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Abstract. Smart and flexible operation of components in district heating systems can play a crucial role in
integrating larger shares of renewable energy sources in energy systems. Buildings are one of the crucial
components that will enable flexibility in the district heating by using intelligent operation. Recent work
suggests that such improved operation at the same time can increase thermal comfort and lower economic
costs. We have digitalised the heating system in a Danish school by adding [oT devices, such as smart
thermostats and temperature sensors to demonstrate the possibilities of making buildings smart. Based on
experimental data, this paper introduces a non-linear grey-box model of the thermal dynamics of the
building. A non-linear model predictive control method is presented for the thermostatic set-point control
of the building's radiators. Based on the building model and the control algorithm, simulation studies are
carried out to show the flexibility potential of the building. When used for lowering the return temperature
the results suggest that operational costs can be lowered by around 10% using predictive control.

1 Introduction

Digitalisation of heating systems, i.e., through smart
thermostats and indoor climate sensors, creates the
possibility of making buildings smart by having data of
the building heat dynamic. This, however, does not
alone make the building (or the heating system) smart as
it does not yet use the data to make the system efficient
or flexible. Without smartness, the system is just data-
rich. The system becomes smart when it uses the data to
e.g. lower some cost functions, that could be to lower
the heating costs without violating thermal comfort or
reduce heat consumption during peak hours (known as
peak shaving). The data can be used to formulate models
that describe the dynamics of the building climate. Such
models enable the system to become smart using e.g.
Model Predictive Control (MPC) [1]. MPC is a control
method that minimises some predefined cost function
while satisfying a set of constraints. MPC has become
very popular for the heating, ventilation, and air-
conditioning sector in the past years as it makes the
system smart by making it efficient and/or flexible [2]
[3] [4]. The advantage of the MPC over other control
methods is its ability to predict the future behaviour of
the system. Thereby, the MPC can take weather
predictions and future activities into account when
optimising the manipulated variables (e.g., desire
temperature in a room) of the system [5]. MPC setups
usually run in a closed-loop where the controller gets
feedback on how the system reacted to the latest input
or disturbance. The MPC is based on a model (e.g. a set
of differential equations) that describes the behaviour of
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the system and generates predictions of the system's
future behaviour.

This article considers the heating system of an old
Danish school building. The building has been
“digitalised” with the use of smart thermostats and IoT
sensing devices [6], to enable smart control of its heating
system using MPC. For this building, a non-linear grey-
box model, hence a model based on physics and
monitoring data, is formulated, with the purpose to
describe the behaviour of the building's heat dynamics.
Grey-box modelling is a well-known procedure used for
system identification and modelling dynamics of
buildings [7] [8]. The parameters of the building model
are estimated using the CTSM-R software [9]. The non-
linear MPC (NMPC) uses the grey-box model to control
the heating system according to some thermal comfort
constraints. The MPC utilises weather predictions of the
solar irradiance and outdoor temperature to compute the
optimal radiator set-points, needed to obtain the desired
indoor air temperature. The objective of the controller
presented in this work is to lower the heating cost of the
building. In order to demonstrate the flexibility potential
of the model, we generated a fictive price signal for the
energy delivered by the district heating (DH) network.
The model developed here is able to use such a variable
price signal and consequently minimise the heating
costs (by heating when the energy price from the DH
network is lower).

The methodology adopted in this work has already
shown to be fruitful for lowering the electricity
consumption of a smart solar tank for storing heat during
sunny periods. The tank was modelled as a grey-box
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model, and the MPC takes advantage of future
disturbances (solar radiation and outdoor temperature)
and its flexibility [10]. The methodology was also
successfully adopted in controlling the heat pump of a
residential house, by lower the electricity expenses with
varying electricity prices [11].

The main contribution of this work is to
demonstrate how to use a non-linear grey box model for
MPC. We present a multiple shooting method to solve
the optimal control problem related to the MPC [12] and
incorporate numerical weather forecasts as future
inputs. The second contribution of this work is to
illustrate the effects of using the MPC through two
different simulation studies. The first study shows how
to make the building flexible by utilising the right price
signal. The second study shows the potential for
optimising the operations of the building in order to
minimise the economic costs associated with heating a
Danish building in a district heating network. The result
of the MPC is compared to a simple fixed-schedule
control strategy which is among the current standards in
buildings.

1.1 Structure and outline of the paper

The article is organized as follows. Section Error!
Reference source not found. presents the building and
the modelling scheme along with the parameter
estimation method and its results from the estimation.
Section 3 introduces the NMPC method that is used to
control the building. The simulation results are
presented and discussed in Section 4. The article is
concluded in Section 5.

2The building and the non-linear
thermal model

This section introduces the building and the non-
linear building model used in the present work. The
model is thoroughly introduced and discussed in [13],
where also further details on the building and the model
can be found.

2.1 Building description and set-up

The building with an area of 1576 m? acts as a
school and has 12 classrooms, 3 meeting/office rooms,
and 7 corridors/stairs/open spaces distributed over three
floors. Error! Reference source not found. shows a
picture and a detailed, digital simulation model of the
building. The building was built in 1929 and is not
insulated- to meet today's standards. The building is
equipped with a hydronic heating system and is
connected to the local district heating network. To
deliver heat to the rooms, radiators are used; the
radiators are connected through a two-pipe system to the
building heat exchanger It should be noticed that steady-
state analyses related to the heat load of the building
indicated that the heating power of the radiators are
under-sized in some rooms. As a result, in such rooms a
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Figure 1. The building picture (top) and a screenshot of
the digital model of the building (bottom) used as demo-
case in this work.

comfortable temperature cannot always be maintained
[14].

To make the building smart and enable real-time
control, sensors and actuators were installed.
Accordingly, temperature sensors have been installed in
each room (the sensors are also able to measure CO»-
levels and humidity), and each radiator was equipped
with a smart thermostat. Moreover, heat-meters have
been installed to monitor the energy use of the building.
Furthermore, the temperature of the supply- and return
water to the heat exchanger connected to the district
heating is measured (on the building side) by sensors on
both sides of the heat exchanger. All sensor data are
collected through servers installed at DTU and the data
readings are executed every 15 minutes.

2.2 Building model

We consider a non-linear model on the form of Eq.
Error! Reference source not found.) and Error!
Reference source not found.

dx(t) = f(x(0), u(®),d(t))dt
+g(x(t),u(t),d(t))dw(t) (1a)
Vi = h(x(t)) + wy,  wi~N(O,R) (1b)

where x(t) is the state vector, u(t) is the control input,
d(t) is the disturbances, and R is the observation error
covariance. w(t) is Brownian motion and reflects the
uncertainty of the model. Eq. (1a) is structurally similar
to ordinary differential equations except for the
diffusion term. The use of the diffusion term has the
advantages that it describes effects that are too complex
and (nearly) impossible to model deterministically, and
it predicts uncertainty as well, e.g. the variance of the
estimates [15].
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Table 1. The parameter estimates and their physical units

Parameter Estimate Unit
Toftset -0.101 [°C]
Ch 0.134 [kJ/°C]
Cr 0.198
Rys 2.030 [°C h/kJ]
C; 9.57 [kJ/°C]
Cy 45.36 [kJ/°C]
Rin 2.151 [°C h/kJ]
Riw 0.199 [°C h/kI]
Rya 2.251 [°C h/kJ]
A 7.600 [m?]
o1 8.6e-4 [°C]
05 0.429 [°C]
03 111.6 [kg/h]
Oy 1.647 [°C]
05 6.469 [°C]
Ry 9.6e-7 [°C]
R, 2.7¢-4 [kW]
R3 5.4e-3 [°C]
D hax 1145.3 [kg/h]
a 1.592 [°C
1.0 1
0.8
“=0.61
3
&
2 0.4 1
<
0.2
0.0
50 —25 00 2.5 5.0

Since the heating system is not correctly balanced, and
some of the rooms have under-dimensioned radiators,
this modelling and control approach consequently
implies that some rooms are going to be warmer or
colder; however, this simplification is needed at this first
stage, since the problem is simplified significantly in
terms of dimensionality. It is important for real-time
MPC that the model is small enough to compute the
control input without too much delay. In the following,
we consider a system with the states

x(t) = [T; (1), Ty (6), @ (1), Ta (1), Tree ()], (3)

where T; is the average indoor air temperature, T,, is the
temperature of the building wall, @ is the flow of the
water in the radiator circuit, T}, is the temperature of the
radiators, and T is the temperature of the returning
water (going to the heat exchanger of the building). The
control input to the model, u(t), is the set-points of the
radiator thermostats. To estimate the valve-opening
state of the thermostats, the following sigmoid function

is used:
1

e~ (U ~Ti()+Tofser (1)) *

fvalve (t) = 1+ (4’)

where u is the thermostat set-point, a determines the
slope of the sigmoid function, and Ty, (t) is an offset
that models the physical distance between the
temperature sensors in the room and the thermostats of
the radiators. Fig. 2 shows the estimated fvalve. The
sigmoid function is attractive due to its fixed shape that
fits the behaviour of thermostats and requires only two
parameters, @ and Togser. The term fi,,. therefore
estimates how open the radiator valves are (1 being fully
open and 0 being fully closed), i.e. how much water
flows through the radiators. The disturbances include
the ambient air temperature and solar irradiance d(t) =
[Ta(t), s (O]

The building dynamics model are the following [1]:

f(x(®),u®), d@®) =

rl1/1 . 1 ) 7
E(R_M(Tth -T}) +E(TLW - T}) +Aw¢ts)

Indoor temperature deviation from set-point, Ty, — 7T;

Figure 2. The estimated valve function of the thermostats,
Ffoarve, as a function of how much the room temperature
deviates from the set-point. The sigmoid function is
attractive for this model since it ranges from 0 to 1 and has
an exponential transition. Also, it relies on only two
parameters and makes the parameter estimation robust.

In order to simplify the control of the building, in
this work we consider and model the building as a
unique big room with uniform temperature, represented
by the average of the measured temperature in all closed
rooms (classrooms and meeting rooms)

1 n
Ty== Ty @
k=1

1
Cw

1

Riw

. 1
(Ti=T¥) +o— T =T)
Ryq

1

C_f ((Dmax tvalve _ (Dt) . (5)
1 h 1 i h
- thCp,w (Tfor - Tt ) + D (Tt - Tt )
Ch th

1(1
h _ pret
Cp (Rf‘r (Tt e )>

In Eq (5), to save space, we write time dependence
as subscript, e.g. T, (t) = T£. A, is the effective area of
the solar radiation gain, ¢y, is the specific heat capacity
of water, and ®,,,, is the maximum water flow in the
radiator circuit. Ty, is the supply temperature of the
water on the building side of the heat exchanger and is
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Figure 3. Experimental data together with the estimated heat load, air temperature, and return water temperature by the model.
The greyed-out periods in the secondgraph indicates periods where the return temperature is disregarded, because the

observations do not represent the actual return temperature

kept constant at 55 °C. The diffusion term in Eq. (1), g,
has the simple form of Eq. (6):

g(x(t)i u(t), d(t)) = diag(o'l' 02: 0—3r 045 05) (6)
Naturally, not all states of the building are observed.
Instead, we are limited to the information available in
the non-linear observation equation

Vi = h(x(t))) = [T; (i), Sn(©), Tree(ti)]T )]

That is, we observe the average indoor air temperature
Ti (tk)a the heat load (bh(tk) = q)(tk)(Tfor - Tret(tk))s
and the return temperature T..(t;). Recall that the
supply temperature is known and is Ty,. = 55 °C.

2.3 Model parameter estimation

We use the software CTSM-R [9] to estimate the
parameters in the continuous-time stochastic model. The
parameter estimation is based on the maximum
likelihood principle [16]. That is, we maximise the
likelihood function, which is a function of the
parameters

£0) = p@o) | [pOelYir; 0) ®

k=1

Where Yy_1 = {Vi—1,Yk—2,"""» Yo} 1s the information
up till time t,_,, p is the probability of observing y,
with the model in Eq. (5) and Eq. (6) given the

parameters 6 and the information Y,_;. Given the
model structure in Eq. (5) and Eq. (6), as well as
appropriate informative data, any unknown parameters
can be estimated.

Table 1 lists the parameter estimates from the
estimation procedure. Fig. 3 compares the fit of the
resulting model to the data and indicates a good match.
It shall be noted that the return temperature
measurements are not representative when the heat load
is zero and the water flow in the building is zero. We
thus put very low weight on the return temperature
observations in the estimation procedure in these time
intervals (indicated by the grey periods in the figure).

3 Non-linear model predictive control: a
multiple shooting method

This section introduces a direct multiple-shooting
method for solving the particular NMPC problem. It
also discusses a method to discretise the optimisation
problem to make it numerically tractable. The
optimisation problem lies the basis for computing the
set-points for the radiators. However, solving the
optimisation problem requires us to know the entire state
of the system, x. For reconstructing the system states
based on observation, Yy, the continuous-discrete
extended Kalman filter is used [17].

This paper considers an optimal control problem on
the following form

tp+T

I?iun o) =f {’(x(t),u(t),d(t)) dt (9a)

2%
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Figure 4. A small simulation of thermostatic set-point control of the building using a price signal that reflects peak hours and
displays flexibility. The controller keeps the heat usage to a minimum during peak hours when the heat is expensive.

s.t.  x(tx) = x(0) (9b)
x(t) = f(x(8), u(t), d(©)) (90)
umin(t) < u(t) < umax(t) (9d)
Tmin(t) < Ti(t) < Tmax(t) (96)

where T is the prediction and control horizon, € is the
cost function, and f (x(t), u(t), d(t)) is the model
equations in Eq. (5).

3.1 Discrete-time approximation of the optimal
control problem

To make the optimal control problem in Eq. (9)
numerically tractable, we propose a multiple shooting
method to discretise the problem. Multiple shooting is a
simultaneous method in the sense that the state variables
also are a part of the optimisation problem.

The problem is discretised in the sense that the
system consider x at discrete time points ty, txy1, -
tr 4y Starting from the initial time ¢, till t;, + T. Now,
define a function q)(x(t), u(t), d(t)) that computes the
solution to the following initial value problem

x(t) = f(x(), u(®), d(t)) (10a)

x(t) = X, (initial condition) (10b)

at time t,,. Hence, d)(x(tk),u(t),d(t)) = X(t4q1) i
a function that integrates the system forward to the next
time instance given the input and disturbances in the
time interval [tg,ti+q[. To simplify the optimisation
problem, we assume that the set-points, u(t), and the
disturbances, d(t), are piece-wise constant in each time
interval [ty, tyqq[

u(t) = ug, tE [ty trsal (11a)
d(t) =dy, tE [ty trsal (11b)
The optimal control problem therefore simplifies to
N-1
min = L, (x;, ug, d 12a
P e @ kZO ) (e, wg, di) ( )
s.t.  x, =x(0) (12b)
X1 = POy, ug, dy) (12¢)
Umin,k < Uy < Umax,k (12d)
Tmin,k < Ti,k < Tmax,k (123)
In the above,
Tkt
b= [ oG u ddae (13)
t

k

is the quadrature of x(t) w.r.t £ in the time interval
[t tresa]-

For numerical computation of the minimisation
problem in Eq. (12), we use CasADi [18], which offers
easy numerical implementation and automatic
differentiation for optimal control problems.

4 Simulation results

This section presents the results of two simulation
studies. The first simulation investigates the flexibility
of the building. The second simulation investigates the
ability of the NMPC to minimise the economic
operational costs of heating the building (here, the
objective is related to the minimisation of return
temperature to the district heating, hence to the
minimisation of penalty fees due to high return
temperature to the grid). We use the Euler-Maruyama
simulation scheme to simulate from the SDE-model and
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Figure 5. A simulation study that compares a current standard set-point control in today’s buildings (Baseline) and the NMPC
presented in this paper. The heat costs are constant at 0.71 DKK/kWh plus a penalty of 2% for each °C the return temperature is
above 40 °C. Results suggest an economic reduction by around 10%.

the continuous-discrete extended Kalman filter to
reconstruct the system state.

4.1 Simulation: Flexibility of the building

To investigate the flexibility of the building in a
smart energy system, we use a cost function in the MPC
that takes a price signal. In a flexibility setting, the price
signal reflects how "expensive" it is to heat the building
at any given time. We define the cost function as

£(x(0), u(®), d(6),s()

= C(t)(b(t) (Tfor - Tret(t)) + Ps(t) (14)

where c¢ is the price signal, s is a slack variable to
soften the indoor air temperature constraints (to make
the optimisation problem feasible outside of the
constraints), and p is the slack penalty. Fig. 4 presents a
simulation of the building model in Eq. (5) using the
optimal control problem introduced in Section 3 with the
cost function in Eq.(14). The control runs in a closed-
loop setting with the time between control inputs and the
prediction horizon equal to one hour and 24 hours,
respectively. Furthermore, the controller has access to
the future weather disturbances. In the simulation, the
heating price is simply designed in order to see the effect
of the MPC. It is expensive at 100 DKK per kWh during
peak hours in the mornings and evenings. The heat price
is otherwise low at 10 DKK per kWh. As a result, the
controller mainly heats outside peak hours and only does
so if the indoor temperature gets too low. Due to the
under-dimensioned heating system and the building's
poor insulation level, the controller still needs to supply
some heat during the peak hours to maintain the desired

temperature. The results suggest that the building can
supply some flexibility under these circumstances.
However, considering that the outdoor temperature in
Denmark can become even lower than in the present
simulation, the building will have less flexibility in such
situations.

4.2 Simulation: Minimisation of operational
costs by lowering return temperature

As a building owner in the Danish district heating,
one pays an additional fee if the return temperature is
high for two reasons. First, if the temperature difference
is small, the mass flow rate needs to be higher. Second,
high return temperature to the district heating sources
decreases the production efficiency. The pricing scheme
is very different between district heating areas. This
holds for both the price of heat and the penalty for not
cooling the return adequately. In the present analysis, we
set it quite progressively, namely as follows: if the return
temperature is above 40 °C, the heat price increases 2%
per extra degree Kelvin of the return temperature. The
cost-function where this is accounted for is

£, (x(0), u(®), d(®),s(), v(t)) =
c®)D () (Tror — Tree ) (1 4 0.020()) + ps(t)  (15)
where v is a slack variable that softens the upper
constraint at 40 °C on the return temperature and the

scalar 0.02 is the percent-wise increase in heat cost.
Fig. 5 displays a simulation study of the building
model in Eq. (5) using the cost function in Eq. (14). The
figure also depicts a baseline, which uses a simple set-
point control that turns down the temperature during the
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night and back on during the day. The baseline
represents the current practice in most buildings using
rule-based control: a fixed set-point pattern used every
day. This experiment reflects the actual economic costs
of operating the building together with the extra fee
when the return temperature is too high. The results
demonstrate the emphasis the controller puts on keeping
the return temperature below 40 °C while supplying
enough heat to comply with the constraints. The actual
economic costs associated with each control strategy
during the one simulated month are 4522.9 DKK and
4066.6 DKK for the baseline and MPC, respectively.
This points toward economic savings of around 10% by
using the proposed control strategy. Much of this
reduction is explained by the ability of the controller to
lower the return temperature and avoid extra penalties,
which account for 382.2 DKK and 89.5 DKK,
respectively for the two strategies. Especially during the
cold periods, where extra heat is needed, the economic
savings are high. The total energy use is reduced from
5891.4 kWh to 5742.5 kWh (around 2.5%) by the MPC,
which comes from the ability of the MPC to lower the
temperature closer to the constraints. This optimisation
and the lower return temperature not only benefit the
building operators, but also benefits the district heating
operators by significantly decreasing the amount of heat
loss in the district heating system.

It should be stressed that these results apply only to
the current settings and may vary according to different
district heating areas and pricing schemes. Also, in a
realistic setup with meteorological weather forecasts,
building occupants, etc., the control performance may
be affected.

5 Conclusion

This article introduced a non-linear grey-box model
describing the heat dynamics of an old school building.
This model enabled us to predict and control the future
evolution of temperatures and heating in the building.
We presented a NMPC method and used it in a
simulation study to cast light on the benefits. The results
suggest that smart control of the heat supply unlocks the
building's flexibility and supplies economic savings of
up to 10% under a particular, but realistic, pricing
scheme. The specific savings may vary depending on
the district heating area since pricing schemes vary.
Also, the controller had access to the actual future
weather disturbances, which in a realistic setting must
be replaced with weather forecasts potentially
decreasing the savings. Future work involves
implementation of the NMPC in the building and
investigation of how well individual rooms behave
under the simplified model [19].

6 Acknowledgements

The authors would like to acknowledge the
following. Sustainable plus energy neighbourhoods
(syn.ikia) (H2020 No. 869918), Centre for IT-Intelligent
Energy Systems (CITIES) (DSF 1305-00027B), Top-up

(Innovation Fund Denmark 9045-00017B), SCA+
(Interreg  Oresund-Kattegat-Skagerrak) and Flexibile
Energy Denmark (FED) (IFD 8090-00069B)

References

[1] J. Drgona et al., “All you need to know about
model predictive control for buildings,” Annual
Reviews in Control, vol. 50. Elsevier Ltd, pp.
190-232, Jan. 01, 2020, doi:
10.1016/j.arcontrol.2020.09.001.

[2] H. Madsen et al., “Control of Electricity Loads
in Future Electric Energy Systems,” in
Handbook of Clean Energy Systems, American
Cancer Society, 2015, pp. 1-26.

[3] A. Q. Santos et al., “Control strategies and
algorithms for obtaining energy flexibility in
buildings,” 2019.

[4] C. A. Thilker, H. Madsen, and J. B. Jargensen,
“Model predictive control based on stochastic
differential equations,” in Towards Energy
Smart Homes: Algorithms, technologies, and
applications, C. Ghiaus, M. Amayri, and S.
Ploix, Eds. Springer, 2021.

[5] F. Oldewurtel et al., “Use of model predictive
control and weather forecasts for energy
efficient building climate control,” Energy
Build., vol. 45, pp. 15-27, Feb. 2012, doi:
10.1016/j.enbuild.2011.09.022.

[6] S. W. Lex, D. Cali, M. Koed Rasmussen, P.
Bacher, M. Bachalarz, and H. Madsen, “A
cross-disciplinary path to healthy and energy
efficient buildings,” Technol. Forecast. Soc.
Change, vol. 142, pp. 273-284, May 2019, doi:
10.1016/j.techfore.2018.07.023.

[7] P. Bacher and H. Madsen, “Identifying suitable
models for the heat dynamics of buildings,”
Energy Build., vol. 43, no. 7, pp. 1511-1522,
Jul. 2011, doi: 10.1016/j.enbuild.2011.02.005.

[8] K. K. Andersen, H. Madsen, and L. H. Hansen,
“Modelling the heat dynamics of a building
using stochastic differential equations,” Energy
Build., vol. 31, no. 1, pp. 13-24, Jan. 2000, doi:
10.1016/S0378-7788(98)00069-3.

[9] R. Juhl, N. R. Kristensen, P. Bacher, J.
Kloppenborg, and H. Madsen, “CTSM-R User
Guide,” 2013.

[10]  R. Halvgaard et al., “Model predictive control
for a smart solar tank based on weather and
consumption forecasts,” in Energy Procedia,
Jan. 2012, vol. 30, pp. 270-278, doi:
10.1016/j.egypro.2012.11.032.

[11]  H. A. Schluter, D. Boiroux, N. K. Poulsen, H.
Madsen, and J. B. Jorgensen, “Economic
Model Predictive Control for Energy Systems
in Smart Homes,” CCTA 2019 - 3rd IEEE
Conf. Control Technol. Appl., pp. 598-604,
2019, doi: 10.1109/CCTA.2019.8920663.

[12] M. Diehl et al., “Fast Direct Multiple Shooting
Algorithms for Optimal Robot Control,” Fast
Motions Biomech. Robot., 2009.



E3S Web of Conferences 246, 09005 (2021)
Cold Climate HVAC & Energy 2021

https://doi.org/10.1051/e3sconf/202124609005

[13]

[14]

[15]

[16]

[17]

[18]

[19]

C. A. Thilker, R. G. Junker, H. Madsen, D.
Cali, and P. Bacher, “Non-Linear Grey-Box
Modelling for the Heat Dynamics of
Buildings,” Submitt. to Energy Build., 2021.
C. G. Bruun, “Optimization of Building
Operation using high-resolution sensor data,”
no. February, 2019.

B. Oksendal, Stochastic differential equations
(3rd Ed.): An introduction with applications.
Heidelberg: Springer-Verlag, 1992.

Y. Pawitan, In all likelihood: statistical
modelling and inference using likelihood.
Oxford: Clarendon Press, 2006.

P. Frogerais, J. J. Bellanger, and L. Senhadji,
“Various ways to compute the continuous-
discrete extended Kalman filter,” /EEE Trans.
Automat. Contr., vol. 57, no. 4, pp. 1000-1004,
2012, doi: 10.1109/TAC.2011.2168129.

J. A. E. Andersson, J. Gillis, G. Horn, J. B.
Rawlings, and M. Diehl, “CasADi - A software
framework for nonlinear optimization,” 2018.
C. A. Thilker, H. Madsen, and J. B. Jargensen,
“Advanced forecasting and disturbance
modelling for model predictive control of
smart energy systems,” Submitt. to Appl.
Energy, 2021.



