq.
2d) and acceptable room temperatures (Eq. 2e). Only the first control action u[0] was implemented and the program
solved the program again in the preceding hour but for a shifted time-horizon (receding horizon). The initial state x0
was estimated to x̂ ini by a Kalman filter incorporating noisy sensor feedback (Eq. 2f). Time-varying tariffs c[k] were
taken into account to allow for price-based demand response by shifting consumption from high- to low price periods.
………………

minimize
𝒖𝒖

subject to

…………

47

(2a)

𝑥𝑥[𝑘𝑘 + 1] = 𝑨𝑨𝑥𝑥[𝑘𝑘] + 𝑩𝑩𝑢𝑢[𝑘𝑘]+ 𝑬𝑬𝑑𝑑[𝑘𝑘]

𝑘𝑘=0

(2b)

0 ≤ 𝑢𝑢[𝑘𝑘] ≤ 1000 𝑊𝑊

(2d)

𝑥𝑥[0] = 𝑥𝑥̂𝑖𝑖𝑖𝑖𝑖𝑖

(2f)

𝐽𝐽 = ∑ 𝑐𝑐[𝑘𝑘] ∙ 𝑢𝑢[𝑘𝑘]

. 𝑦𝑦[𝑘𝑘] = 𝑪𝑪𝑥𝑥[𝑘𝑘]

21 ℃ ≤ 𝑦𝑦[𝑘𝑘] ≤ 24 ℃

(2c)
(2e)

2.3. System identification procedure
The matrices A, B, E and C were estimated using the N4SID subspace identification [4]. A number of design
choices are available in subspace identification and it is out of the scope to go into any details thereon. The model
order (i.e. number of states) was determined based on the logarithm of Hankel singular values [9]. The process does
not involve cross validation and the whole dataset was used for training (i.e. no need for validation data). The
identification procedure was fully automated and the model could therefore be re-identified continuously (i.e. every
month) although this study only re-identifies a model once after 14 days.
The initial model was identified based on EP simulation data from October 1 to December 31, where the apartment
was controlled by a P-regulator to track a set point of 21 °C. The initial model was used in the MPC for 14 days from
January 1 to 14, generating a new data set used to identify a new model, which were used in the MPC for the remaining
heating season of January 14 to April. The simulation results are presented in the following section and compared to
results obtained by using the common approach of PRBS.
3. Results and discussion
Figure 1 (top) shows data logged from standard space heating operation with a P-regulator tracking a constant set
point of 21 °C in a historic period from oct-jan. Notice that the measured room air temperature has high frequency
fluctuations due to the imposed sensor noise. This data set was used to identify an initial state space second order
model. This initial model was then used in the MPC for a period of 14 days. The generated heating input from this
period and the resulting indoor air temperatures are shown in Figure 2 (top). The indoor air temperatures are within
the predefined temperature range (Eq. 2e). This new dataset was used to identify a new second order model, which
was used in the MPC for the rest of the heating season (end March). The performance of this approach was compared
to a model generated from a PRBS experiment shown in Figure 2 (bottom). The PRBS input led to violations of the
predefined temperature range in Eq. 2e.
Besides not violating the temperature range, the MPC-based excitation signal has the benefit of being negatively
correlated with the energy tariffs (boosts temperature in low price periods) and as such, it is more cost-effective than
the PRBS. In fact, the MPC-based signal reduces costs compared to a normal constant set point tracking P-regulator.
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Figure 1. Historical data from normal operation.

Figure 2. Heating power (black) in the training period when using PRBS and MPC generated heat input, respectively. The red curves show the
resulting room temperatures.

Figure 3 depicts the one-step ahead prediction errors for the different models. For the MPC-based model, the errors
to the left of the vertical dotted line are the errors for the initial model based on historical data while the errors to the
right belong to the re-identified model based on MPC generated input. It clearly shows that the new model contains
less prediction errors. For comparison, the bottom plot shows the prediction errors for the model based on PRBS input
and they are seen to have errors of the same magnitude.

Michael Dahl Knudsen et al. / Energy Procedia 00 (2017) 000–000
Michael D. Knudsen et al. / Energy Procedia 122 (2017) 937–942

5
941

Figure 3. Top plot depicts the one-step ahead prediction errors for the MPC-based model before and after the re-identification (indicated with
dotted vertical line). The bottom plot shows the one-step ahead prediction errors for the PRBS based model.

The MPC using a model based on the MPC generated input reduced energy costs by 13.7% compared to the baseline
P-controller in the period January 15 to April. For comparison, the MPC using a PRBS based-model reduced costs by
13.5% and thus no significant difference in performance.
Conclusion
This paper proposes a method that avoids the use of dedicated excitation experiments, which often are regarded as
mandatory to make sufficiently precise system identification of models for MPC of space heating systems. This paper
presents simulation results suggesting that data from standard operation of the heating system can be used to identify
an initial model with sufficient quality to be used by an economic MPC for a subsequent training period. Data from
this training period can then be used to generate new control input that are informative enough to re-identify a model
with qualities comparable to that of a PRBS based model. The benefits of this approach is that it does not require an
intrusive experimental period with potential thermal discomfort and excessive energy costs. Furthermore, the
perspective of this method is that re-identification of the building model can be done with an appropriate frequency
to make it up-to-date with current conditions. Further studies are needed to investigate the benefits of a running reidentification of the model used for MPC of space heating systems.
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