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Abstract
This paper presents and investigates a novel, hybrid model predictive approach to control the auxiliary heating for a combistorage. Faulty design, as
well as suitable design schemes cause situations in which solar energy supply
has to compete against the auxiliary energy supply. This research demonstrates a feasible method to remedy such situations with the utilization of
weather forecast data. The developed approach is modular and expandable
to be used with additional heat sources. A suitable disturbance-prediction,
which approximates the expected solar energy ux into the storage, in connection with a linear model predictive control (MPC), can prevent the auxiliary system to switch on at an early stage and thus reduce the auxiliary
energy demand and keep storage capacity for solar thermal energy supply.
Results obtained through simulations for selected months show a reduction
of auxiliary energy demand up to 40%, when facilitating this approach for a
solar thermal combisystem for a single family house. Monthly solar fractions
(Fs ) increase by approximately 4 percentage points or 5% with respect to
the base case.
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1. Introduction
This work suggests and investigates a sophisticated predictive weather
data incorporating approach to control the auxiliary heating in a solar thermal combistorage. The aim is to increase solar yields and minimize auxiliary
heat demand and thermal storage losses.
The paper describes a new hybrid model predictive control (MPC) approach, discusses relevant controller parameters, and shows the auxiliary
energy saving potential compared to a base case control, when applying the
MPC approach for a solar thermal (ST) combisystem for a single family
house.
Ideally, a predictive controller also incorporates the expected energy demand. However, for this research, prediction refers only to utilization of
ideal weather forecast data, i.e. the availability of 100% accurate predictions
is assumed.

1.1. Background
Solar thermal systems for domestic hot water (DHW) preparation and
space heating (SH) in residential buildings are generally controlled by simple
two level controllers which activate ST energy supply and/or auxiliary energy
supply into a thermal energy storage (TES). The functioning of two level
controllers is based on set- and actual-temperatures, but lacks information on
actual or expected solar radiation, which may lead to interference of auxiliaryand solar heat supply in case of a combistorage. This reduces the share of ST
energy fed into the TES due to the limited storage capacity. A smart weather
forecast data incorporating control concept might be able to compensate this
shortcoming and thus increase the solar fractions.
ST systems for residential purposes are mainly designed as bivalent systems for which a second (auxiliary) heat source feeds into the TES. Ideally,
the whole TES is exclusively assigned to the ST system. However, design
aspects require the ST system to share a certain part of the TES with the
auxiliary heat source.
In practice decient hydraulic schemes often hinder the ST system to
contribute a considerable share of the energy supplied to the storage. The
guarantee of ST yields comparable to simulation results and practical design in accordance with existing quality standards are still a challenge, especially for small and intermediate plants without monitoring (see Krause,
2003; de Keizer, 2012; Augsten, 2012; Ullrich, 2013). Two level controllers
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without any intelligence are not capable to compensate any faulty design, but
even for suitable design schemes sometimes the ST system has to compete
against an auxiliary system in terms of assigned storage capacity.
A predictive weather forecast data utilizing controller might be a remedy
to partly compensate for a lacking design as well as to decrease the auxiliary
energy fed into the TES. The maximum potential performance enhancement
when applying such an approach has already been investigated by Pichler
et al. (2012). The performance bound indicating the maximum improvement
potential is up to 10% for annual solar fractions and up to 30% for a certain
month. These results were obtained with the same system as is used in this
investigation.

1.2. Energy meteorology and irradiance forecasts
One motivation to facilitate solar irradiance forecasts for the control of a
ST plant is the increased frequency and accuracy of these data boosted by
the demand for day-ahead and intra-day predictions for solar power plants
(see Girodo, 2006; Bacher et al., 2009; Fernandez-Jimenez et al., 2012).
Fig. 1 shows results for the forecast accuracy in Europe. The rootmean-square-error (RMSE) increases only slightly with the forecast horizon,
here up to three days ahead. The dashed line mean of best indicates the
accuracy for cutting edge forecast methods. Forecasts in winter, fall and
spring are worse than in summer and the relative RMSE for hourly irradiance
data ranges between 4060% in central Europe. For more details see Perez
et al. (2007, 2010); Lorenz et al. (2007); Cebecauer et al. (2010); Wang et al.
(2011). Temperature prediction is dealt with in Anadranistakis et al. (2004);
Doeswijk (2007); Mathiesen and Kleissl (2011); Richardson et al. (2011).
For this study ideal solar irradiance and temperature forecast data are
used, i.e. forecast data facilitated by the MPC match exactly the data during
the simulation for testing the approach.
1.3. Predictive control for heating applications
Weather data incorporating predictive control schemes for applications
related to heating in buildings, are a promising technology with rising importance. Research activities in this eld are growing (e.g. Wimmer, 2004;
GÃ¤hler et al., 2007; BeigelbÃ¶ck, 2009; Lukasse et al., 2009; Gyalistras and
Gwerder, 2010; Rovas, 2011). Applied methods are the canonical approach
making use of a (linear) model in connection with Quadratic Programming
(QP) (e.g. Oldewurtel et al., 2012) and dierent stochastic approaches using
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non-linear simulation models (e.g. Schuss, 2011; Pichler et al., 2011). In general, theoretical studies use ideal weather predictions, i.e. weather data for
testing via simulations are the same as those supplied to the predictive controller. Current challenges relate mainly to the modeling (see Sturzenegger
et al., 2012).

1.4. Control strategies for residential solar thermal plants
Dierent control strategies for ST plants may be applied for the pump
of the collector loop and for ST heat supply into the TES. In addition, ST
combisystems require a suitable control for the auxiliary heat source. Comprehensive optimizations consider also minor mechanical changes to improve
the control (see e.g. Krause, 2003). Objectives when optimizing a control task
refer to minimization of electricity consumption or monetary costs (see e.g.
Ferhatbegovic et al., 2011) and auxiliary energy demand, and/or to maximization of the ST yield; the aim of this research refers to the last two,
closely linked aspects.
1.4.1. Review on standard control strategies
The volume of a solar combistorage is typically divided into two main
parts. The upper auxiliary volume (Vaux , compare Fig. 2) is the part that
can either be heated by the auxiliary heating system (usually a boiler) or by
solar heat  if available at suciently high temperature. The lower part of
the storage (Vsolar ) is reserved exclusively for ST heat supply.
In order to enable and maintain thermal stratication, solar charging is
often performed with dierent inlet heights or with a stratication device
(see Streicher and Bales, 2005). Increasing Vsolar and thus decreasing Vaux
generally results in higher solar fractions (Fs ), but Vaux cannot be eliminated
completely, mainly due to the high thermal power requirements during DHW
draw-os, which cannot solely be covered by the auxiliary source owing to its
limited thermal power. Usually Vaux is sized such, that a daily DHW demand
can be covered, i.e. 200300 litres for a single family house (SFH) (see Bales
et al., 2003).
Charging of Vaux by the auxiliary source is usually performed by means of
a simple two-level controller, i.e. the decisions related to the charging of Vaux
are made according to the actual storage temperature. This control approach
requires one or two temperature sensors placed in Vaux . If only one sensor
is being used, it has to be placed low enough to detect discharging of the
SH zone  the volume between the SH loop pipe connections, see Fig. 2 
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but the temperature criteria for auxiliary heating (on-signal and o-signal)
have to be based on the temperature requirements for DHW (Haller, 2010).
If two temperature sensors are being used and placed at dierent heights,
the upper can be used for the on-signal, and the lower for the o-signal.
These two sensors are placed in the overlap zone of Vaux and the SH zone.
Haller reports that this approach outperforms the one sensor approach, both
concerning the number of burner starts and the energy savings for a solar
combisystem with a pellet boiler. For eciency measures by minimizing
temperatures see ThÃ¼r (2007).
In this work the base case is the two sensor approach, compare with Fig.
2, and it is assumed that the auxiliary source is switched on when Taux1
drops below 57 ◦ C and turns o when Taux2 exceeds 63 ◦ C.

1.4.2. Advanced control strategies
The rst investigation on sophisticated control strategies for ST systems
for residential purposes, known to the authors, has been conducted at the
ETH Zurich in the early eighties (see e.g. GrÃ¼nenfelder and TÃ¶dtli, 1985).
Control strategies incorporating weather forecast data showed to require less
auxiliary energy than other simple strategies. An economic MPC has been
recently analysed by Halvgaard et al. 2012.
This paper introduces a novel, solar irradiance forecast incorporating linear MPC approach for auxiliary energy supply into the TES. The concept
is based on a MPC with a time-invariant state space model (SSM) for the
TES, and supplementing mini-simulation results to be used as future disturbances. Section 2 presents the system description and outlines the used
methodologies for investigation of the control approach. Section 3 deals with
the MPC approach, describes the required mathematical models starting
from rst principles, and explains the disturbance generation. Testing and
performance indicators are the topics of Section 4, and Section 5 provides
results for dierent scenarios. Section 6 draws a conclusion on the suggested
control approach.

2. Methodology
A ST combisystem is designed and simulated in TRNSYS  which is the
base case. Consequently a MPC is created in MATLAB, which is embedded
in TRNSYS, and employed to control the auxiliary heating in the TES 
this is the predictive control approach. This Section outlines the base case
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ST system and important boundary conditions, and addresses adaptions for
investigation of the suggested predictive control approach. Further, the functioning of the MPC is briey explained.

2.1. Modeling the ST system
The ST combisystem selected for testing the MPC approach has been
congured and extensively used in international research activities on ST
systems (see Heimrath and Haller, 2007; Dott et al., 2012). Hence it is
possible to compare obtained results for the same climate data against a
number of available simulation results with dierent congurations. Fig. 2
shows the essential elements, in- and outlets and sensors for the investigated
ST combisystem. This system has been dened for a single family house
with an annual heating energy demand of approximately 45 kWh/m2 for the
climate of Strasbourg. Tab. 3 lists the most important parameter values.
2.2. Simulation data and load proles
Synthetic climate data and load proles for a SFH form the main ingredients to obtain simulation results with TRNSYS (Klein et al., 2010),
conducted with a time STEP of 1/30 h.
Used climate data for Strasbourg (48.55N 7.63E, heating design temperature = -10 ◦ C, average Ta = 11 ◦ C) were obtained with Meteonorm 6.1.0.9
(see Meteotest, 2009).
In this research the SH and the DHW demand, and the building as such
are emulated for the investigation of the combisystem by means of load proles. The used proles are those which have been derived for IEA SHC Task
44 for a SFH with an annual heat demand of 45 kWh/m2 for the climate
Strasbourg, (see Dott et al., 2012, part A, part B). The heating load prole
considers occupation and internal gains. The average daily DHW load is 5.84
kWh resulting in 2133 kWh/a for a cold water temperature of 10 ◦ C. The
maximum draw o temperature is 55 ◦ C, required by a dish washer.
2.3. Integration of the MPC
System operation in base case mode with a simple two-level controller
is represented by Fig. 2. Operation with the sophisticated MPC approach
described in this research requires a few adaptions.
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2.3.1. Adaptions for MPC operation
Auxiliary heating with the MPC diers from the base case mainly in three
aspects:
(i) the controller uses predicted data to determine control actions Q̇aux
(ii) the number of required parameters is higher, and
(iii) the auxiliary power is (for now) assumed to be continuously adjustable.
Investigations with the MPC require a replacement of the simple control with
Taux1 and Taux2 , compare Tab. 3.
The most important elements around the MPC controller are drawn in
Fig. 3. Predicted weather data are forecast data for e.g. the next 12 h. Actual
values refer to typically available measurement values from the ST system
(e.g. storage Temperature at three dierent heights, collector temperature,
etc.). MPC parameter stands for the set of parameters required by the MPC
(e.g. the maximum auxiliary power, the minimum allowed temperature for
the auxiliary part of the TES, etc.). Reference value is the target temperature
for the auxiliary part of the TES.
2.3.2. The functioning of the MPC
In a nutshell, the MPC controller strives to approximate the reference
value by adjusting Q̇aux accordingly, but at the same time it aims to minimize
a cost function. That is, the controller has to nd a compromise between
deviation from the reference value and costs, which is essentially auxiliary
energy usage.
To allow for comparison against the base case controller the reference
value (set point) temperature must be suitable. In the base case the lowest
auxiliary volume temperature results from the rule on if Taux1 < 57 ◦ C.
Considering stratication this means approximately 60 ◦ C at the top of the
storage. Since the model for the TES, as part of the MPC, has a few thermal
nodes only, a reasonable average set point for the top node, which is close
to Vaux in size, has to be dened. The dened reference value is 58 ◦ C.
The next Section 3 describes the three elements of the MPC routine in
detail: disturbance-prediction, the MPC design, and the SSM  a ve node
model for the TES.
1

1 Ideally the size of the node for which this average set-point (reference value) is set, is
exactly the size of the auxiliary volume.
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2.4. Simulation with TRNSYS
The base case and the developed MPC approach are tested and investigated with TRNSYS simulations.
Fig. 4 provides a ow chart for this simulation, conducted with a time
STEP of 1/30 h. The rst gray box indicates the call of the solar combisystem. For base case simulations Q̇aux  the auxiliary heater power for Vaux
 is either Q̇aux,max or zero according to the control rule given in Tab. 3;
and the MPC-routine is ignored. In MPC mode, Q̇aux is the output from
the MPC-routine, which is called at the end of every time STEP, i.e. when
intermediate results are convergent.
The MPC-routine is essentially a MATLAB script embedded in TRNSYS
via type 155. After some initialization at the very beginning, the routine
reads intermediate results from TRNSYS in every time STEP; e.g. the storage temperatures needed for initialization of disturbance-prediction and the
MPC. Disturbance prediction evoked initially and every 10th STEP, stands
for the generation of expected ST energy ux into and inside the TES, originating from predictions of irradiance on the collector eld, compare Fig. 6.
Consequently the MPC is called, which is essentially the execution of the
MPC toolbox function mpcmove (see Bemporad et al., 2010, User Manual).
This function generates the optimal controller action, which is the auxiliary
power for the next time STEP.

3. Predictive control design
This section explains the design of the hybrid MPC approach in detail. A
prerequisite for the linear MPC is a model for control action evaluation; here
it is a model for the thermal storage which is derived in Section 3.1.1. Another
vital aspect is the provision of future disturbances. The generation of solar
irradiance dependent disturbances from a non linear simulation which uses
the same model as the MPC is addressed in Section 3.3.
Important aspects and assumptions for this research are:
(i) The controlled variable is the average temperature of the top node of
a ve node storage  roughly the default auxiliary volume.
(ii) The minimum acceptable value for this variable is constrained due to
comfort requirements.
(iii) The plant model being part of the MPC is a linear time-invariant
state space model (SSM) of the combistorage.
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(iv) Disturbance prediction is based on ideal forecast data for solar irradiance and ambient temperature.
(v) DHW draw o and SH demand are not considered for disturbanceprediction. In reality DHW draw o is dicult to predict. SH demand could
be approximated, but to keep the problem simple at this rst stage, it was
neglected.
(vi) The controller output must be proportional to power, and the maximum value is given by the maximum power of the auxiliary heater.
(vii) Storage temperatures from the (simulated) ST system are available.

3.1. Linear model predictive control
The canonical MPC problem is formulated in the state space, where the
controlled system is described by a linear discrete time model (see Morari
and Lee, 1999; Maciejowski, 2002). In terms of noise and disturbances, herein
only measured disturbance is considered.

x(k + 1) = Ax(k) + Bu u(k) + Bv v(k)
y(k) = Cx(k)

(1)

In Eq. (1) x ∈ Rn is the state vector, u ∈ Rm is the control action, v
∈ Rm̃ is the disturbance vector, and y ∈ Rp is the (measurable) output vector,
with n, m, m̃, p ∈ N, determining the number of components, respectively.
The index k indicates the discrete time instant. A ∈ Rn×n , Bu ∈ Rn×m , and
Bv ∈ Rn×m̃ are the state and the input matrices, and C ∈ Rp×n is the output
matrix.
The contextual physical meaning of vectors and matrices from the SSM
dened by Eq. (1) is described next.

3.1.1. Thermal storage  state space model (SSM)
In terms of MPC the SSM is used to determine the optimal future control
actions (u). In this research, the heating process in the auxiliary volume of
the combistorage must be controlled, hence a model for heating this part of
the TES is required. In principal, TS1 = f (Q̇dis,S1 , Vaux ) can be approximated
by a PT1 characteristic (compare Halvgaard et al., 2012), when assuming adiabatic boundary conditions for Vaux , but in connection with an open collector
loop an acceptable prediction accuracy of only 1-2 hours is obtained, which
is too low. The reason is, that the open loop does not notice temperature
increases in the lower part of the storage.
9

The linear time-invariant SSM derived for the MPC in this work, is a
ve node model for the combistorage, where each node corresponds to one
state. State changes due to internal mixing between nodes, are modeled
in A. Auxiliary energy input via u is considered through Bu , and a priori
disturbances v are incorporated via Bv . C maps the internal states (nodetemperatures) on the output vector y representing the measurable outputs.
Starting from rst principles the physical interactions of a thermal node i
to the node above and below and to the ambient are given by Eq. (2ac). Eq.
(2) summarizes the energy balance for the i-th node, where Q̇aux,Si and Q̇dis,Si
stand for auxiliary energy ux, and disturbance energy ux originating from
solar energy input. This energy balance holds for each node but Q̇c,i+1 /Q̇c,i−1
is zero for the top/bottom node.
(2a)

Q̇c,i+1 = U Ai+1 (TSi+1 − TSi )

(2b)

Q̇c,i−1 = U Ai−1 (TSi−1 − TSi )

Q̇a,i = U Aa,i (TSa − TSi )
dTSi
= Q̇c,i+1 + Q̇c,i−1 + Q̇a,i + Q̇aux,Si + Q̇dis,Si
mi cp
dt

(2c)
(2)

Although a ve node SSM is used later, only three nodes are assumed for
demonstration. The state vector represents the storage node temperatures

x := [TS1 , TS2 , TS3 ]T .

(3)

The control actions (u) are auxiliary energy ux. The disturbances (v)
represent the ST-induced energy ux to the storage nodes and the storage
ambient temperature.

u := [q̇aux,S1 , q̇aux,S2 , q̇aux,S3 ]T ,
| {z } |
=:q̇aux

{z

=0

(4)

}

v := [q̇dis,S1 , q̇dis,S2 , q̇dis,S3 , Ta ]T ,

(5)

where

q̇aux,Si =

Q̇aux,Si
Q̇dis,Si
, q̇dis,Si =
,
mn cp
m n cp

(6)

stand for normalized auxiliary and disturbance energy ux in K/h, respectively. Normalized power is a measure for the temperature change per hour,
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which is obtained when supplying e.g. Q̇aux,Si to a thermal node with mass
mn and specic heat capacity cp . For the given control task auxiliary power
is supplied to the top node only, hence the other components of u are zero.
Writing the energy balance from Eq. (2) for each node and using the
denitions from Eq. (36), after dividing by mn cp the following three equations are obtained  assuming equal UA values for internal mixing and the
same coecients for losses against ambient temperature at the top and the
bottom.

x

u

v

x

u

v

x

u

v

1
dx1
=
[−U A − U Aa,c , U A, 0] · + [1, 0, 0] · + [1, 0, 0, U Aa,c /mn cp ] ·
dt
mn cp
1
dx2
=
[U A, −2U A − U Aa,m , U A] · + [0, 1, 0] · + [0, 1, 0, U Aa,m /mn cp ] ·
dt
mn cp
dx3
1
=
[0, U A, −U A − U Aa,c ] · + [0, 0, 1] · + [0, 0, 1, U Aa,c /mn cp ] ·
dt
mn cp

(7)

⇐⇒

dx
= Ax + Bu u + Bv v.
dt

(8)

The matrices A, Bu and Bv are obtained by comparing Eq. (7) and Eq. (8)
which is the continuous-time counterpart of Eq. (1). Discretization with the
according sampling time leads to the matrices A, Bu and Bv . The output
matrix for one measurable output reads


C≡C= 1 0 0 .
(9)
The ve node storage SSM matrices, used for the MPC approach to test it
within a TRNSYS simulation, are given in Appendix A, Table 4 provides the
physical values assigned to the appearing variables. A temperature increase
of a node i is possible through auxiliary energy ux q̇aux,Si (only for the
top node), or a disturbance q̇dis,Si originating from (expected) ST energy
ux. The physical interaction between nodes is reduced to heat conduction;
heating due to internal mass ow is hidden in the disturbances, as is the
interaction with ambient. To verify the adequacy of this SSM, the ve node
temperatures were compared against TRNSYS simulation results obtained
with the storage type 340 (DrÃ¼ck, 2006), applying a non-uniform thermal
charging and discharging cycle over 10 days respectively. The most important
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is the accuracy of the top node which proved very good (∆TS,top = 1 ± 1
K). Towards the bottom node the deviation of the temperatures increases
(∆TS,bot = 1.6 ± 5 K). It must be noticed, that this accuracy refers to the
MPC model only, not to the storage model that is used later to test the MPC
approach.

3.1.2. Optimization problem
Control actions for each discrete time instant are obtained by continuously solving the following open-loop optimization problem  a Quadratic
Programming (QP) problem. The cost function of an MPC problem with
one control action and one controlled variable is
2

3

JP,M =

P
−1
X

min

∆u(k|k ),...,∆u(k+M −1|k ),

where the according terms

y
Ji+1
+ Jiu + Ji∆u + ρ 2



i=0

4

Jiy = (wy |y(k + i |k ) − yref (k + i)|)2 ,
Jiu

(10)

2

u

= (w |u(k + i |k ) − uref (k + i)|) ,
2
Ji∆u = w∆u |∆u(k + i |k )|

(10a)
(10b)
(10c)

stand for the costs due to deviation of y and u from a reference value, and
due to control action increments. All weights (w) in this work are assumed
constant. The term ρ 2 in Eq. (10), expresses the costs due to the maximum
required relaxation to full each of the following constraints:
y
y
ymin − Vmin
≤ y(k + i + 1 |k) ≤ ymax + Vmax
u
u
umin − Vmin
≤ u(k + i |k) ≤ umax + Vmax

∆u
∆u
∆umin − Vmin
≤ ∆u(k + i |k) ≤ ∆umax + Vmax
∆u(k + i |k ) = 0 if i ≥ M
 ≥ 0,
where i ∈ {0, 1, . . . , P − 2, P − 1} .

(10d)

2 For solving this QP problem standard algorithms are available, for more details see
Maciejowski (2002) or Bemporad et al. (2010).

3 Referring to the SSM from Eq. (1) only the rst components of u and y are relevant.
4 In (k + i | k), the k right to the line indicates the current instant, k + i stands for the

absolute sample number; since only

i

increases during each minimization, the notation in

brackets can be understood as related to the current instant
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k, i

steps ahead.

Given the time-invariant SSM from Eq. (1) and disturbances v(k + i)
for the prediction horizon P ∈ N, i.e. for i = 0, 1, . . . P-1; based on the
current state x(k) the optimal sequence ∆u(k |k ), . . . , ∆u(k + M − 1 |k ) is
found through minimization of JP,M , for which the slack variable  provides
a way to soften the constraints from (10d). Fig. 5 illustrates the control
actions resulting from an optimal sequence of ∆u. However, only u(k|k) is
really applied, since in the next instant k + 1 a new optimal sequence and
new u's are calculated.5

3.2. Specic MPC problem
This section approaches the MPC formulation from a practical point of
view, which occasionally results in inexactness. Table 5 describes the role,
and provides an intuitive abbreviation related to the physical meaning of
each parameter and variable being part of the cost function in Eq. (10), or
the constraints (10d). All reference values in this work are assumed constant.
For the given control task, the controlled variable y is the temperature of
the storage top node (TS1 ) and the control action u corresponds to auxiliary
power supply (q̇aux ) to this node. Using the default values from Table 5 and
omitting the constraints and the costs due to control action increments for a
moment, the cost function for the given MPC task reads

J36,15 =

min∗

∗
q̇aux
(0), ··· , q̇aux (14)

35
X
i=0

∗
∗
(TS1
(i) − 58)2 + wq̇aux q̇aux
(i)

2

.

(11)

This cost function6 is minimized when the MPC is called, i.e. in every
STEP of the outer loop in Fig. 4. The optimal sequence of control actions
∗
comprises 15 values for q̇aux
, which are found by means of the SSM for the
thermal storage for disturbances v, provided for the prediction horizon of 36
∗
samples. The term (TS1
(i) − 58)2 are the costs due to deviation of the tem2
∗
∗
peratures TS1
(i) from the reference value 58 ◦ C. The term wq̇aux q̇aux
(i)
expresses costs for auxiliary energy consumption, for which wq̇aux provides
5 It has to be noted, that in case of an infeasible solution at instant
would be used.

k + 1, ∆u(k + 1|k)

Infeasible solutions can be avoided through exible constraints via the

slack variable, which requires relaxation constants

6= 0

if possible.

6 Except for neglected costs due to control action increments, this simplied cost func-

tion holds as long as none of the constraints is violated.
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exibility to adjust the relative importance of this cost term. After each successful minimization of Eq. (11), only the rst value of the optimal sequence
∗
q̇aux
(0) is really applied for the ST combisystem.

3.3. Disturbance modeling
Disturbance-prediction is the main feature that distinguishes the MPC
approach from a simple controller. A priori disturbances represent an estimation for expected ST-induced energy ux into and inside the TES, and the
ambient temperature (last component). Solar radiation and ambient temperature forecast data are used to continuously update these data. DHW draw
o and SH demand prediction are not considered in this research.
Knowing future ST energy supply into the TES enables the controller to
adjust a sucient but moderate temperature for the auxiliary volume, rather
than the maximum set point.
The transformation of predicted solar radiation into disturbances (q̇dis,S1 , . . . , q̇dis,S5 )
is realized by a mini-simulation of the solar loop. The complete disturbance
vector v, predicted for i = 1, . . . , P samples is utilized by the MPC to estimate the future temperature changes in the combistorage, by means of the
SSM which was described before.
Mini-simulation for disturbance-prediction
In principal, the required disturbance generation can be conducted with
any thermal simulation software such as TRNSYS. However, these software
often lacks a possibility to set initial conditions for thermal models compare
(Coey et al., 2010). Hence a MATLAB script for conducting the minisimulation was set up.
Fig. 6 outlines the ow chart of this simulation. After data preprocessing
and initialization, the models of the mini-simulation (light gray boxes) are
called one after the other during each sampling interval, until disturbance
values are collected for the whole prediction horizon P.
The collector model uses an eciency curve approach, (see Due and
Beckman, 2006; Kaltschmitt et al., 2007). Hot and cold pipes are modeled
with a plug ow approach. For modeling the heat exchanger the eectivenessNTU method is used. Stratied charging of the TES is determined by the
output temperature of the heat exchanger indicated as Tsolar,in in Fig. 2, the
current storage temperatures, and ṁ. Outputs of charge (q̇dis,Si ) indicate
the energy ux in each node, occurring during the charging process. These
energy uxes and the ambient temperature are the a priori disturbances to
14

be used by the MPC controller. Appendix B briey describes the respective
models.
The thermal storage plays an important role in the mini-simulation. The
bottom node temperature indicated as TS,low in Fig. 2 is needed to obtain
the outlet temperature of the solar heat exchanger on the collector loop side.
The used model is the ve-node storage also applied for the MPC, which was
described in Section 3.1.1. In case of temperature inversion, that is TSi+1 >
TSi , the according bordering nodes are set to their average temperature.
A weakness of this approach is the fact that predicted disturbances derived from pure ST stratied charging do not consider auxiliary energy input,
which might change the stratication. The alignment of the mini-simulation
TES model in every time STEP when it is called, reduces this weakness.

4. Testing and performance indicators
This section denes criteria, used to compare the performance of dierent MPC scenarios, both against each other and related to the base case.
The simulation results used in these denitions are obtained from TRNSYS
simulations according to Fig. 4 with a time STEP of 1/30 h, the thermal
models of that simulation are much more elaborate than the models used for
the mini-simulation.

4.1. Plant performance indicators
Solar fractions (Fs ) for N considered simulation values, i.e. ti = t1 , t2 ,
· · · , tN , are calculated according to Eq. (12). Q̇hx and Q̇aux,S1 are direct
simulation results. The penalty term Q̇pen,lin is the linear part of Eq. (14)
and it is considered for the calculation of Fs to compensate for auxiliary
energy not included in Q̇aux,S1 but needed to fulll the comfort requirements.

PN
Fs = PN

i=1

Q̇hx (ti )

i=1 Q̇hx (ti ) + Q̇aux,S1 (ti ) + Q̇pen,lin (ti )

.

(12)

The performance change of a ST system for dierent control strategies is
dened by

∆fs :=

(Fs,mpc − Fs,base )/Fs,base
.
(VS − Vaux )/VS

(13)

The nominator is the relative change of Fs , the denominator gives the relative
solar volume. Fig. 13 depicts the theoretical performance bound for ∆fs .
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4.2. Penalty functions
To allow for comparison of MPC controllers (with dierent parameters)
among each other and against the base case controller, a reasonable penalty
function characterising the deviation from a desired set point for e.g. the
DHW draw o temperature, is crucial. Therefore the following function is
dened (compare Bales et al., 2003).

Q̇pen (ti ) := ṁ(ti ) cp (∆Tlin (ti ) + b ∆Tpow (ti )x )
where ∆Tlin (ti ) := max (Tset (ti ) − Tact (ti ), 0) ,
and ∆Tpow (ti ) := max (45 ◦ C − Tact (ti ), 0)

(14)

The linear term compensates the energy per time STEP to meet the desired
temperature value, and the power function penalizes comfort violations. The
variables ṁ and cp are the respective mass ow rate and the specic heat
capacity of water. Fig. 7 shows the penalty function for DHW.

4.2.1. DHW discomfort and penalties
Herrmann et al. (1994) conducted an empirical experiment on thermal
sensation for humans under showers in France. Results indicate a mean preferred water temperature of 36.3±0.15 ◦ C and a mean thermoneutral temperature of 35.1±0.14 ◦ C. The thermal sensitivity threshold found is 0.6±0.1
K, and discomfort thresholds when starting from preferred conditions are
±(2.4±0.3) K. It has to be noted, that in general the preferred conditions
vary individually and especially for dierent continents.
Based on these ndings parameters for Eq. (14) are set b=8, and x=4.
This choice leads to the following properties, depicted also in Fig. 7. For
temperature deviations below the sensitivity threshold only energy demand
is compensated, up to 1.5 K penalties are moderate, but above 1.5 K they are
high. The temperature Tset (ti ) is the draw o set-temperature, i.e. penalties
are calculated from the deviation of the actual draw o temperature Tact (ti )
against the planned value, mostly 45 ◦ C. With 45 ◦ C being the baseline a
∆T of approximately 10 K with respect to the preferred water temperature
is assured  to account for thermal distribution and transfer losses. E.g. a
∆Tpen (ti ) of 1.5 K at the i-th time STEP (2 min) leads to a penalty of 0.42
kWh, and a ∆Tpen (ti ) of 3 K results in a penalty of 6 kWh, equivalent to
7% and 103%, of the daily DHW energy demand for the SFH (5.84 kWh),
respectively.
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4.2.2. SH discomfort and penalties
The SH heat demand is obtained from a load prole, hence ow- and
return-temperature of this sink are xed in each time STEP ti . Since the
SH outlet pipe is located in the upper part of the storage, which is already
monitored in terms of DHW penalties, and because the SH ow temperature
(35 ◦ C) is clearly below the minimum set-value for DHW preparation the
penalty function for SH comprises only the linear term in Eq. (14) and b =
0.

5. Results and discussion
A number of parameters have to be set for the MPC controller. For few of
them rules of thumb can be applied. Some parameters, especially constraints
can be derived from physical plant properties or practical considerations, e.g.
minimum temperature due to comfort constraints. Finally, simulations are
required to nd suitable ranges for some MPC parameters of the cost function
from Eq. (10), and to evaluate the suggested control approach for dierent
scenarios. Parameters not given explicitly have their default value from Tab.
5, (see also Bemporad et al., 2010, User Manual).

5.1. Characteristic controller behaviour
The control task in this research aords special attention on the following
cost function parameters:
(i) wTS1 , which declares the importance of adjusting the reference value
TS1,ref , This weight is kept constant at 1.
(ii) wq̇aux , which declares the price for auxiliary energy in the cost function, since the according reference value is zero. This weight is varied.
(iii) P the prediction horizon, which is also investigated.
The assumption of realistic limit cases allows for detection of appropriate parameter values through parameter variation. Hence, simulations for a number
of scenarios are conducted. First for pure DHW load (scenario IIII), and
second, for DHW and SH load (scenario IIII winter). This is important,
since load prediction is not considered herein for now, and dierent load
patterns will lead to dierent suitable parameter ranges.
5.1.1. Pure DHW load
The following three scenarios assume an initial uniform storage temperature of 30 ◦ C at midnight, 00:00 h. The simulation interval is 24 h and for
each scenario the evaluation is based on the following two criteria :
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(i) TS1,min (45 ◦ C) must be approached with maximum auxiliary power
(q̇aux,max ) and sustained thereafter, and
(ii) a clear trend of TS1 towards TS1,ref (58 ◦ C) should be visible; ideally
the reference value is approximated within acceptable delay.
In addition, the penalties according to Eq. (14) serve as a useful criteria
to identify critical operation conditions. It is assumed for now, that the
cumulated penalties for one day must not increase the critical threshold of
0.3 kWh/d (5% with respect to the daily consumption).

Scenario I
Assume prediction of an overcast day, IC,max ≈ 170 W/m2 , i.e. the disturbances (ST induced energy supply to the storage) are negligible. Fig. 8 shows
the evolution for the mean temperature in the auxiliary part of the storage
(a) and the corresponding controller outputs (b) responsible for these temperatures. The four curves correspond to four weights (wq̇aux ), which value
the use of auxiliary power dierently. A high weight clearly misses the aim
to approximate TS1,ref . In any case the penalties are less than the critical
threshold. The suitable range for the weights, in light of the two criteria
from above, is wq̇aux = 0, · · · , 4.
Scenario II
For a partly cloudy day, IC,max ≈ 400 W/m2 , the temperature curves and
the controller behaviour are very similar to scenario I, but the controller output is slightly restrained in the rst 12 hours. The second half of the interval
is characterised by a clearly visible temperature increase not originating from
auxiliary power, but from the disturbance, i.e. ST power supplied into the
top node. For this scenario no graphs are shown, but the disturbance looks
very similar as for the scenario II winter see Fig. 9 (b). In any case the penalties are below 1.3%. The suitable parameter range found for this scenario is
wq̇aux = 0, · · · , 5.
Scenario III
Prediction of a sunny day, IC,max ≈ 1000 W/m2 , leads to similar results
as for scenario I and II, but as the sliding prediction window detects the high
foresighted disturbance through ST power, the controller output is reduced
to zero. In any case the penalties are below 0.1%. It seems the whole range
of weights is acceptable. However, the draw o at the beginning of the eight
hour might be critical and suggests the parameter range wq̇aux = 0, · · · , 3.
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No graphs are shown for this scenario, but the critical instant is also visible
for the scenario III winter in Fig. 10(a).

5.1.2. DHW and SH load
In the following, the scenarios I-III are repeated for winter, that is, the
total load is given by the sum of the DHW and the SH load prole. The
evaluation criteria are the same as for pure DHW load.
Scenario I winter
The additional SH load requires more auxiliary heating, leading to a more
diversied controller action compared to Fig. 8. For high weights (10, 4), the
aim to sustain TS1 at the minimum level (45 ◦ C), is missed in the rst half of
the simulated interval. A critical situation for a medium weight (4) occurs at
the seventh hour. Although no graphs are shown for this scenario, a similar
critical instant is visible in Fig. 9 (b). The reference value is approximated
for low weights only. A parameter range of wq̇aux from 0, · · · , 2.5 prevents
from high penalties.
Scenario II winter
The control characteristic for the partly cloudy day in winter diers from
the overcast day due to the signicant disturbance between the ninth and
the 14th hour. Fig. 9 shows the resulting proactive controller behavior; the
MPC restrains auxiliary heating in the rst half of the simulation interval.
A parameter range of wq̇aux from 0, · · · , 3 prevents from high penalties.
Scenario III winter
The curves in Fig. 10 indicate a critical but characteristic situation for
MPC operation. The expected high solar radiation during the day leads
to stronger restriction of q̇aux in the rst 12 h compared to Fig. 9; from
the ninth hour on we have pure ST heating. The reduced auxiliary heating
as a consequence of the predicted ST power results in a critical operating
point at the seventh hour. Although initially a trend to approximate the
reference value is clearly visible, as the prediction horizon captures the strong
disturbance, the deviation to the reference value increases. This holds even
for wq̇aux = 0. The results are not alarming in terms of the penalties, since
the mean temperature of the node TS1 is not the same as the real draw o
temperatures and obviously these temperatures do not deviate too much.
The suitable range for wq̇aux is 0, · · · , 2.5.
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5.1.3. Variation of the prediction horizon (P)
For this investigation the scenarios are the same as for scenario III winter,
but the initial storage temperature of 30 ◦ C is assumed around sun set. This
way the time span to the next possible sunny period is maximized, which
enables to see the dierence between a short and a long P.
Scenario IV-P12, P = 12
Compared to all former scenarios, due to the initial storage temperature
of 30 ◦ C at around sun set, the START of the simulation interval is 18:00
rather than 00:00. This scenario represents the short prediction horizon. Fig.
11 shows the curves for TS1 . The zero weight curve initially approximates the
reference value, but as the prediction horizon captures the strong disturbance,
the deviation to TS1,ref increases.
Scenario IV-P24, P = 24 h
Scenario IV-P24 with results in Fig. 12 represents the long prediction
horizon. Compared to Fig. 11, the strong disturbance is captured earlier,
and hence the deviation to the reference value is much higher during the rst
half of the interval, for wq̇aux is 0, 2 or 4. For wq̇aux = 0; the temperature does
not even get close to the reference value in the beginning of the simulation
interval, whereas for P = 12 h it is approximated for the rst seven hours of
the interval. Although not analysed explicitly, the characteristic behaviour
indicates a higher likelihood for critical situations as P increases. The reason
is, that for a small P intervals with no disturbance at all are more likely, and
during these intervals the auxiliary volume is heated up close to the reference
value.
5.2. Results for longer simulation periods
Investigations on the performance bound show a high theoretical potential
for the months March, April and October (compare Pichler et al., 2012).
Therefore extended simulations fore these months were conducted with wq̇aux
= 2.5 and P = 12. The smaller prediction horizon was chosen because it
reduces the likelihood of critical situations in terms of comfort.
Results related to MPC-attributed improvements consider always the linear penalty correction such as in the denominator of Eq. (12), that is any
positive eect is purely due to the MPC approach.
Tab. 6 lists the dierences for solar fractions between the MPC and the
base case, for two dierent auxiliary volumes. The MPC approach clearly
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shows its strength for April and October. For these months, except for Oct.
and Vaux = 300 L, the results are signicant and no additional penalties occur
during MPC operation. The maximum absolute increase of Fs is approximately 4 percentage points (pp) or 5%.
Fig. 13 shows a performance bound (PB), which is an utterly edge with
respect to the theoretical annual improvement potential. The black circles
show the improvement potential for the investigated months.
Improvements originate mainly from reduced storage losses which are
−4 ± 3% when averaging values from the three months for Vaux = 300 L. The
reduced losses are due to lower average storage temperatures; on average
−5 ± 4% in the top node of the TES and −2 ± 1% in the node below. The
increase of the solar input due to virtually extended solar volume (Vsolar ) is
on average +2 ± 1%. All numbers are with respect to the base case. For
Vaux = 500 L values for average losses and temperatures are approximately
one additional percentage point reduced and the increase of the solar input
is +3% instead of +2%.

Auxiliary energy savings
Fig. 14 and 15 show the auxiliary energy savings  already corrected
by any linear penalties, which may distore the objectivity of the results 
for the investigated months when deploying the MPC, compared to the base
case, in kWh and in %. The absolute values are very similar, for the relative
savings April stands out due to the decreased absolute auxiliary demand for
this month. The dierence for altered Vaux is visbile but not high.
Penalties
The DHW penalties are very progressive for increasing temperature deviations from the draw o set-point, compare with Fig. 7. As was indicated in
Table 6 with Italic numbers for March and October and especially for Vaux
= 300 L penalties for MPC operation are an issue. The highest cumulated
linear penalty for the period of one month is approximately 1.5 kWh, considering the three investigated months. The maximum cumulated value for
non-linear penalties is at the order of 103 kWh. This is very high, however,
e.g. in April no penalties occur at all. These ndings and insight from simulations for certain days from other months with high SH demand indicate
the importance of further parameter tuning to enable a reliable MPC operation on an annual basis. Even for the base case certain days in January and
December with unexpected high penalties were found.
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Increasing the minimum set temperature or especially incorporating the
SH demand prediction might provide a remedy for this.

5.3. Features of the proposed MPC approach
Existing MPC solutions in the context of residential heating are either
focusing mainly only on the building (Oldewurtel et al., 2012; Privaraa et al.,
2013) or are tailored to one special control task (Wimmer, 2004; Bianchi,
2006; Halvgaard et al., 2012). Research on MPC solutions for solar (thermal)
power plants are very complex and address other control objectives (GalvezCarrillo et al., 2009; Andrade et al., 2013; Camacho and Gallego, 2013).
Although this article demonstrates a relatively straightforward application of the proposed MPC-approach, it must be noted that this approach
is entirely modular and can easily be extended by other auxiliary sources
and also by additional outputs with varying draw-o temperatures decreasing from the top. This is of special interest for multivalent heating systems
that comprise at least two of the following sources: a ST system, a PV&grid
powered heat pump, a district or biomass heating.
In contrast to Halvgaard et al. (2012) who presents a closed solution for
a special system, the proposed MPC approach is entirely open. Assume
the connection of a PV powered heat pump to the system in Fig. 2, the
approach may be extended by simply adding an according element in the
mini-simulation for the disturbance prediction, and the cost function must
be tailored for one additional control variable. In general the elements of the
mini-simulation could be abstract functions, even the suggested solar loop as
part of the mini-simulation may be reduced to one simple linear system with
two or three inputs and one output. These extensions are also possible for
the heat demand prediction not covered in this article.
5.4. Practical aspects
Thinking on utilizing the suggested MPC approach in practice, a few
aspects and assumptions from Section 3 must be reconsidered. Ad (iv) Practical weather predictions are not 100% accurate, but probability bounds from
weather forecasts can be facilitated to adjust the cost function weights, e.g.
in case of insecure forecast data for irradiance wq̇aux could be reduced, resulting in more auxiliary heating. Ad (v) In terms of load prediction the SH
and the DHW must be taken into account. The former may be predicted
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dependent on Ta only and the latter may be approximated assuming a bimodal Gaussian prole, Jordan and Vajen (2005) and Mack et al. (1998)
provide a good starting point. This is expected to reduce the probability for
occurrence of critical situations as for scenario III winter and thus reduce
also the penalties. Ad (vi) The MPC operated auxiliary source was assumed
to be continuously adjustable which might not be the case in practice. This
requires the denition of a rule which transforms the continuous signal into
an on/o signal. Ad (vii) The mean temperature for the auxiliary volume is
generally not available, but research eorts exist (see Haller, 2010), to place
an average temperature sensor in the auxiliary volume. Using a Kalman Filter in connection with two local sensors (one at the upper and one at the
lower boundary of Vaux ) would also allow for a good approximation of the
average temperature in Vaux . The continuous alignment of the thermal models is an eective measure to strengthen the robustness, although this issue
should be analysed separately.

6. Conclusion
A feasible weather data incorporating model predictive control (MPC)
approach for controlling the auxiliary heating in a thermal combistorage of
a combisystem was demonstrated.
Disturbance-prediction, i.e. the estimation of expected solar thermal (ST)
induced energy ux into and inside the thermal storage, is the main feature of
the MPC. The suggested disturbance prediction, utilizing a mini-simulation
developed from rst principles, proved to function very well to disable auxiliary heating in case of foresighted solar irradiance. The disturbances, which
shift the model states, can also be seen as a surrogate for continuous model
linearisation.
The characteristic behavior of the MPC strongly depends on its numerous
cost function parameters. The suitable range for the weight which values
the use of auxiliary power turned out to be 0, · · · , 2.5, and the weight for
adjusting the reference temperature value in the auxiliary volume was kept
constant at 1.
Given the investigated ST system with the load prole, the MPC approach is viable to demonstrate its strength for the months March, April and
October, i.e. months where relatively high irradiance meets an according
SH energy demand. Simulation results for these months show an absolute
maximum increase of the solar fraction (Fs ) by approximately 4 pp or 5%
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with respect to the base case control, without any penalties. The maximum
decrease of the auxiliary energy demand is 44%.
Any stated improvements consider a penalty compensation, hence they
are purely due to the MPC approach. The MPC approach is viable to increase
the ST system eciency through optimal scheduling of the auxiliary energy
supply resulting in reduced storage losses, increased ST input and nally
reduced auxiliary energy supply.
Assuming application of this control approach for a ST system with high
load even in summer (e.g. for a pure DHW system for a multi family house),
the found performance improvement for certain months is likely to hold for
all summer months.
Future developments to improve the MPC will focus on a suitable SH and
DHW demand prediction to be incorporated into disturbance-prediction, and
further MPC parameter tuning (e.g increasing of P) to reduce the appearing
penalties. With respect to practice, a solution to obtain the actual average temperature in the auxiliary volume and a reasonable interpretation of
inaccurate irradiance forecasts, is required (compare Oldewurtel et al., 2012).
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the US see Perez et al., 2011).
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Figure 10: Scenario III winter; top storage temperature (a), and controller output and
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Tables

b, c

A
cp
Cmin/max

Table 1: Nomenclature 1. Table
constants

2

area, m

specic heat capacity, J/kg K
min/max uid heat capacity rate, J/h K

DHW

domestic hot water

Fs
IC

solar fractions, %
global irradiance on the collector plane, W/m

L

length, m

2

ṁ

mass ow rate, kg/h

MPC

model predictive control/controller

N

upper bound of summation, 

NTU

number of transfer units

PT1

low pass rst order

Q
q̇
Q̇

thermal energy, J

QP

quadratic programming

RMSE

root-mean-square-error

normalized thermal power, K/h
thermal power, W

RE

renewable energy

SFH

single family house

SH

space heating

SSM

state space model

ST

solar thermal

START

TRNSYS simulation start time, h

STEP

TRNSYS simulation time step, h

STOP

TRNSYS simulation stop time, h

ti

discrete time instant of simulation, h

T

Temperature,

TES

thermal energy storage,

UA

heat loss coecient, W/K

V

volume, m

x

power constant, 

◦

C

3
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Table 2: Nomenclature 2. Table
Subscript and Superscripts
*

predicted value

a
b
bot
act
alt
aux
c
C
dis
hx
in
i, j, k
lin
n
pen
pc
pow
ph
out
ref
set
top
S
z

ambient
brine
bottom (node) of the storage
actual value
alternative
auxiliary
cap, or conduction
collector (plane)
disturbance
heat exchanger
inlet
indices
linear
node
penalty
pipe cold
power
pipe hot
outlet
reference value
set value
top (node) of the storage
storage, storage node
refering to vertical direction

Greek

∆

ηC
λ

referring to (T) dierence, K
heat exchanger eectiveness, 
mean collector eciency, 
thermal conductivity, W/mK
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Table 3: Solar thermal combisystem device and default parameters for the system in Fig.
2, (compare Heimrath and Haller, 2007; Dott et al., 2012).

Device

Parameters and values

Collector

AC = 16 m2 , tilt = 45◦ southwards
η = 0.8, c0 = 3.5 W/m2 K, c1 = 0.015 W/m2 K2
Storagea,b
VS = 1.2 m3 , Vaux = 0.3 m3 default, λz = 2 W/mK
insulation: λ = 0.04 W/mK, d = 0.15 m, Ta = 15 ◦ C
Solar loop
on if TC > TSN + 5 K
o if TSN > 90 ◦ C or TS1 > 95 ◦ C or TC > 100 ◦ C
Aux. heating, base case: on if Taux1 < 57 ◦ C , o if Taux2 > 63 ◦ C
Q̇aux
Q̇aux,max = 4.92 kW

a

λz ,

b

Ta , the ambient temperature is chosen constant, 15

the vertical heat conductivity, determines internal mixing.

◦

C.

Table 4: Specication of physical model properties.

cp,b
cp
LSh
mn
ṁC
UA
UAa,c
UAa,m
Vaux
ρw
ρb
a

specic heat brine
specic heat water
storage height
mass of one node
collector specic mass ow rate
internal mixing UA value a
UA value of top/bottom node
UA value of medium nodes
overall UA value of the storage
auxiliary volume
density water
density brine

3.82 kJ/kgK
4.19 kJ/kgK
1.75 m
239.52 kg
15 kg/hm2
6.68 W/K
3.87 W/K
1.93 W/K
13.53 W/K
0.3 m3
998 kg/m3
1016 kg/m3

This value is 1.75 times the UA from the simulation model.

35

Table 5: MPC parameters and variables, and MPC tuning parameters used; abbreviations
of quantities arising by means of the SSM during the prediction are indicated by an
asterisk.
Abbreviations

Description

Default, Unit

general, physical

≡

P



prediction horizon: 36 samples

M



control horizon: 15 samples

ts
ρ




sampling time for MPC

1/3

h



weight for constraint violation







slack variable





yref

TS1,ref
wTS1
∗
TS1
TS1,min
TS1
Vmin
TS1,max
TS1
Vmax

top node T, reference value

58

◦

reference value, weight

1

1/K

top node T, actual value



◦

top node T, minimum

45

◦

relaxation constant of minimum

1

K

top node T, maximum

90

◦

relaxation constant of maximum

100

K

w

y

y
ymin

y

Vmin
ymax

y
Vmax
uref
w

u

u
umin

u

Vmin
umax

u

Vmax

∆u
w

∆u

q̇aux,ref
wq̇aux
∗
q̇aux
q̇aux,min
q̇aux
Vmin
q̇aux,max
q̇aux
Vmax
∗
∆q̇aux
∆q̇aux
w

ditto, rate of change, weight

Table 6: Results for
respect to

Fs,base .

≡

Apr
Oct

C
C
C

auxiliary power, reference value

0

K/h

2

h/K

auxiliary power, actual value



K/h

auxiliary power, minimum

0

K/h

relaxation constant of minimum

0

K/h

auxiliary power, maximum

14

K/h

relaxation constant of maximum

0

K/h

auxiliary power, rate of change

±∞

K/h

∆Fs = Fs,mpc − Fs,base

an alternative solar fractions denition:

Mar

C

reference value, weight

0.1

Vaux
L
300
500
300
500
300
500

h/K

when applying the MPC, in pp and in % with

Italic numbers indicate signicant
penalties.
P

Month

12 h

5 h

Fs = 1−

Fs,base
%
58.7 (49.1)
56.0 (45.6)
94.3 (91.1)
92.8 (88.7)
73.7 (64.5)
70.5 (59.6)
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In brackets are values from

(Q̇aux,S1 +Q̇pen,lin )/

∆Fs

pp
1.2 (1.9)
1.3 (2.0)
2.4 (3.8)
3.2 (5.0)
2.7 (4.1)
3.6 (5.6)

P
(Q̇DHW +Q̇SH ).

%
2.1 (3.8)
2.4 (4.3)
2.6 (4.2)
3.5 (5.7)
3.7 (6.4)
5.1 (9.4)

Appendix A. SSM for ve node storage
Given the same assumptions as for the three node storage model, and
using the denitions from Section 3.1.1 equivalently for a ve node storage,
the continuous time SSM matrices read
A=







1
mn cp


−U A − U Aa,c
UA
0
0
0
UA
−2U A − U Aa,m
UA
0
0
0
UA
−2U A − U Aa,m
UA
0
0
0
UA
−2U A − U Aa,m
UA
0
0
0
UA
−U A − U Aa,c

(A.1)

Bu = 15×5 ,




Bv = 



1
0
0
0
0

0
1
0
0
0

0
0
1
0
0

0
0
0
1
0

0
0
0
0
1

U Aa,c /mn cp
U Aa,m /mn cp
U Aa,m /mn cp
U Aa,m /mn cp
U Aa,c /mn cp

(A.2)




.



(A.3)

Discretization with the according sampling time leads to the matrices A,
Bu , Bv from Eq. (1). The output matrix is

C ≡ C = [1 0 0 0 0].

(A.4)

Appendix B. Mini-simulation  thermal models
Irradiance transformation
This is accomplished using the radiation processing scheme of TRNSYS
type 15, tiltMode 5, which accounts for horizon brightening, circumsolar
and isotropic diuse radiation by empirically derived reduced brightness
coecients; for more details on this see Perez et al. (1988, 1990) or TRNSYS
(2010).
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Collector
The collector model is based on the eciency curve, (see Due and Beckman, 2006; Kaltschmitt et al., 2007). The steady state behavior of a at plate
collector is described by

(T̄C − Ta )2
T̄C − Ta
− c2 ·
IC
IC
TC,in + TC,out
where T̄C =
.
2

η = c0 − c1 ·

(B.1)

The parameters c0 , c1 and c2 dene the eciency curve; IC is the irradiance on
the collector plane and Ta is the ambient temperature. The actual collector
eld power is given by

Q̇C = η AC IC

(B.2)

with AC being the aperture area. The change of the mean absorber temperature can readily be calculated establishing the energy balance and using
cC,ef f = 7 kJ/m2 K, as the specic eective heat capacity of the ST collector

dT̄C
Q̇C − ṁC · cp,b · (TC,in − TC,out )
=
.
dt
AC · cC,ef f

(B.3)

Pipe
The hot and cold pipes are modeled with a plug ow approach. For
each pipe ve elements and no mixing is assumed. The deployed model is
developed as SSM, the used mathematical formulae are the same as those
used in TRNSYS for type 31 (see Klein et al., 2010, pg. 4-195).
Heat exchanger
The eectiveness-NTU method is used to model the heat exchanger. It
has a major advantage compared to the log mean temperature dierence
method, because iterative calculations are not needed if only the input temperatures of e.g. a counter ow plate heat exchanger are given. Assume that
the primary and the secondary capacity mass ow rate, and the respective
input temperatures are given, and the overall heat transfer coecient of the
external heat exchanger as a function of the collector eld size AC is given
according to Heimrath (2004) by

U A = 88.561 · AC + 328.19 in W/K,
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(B.4)

the eectiveness  of a heat exchanger is dened as the ratio of the actual to
the maximum possible heat transfer rate. For any heat exchanger


UA
Cmin
where N T U =
(B.5)
 = f N T U,
Cmax
Cmin
holds, and Cmin and Cmax are the minimum and maximum heat capacity
ow rate. Given Q̇max = f (Cmin , Cmax , Tpri,in , Tsec,in ) and , the primary and
secondary outlet temperatures can be calculated. For more details we refer
to Incropera and DeWitt (2002).

Stratication unit
The model charge stands for the process of stratied charging of the
TES. It is determined by the secondary outlet temperature of the solar heat
exchanger and a control function. This function chooses which node receives
water from the heat exchanger. The charging process leads to a temperature
increase in the respective node and in the nodes below. Due and Beckman
(2006) describe stratied charging in more detail. Outputs of charge are
essentially the a priori disturbances to be used by the MPC controller.
Thermal storage
The thermal storage plays an important role in the mini-simulation. It
provides the inlet temperature for the secondary side of the heat exchanger,
which is strongly correlated to the collector inlet temperature. The used
model for the ve-node storage is that described in Appendix A. Temperatures for the next time step k+1 are calculated according to Eq. (1) using
x(k) = TS = [TS1 , . . . , TS5 ]T , u(k)=0, and v(k) = [q̇dis,S1 , . . . , q̇dis,SN , 15]T .
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