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Abstract—Buildings and their components account for a major
amount of the overall global energy consumption. There is a
rising demand to increase the end-use energy efficiency. Advanced
automation and control for buildings and their components is
one possibility how to achieve the desired goal of lower energy
consumption. The model based predictive control approach as a
special form of optimal control offers a good way to increase
energy efficiency. This paper presents the employment of a
model based predictive control algorithm for the energy efficient
temperature control of a solar-thermal system consisting of a
solar collector and a heat exchanger. The design of the controller
is based upon a physical lumped model of the system components.
In order to illustrate the potential of the model predictive
approach for the use in building automation the comparison
to a standard PI control approach is made where the energy
consumption for both control concepts is analyzed.

I. INTRODUCTION

Around 40% of the global total energy consumption is allo-

cated to buildings [1]. Heating, ventilation and air-conditioning

systems (HVAC) account for approx. 50% of the energy end

use in residential and non-residential buildings [2]. The reduc-

tion of the energy consumption yields a substantial decrease of

greenhouse emissions and therefore contributes to the required

climate change mitigation [3]. The employment of established

passive technologies such as improved building insulations

or more energy efficient appliances for heating and cooling

are efficient methods towards the energy efficient operation

of buildings. Another approach to mitigate climate change is

to improve buildings’ automation by using advanced control

concepts [1].

Current implementations of control concepts in buildings are

still very modest, often pursuing rule-based approaches com-

bined with PID controllers. Hereby, set-points for the control

are mostly determined based on schedules or plans, rather

than being the output of an optimization algorithm, neither

taking into account the efficiency of the consumed energy,

nor considering relevant system constraints (e.g.: temperature

limits, comfort, etc.).

Model based predictive control (MBPC) offers a good pos-

sibility to employ energy efficient control for buildings and

building components on the one hand and to deal with the slow

thermal dynamics as well as time delays in buildings on the

other hand. Though it has been the elected control scheme in

many research areas, in particular for mechanical, electrical or

chemical systems (see e.g.: [4], [5] or [6]), its use in building

research is relatively still very rare. However, the benefits of

MBPC have attracted attention of many researchers in building

engineering, therefore increasing its popularity rapidly.

For instance the authors in [7] deal with the model based

predictive control approach for temperature control in build-

ings, where the future behavior of the process is predicted

based upon a system model. The approach is compared to

a standard concept using PI controllers. In [8] stochastic

weather predictions are used for the employment of model

predictive controllers where the study is carried out for dif-

ferent buildings variants under different weather conditions.

The work [9] addresses the use of model based predictive

control in combination with a distributed approach for the

multizone building temperature regulation for which a com-

munication between the individual controllers is established.

Some other works consider the use of fuzzy model predictive

control [10] or model based predictive control employing

neural networks [11].

In this study, a mathematical state-space model for the solar-

thermal system implemented in the ENERGYbase [12], which

is an office building meeting the passive house standards, is

developed. Based on the information about the system dy-

namics, a discrete model predictive controller is implemented

and tested for robustness including information about weather

changes (e.g.: ambient temperature, solar radiation, etc.) which

is modeled in terms of disturbance rejection. For the compo-

nents of the solar-thermal system including the solar collector

field as well as the heat-exchanger, object-oriented modeling

using the open source modeling language Modelica [13] and

validation of the models have been carried out in [14] and [15].

The aim is to control the temperature at the outputs of the heat

exchanger in the solar circuit as well as storage circuit using

model based predictive control where the desired set-points for

the temperature should be achieved predictively consuming the

minimum of energy whereas variations of (e.g.: solar radiation,

ambient temperature, etc.) should be rejected.

II. PHYSICAL MODELING OF THE SOLAR-THERMAL

SYSTEM

In this section a mathematical model of the solar-thermal

system using fundamental balance laws such as the energy

balance equations for thermal systems will be derived. The



model should be composed such that the approach towards

the design of the model predictive controller is carried out

in a systematic way. The system dynamics are represented by

state vectors providing the current system information required

for predicting ahead. Fig. 1 depicts the structure of the solar

thermal system considered in this study for which temperature

control is pursued.
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Fig. 1: Structure of the Solar Thermal System.

Fig. 2 shows the structure of the proposed control concept.

The model based predictive controller consists of a physical

model of the controlled system as well as an objective function

together with constraints for which the optimization routine

yields the desired control law. The variables T ∗
sol,o and T ∗

sto,o

denote the desired output temperatures in the solar and storage

circuit respectively. Tamb which represents the ambient tem-

perature of the solar thermal system and Gt accounting for the

solar radiation are considered as disturbances by the controller

and therefore subject to rejection control. ṁsol and ṁsto serve

as the manipulated variables of the closed-loop control.
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Fig. 2: Block Diagram of the Control Structure.

A. Heat Exchanger Model

In this section a state space model of the counter current

flow plate heat exchanger suitable for the design of the model

predictive controller is developed. For that purpose the heat

exchanger is modeled using the approach of early lumping

of the plant, see [16] and [17]. Hereby N ideally mixed

interconnected tanks are used, which is illustrated by Fig. 3.
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Fig. 3: Lumped Model of the Heat Exchanger.

The model represents the dynamic behavior of the heat ex-

changer accurately also taking into account the nonlinearities

arising from the heat transfer due to the mass flow rates as

well as the temperature states. For simulation purposes we aim

at a model with a higher number N of the tanks. However, to

keep the controller design simple, we will use a second order

system for the heat exchanger dynamics in order to design the

predictive controller, therefore N = 2. Thereby, the following

assumptions are made prior to the modeling of the system

components:

• The medium considered for heating is incompressible.

• The medium density as well as its viscosity are consid-

ered constant.

• The thermal inertia of the medium in the pipes is ne-

glected.

• There is no heat loss to the ambient.

The heat exchanger dynamics can thus be described using

Equations 1 and 2 representing the energy flow inside the heat

exchanger.

d

dt
Tsol,o =

1

Mhch
(ṁsol (Tsol,i − Tsol,o) (1)

−AhU∆Tmean)

d

dt
Tsto,o =

1

Mccc
(ṁsto (Tsto,i − Tsto,o) (2)

+AcU∆Tmean)

The term AsU∆Tmean with s ∈ [h, c] refers to the transfer

of heat between the hot and the cold lumps whereas the

variable U describes the overall heat transfer coefficient which

will be considered constant over time for the design of

the controller. For simulation purposes to test the controller

it will be kept as a function of the mass flow rates and

therefore be time-dependent. ∆Tmean which corresponds to

the logarithmic mean temperature difference can be expressed

by (3) as shown in [18] and [19].

∆Tmean =
Tsol,i + Tsto,i − Tsto,o − Tsol,o

ln
Tsol,i−Tsto,o

Tsol,o−Tsto,i

(3)

For our controller design as well as for simulation purposes

we will use an algebraic approximation of the term describing

the temperature difference ∆Tmean according to [18], see (4).



∆Tmean =
1

2
(Tsol,i + Tsol,o) (4)

−
1

2
(Tsto,i + Tsol,o)

B. Solar Collector Model

Solar collectors belong to the class of heat exchangers which

convert solar radiation to internal energy of the transported

heating medium [20]. In this subsection a transient model

for the solar collector suitable for the design of the model

predictive controller is developed. The solar thermal system

implemented in the ENERGYbase comprises a glass-covered

flat plate solar collector field with a total aperture area of

274m2 [14].

The steady-state behavior of a flat plate solar collector can be

easily described using its efficiency, see (5).

η = c0 − c1
Tsol,i − Tamb

Gtot

− c2
(Tsol,i − Tamb)

2

Gtot

(5)

Here c0, c1 as well as c2 denote parameters which are

dependent on the optical performances as well as the heat

loss properties of the solar collector field. Gtot represents the

total specific energy gain by radiation and can be calculated as

a function of the diffusive and the beam solar radiation. Tamb

denotes the ambient temperature.

By knowing the total aperture area of the solar collector Ac

field and using the solar collector efficiency from (5), the total

heat flow rate Q̇col for the heating medium at the outlet of the

solar collector field can be calculated according to (6).

Q̇col = η Ac Gtot (6)

In order to obtain the information about the transient be-

havior of the outlet temperature Tsol,i of the solar collector

panel which is the inlet temperature of the solar circuit of the

heat exchanger, we apply the energy balance at the level of

the absorber plate:

d

dt
Tsol,i =

1

cdyn
(Q̇col + ṁsolcp (Tsol,o − Tsol,i)) (7)

using cdyn as the dynamic heat capacity of the solar collector

panel. cp describes the specific heat capacity of the heating

medium. Q̇col is taken from (6) whereas the collector effi-

ciency is provided by (5).

C. Total Solar Thermal System Model

For the subsequent controller design the overall model is

given using state-space formulation:

ẋ = f (x) + g (x)u (8)

y = h (x)

with the state vector x = [Tsol,o, Tsto,o, Tsol,i]
T

and the

output vector y = [Tsol,o, Tsto,o]
T

as well as the affine input

u = [ṁsol, ṁsto] which yields for the solar thermal system

from Fig. 1 the following structure:
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(9)

by using (4) to express ∆Tmean.

III. MODEL BASED PREDICTIVE CONTROLLER DESIGN

In this section the model predictive controller for the solar

thermal system from Fig. 1 is developed. As the control task

is to control the outlet temperatures of the heat exchanger

in a small region around a defined operating point, we will

carry out the linearization of the nonlinear controlled system

from (9) at the defined operating point. As the control algo-

rithm is implemented in discrete form, the discrete state space

representation for the linearized model reads as provided by

(10).

x(k + 1) = Φx(k) + Γu(k) +Λw(k) (10)

y(k) = Cx(k)

The vector u(k) contains the mass flow rates

[ṁsol(k), ṁsto(k)]
T

used as the control variables

for temperature control of the solar thermal

system. The states are represented by the vector

x(k) = [Tsol,o(k), Tsto,o(k), Tsol,i(k)]
T

considering the

current time instant k. Furthermore, (10) comprises an

additional term Λω(k) for which the matrix Λ contains

the local transient information about disturbances together

with the vector ω(k) = [Gtot, Tamb, Tsto,i]
T

denoting the

radiation, the ambient temperature and the inlet temperature

in the storage circuit. Therefore, disturbances due to weather

changes can be rejected predictively, hence keeping the

temperature at the desired comfort level. The matrices Φ
and Γ contain the discrete linearized information about the

states x(k) and the inputs u(k) in a small region around the

operating point.

The predictive feature of the model predictive controller

demands the use of a dynamic model of the system to be

controlled where the prediction is carried out during a finite

time horizon relying on the past input and output signals as

well as the signals to be computed. The control law generated

by the model predictive controller is based on iterative opti-

mization of the system model. At the current time instant k the

system is sampled and an optimal control strategy is calculated

by minimizing a defined cost function. Usually, the receding

horizon principle is employed for which only the first step of

the control law calculated for the entire control horizon Nc is

applied to the system model. At the next sample instant k+1
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Fig. 4: The Principle of Model Predictive Control.

the optimization is redone, resulting in a new control law and

new predicted state trajectories. Fig. 4 illustrates the principle

of model predictive control.

For the temperature control problem at hand we propose a

quadratic cost function which fulfills the criteria of optimality

with regards to the energy consumption as well as the mini-

mization of the control error y∗(k)− y(k), see (11).

min
∆u

J :=

Np
∑

i=0

δy(i) [y
∗(k + i)− y(k + i)]

2
(11)

+

Nc
∑

i=0

δu(i) [u(k + i)]
2

subject to

umin ≤ u(k) ≤ umax

∆umin ≤ ∆u(k) ≤ ∆umax

ymin ≤ y(k) ≤ ymax

y∗(k) denotes the desired trajectory at the current time

instant k. The constraints put on the control variables u(k), the

control increments ∆u(k) as well as the outputs y(k) must be

satisfied at any time instant k during the optimization routine.

The second term from (11) accounts for the minimization of

the energy consumed by the pumps in the solar as well as the

storage circuit.

As our aim is to minimize the cost function with regards

to the control increment ∆u(k) by applying a quadratic

programming algorithm, the optimization problem from (11)

is rewritten which results in the form provided in (12) whereas

the constraints from (11) remain the same.

min
∆u

J :=

Np
∑

i=0

δy(i) [y
∗(k + i)− y(k + i)]

2
(12)

+

Nc
∑

i=0

δu(i) [∆u(k + i) + u(k + i− 1)]
2

Hence, for the purpose of implementation using the opti-

mization algorithm the cost function J can be given in matrix

notation as provided by (13).

J = (Y∗ −Y)
T
λy (Y

∗ −Y) (13)

+ (∆U+Uπ)
T
λu (∆U+Uπ)

where λy > 0 and λu > 0 denote positive definite weighting

matrices.

Defining the vectors

Y∗ = [y∗(ki),y
∗(ki + 1), . . . ,y∗(ki +Np)] (14)

Y = [y(ki),y(ki + 1), . . . ,y(ki +Np)]

∆U = [∆u(ki),∆u(ki + 1), . . . ,∆u(ki +Nc − 1)]

Uπ = [u(ki − 1),u(ki),u(ki + 1) . . . ,u(ki +Nc − 2)]

where Y∗ contains the desired values from the reference tra-

jectory and Y comprises the actual output trajectory for each

output and Uπ represents a vector with control variable values

from the previous optimization iteration for each input and

output of the MIMO (multiple-input/multiple-output) system

from (9).

The trajectory of the output Y can be expressed using the

following (15).

Y = Fx(ki) +Φu∆U+Φω∆ω (15)

where

F =















CΦ

CΦ2

CΦ3

...

CΦNp















, (16)

Φu =















CΓ 0 · · · 0
CΦΓ CΓ · · · 0

CΦ2Γ CΦΓ · · · 0
...

CΦNp−1Γ CΦNp−2Γ · · · CΦNp−NcΓ















,

Φω =















CΛ 0 · · · 0
CΦΛ CΛ · · · 0

CΦ2Λ CΦΛ · · · 0
...

CΦNp−1Λ CΦNp−2Λ · · · CΛ















and the vector ∆ω = [ω(ki),ω(ki + 1), . . . ,ω(ki +Np)]
contains the predicted disturbances for the prediction horizon

Np.

Inserting (15) into (12) the cost function J becomes a function

of the future control increments ∆U and the current states

x(ki), see (17).



J (∆U,x(ki)) = (Y∗ − Fx(ki)−Φu∆U−Φω∆ω)
T

λy (Y
∗ − Fx(ki)−Φu∆U−Φω∆ω)

+ (∆U+Uπ)
T
λu (∆U+Uπ) (17)

The optimal sequence ∆U is calculated by solving the

quadratic programming problem provided by (18) in combi-

nation with the constraints from (11).

min
∆U

1

2
∆UT

H∆U+ FT∆U (18)

where

H = 2Φu
T
λyΦu + 2λu (19)

denotes the Hessian matrix and

FT = −2Φu
T
λy (Y

∗ − Fx(ki)−Φω∆ω)

+ 2∆UλuUπ (20)

IV. SIMULATION RESULTS

The optimization routine as described in the previous sec-

tion was implemented using the MATLAB R© Optimization

Toolbox
TM

. The model from (9) is implemented using C-code

S-functions whereas the control algorithm is embedded into

an M-code S-function.

In the following simulation results for the temperature control

are shown to demonstrate the performance of the model pre-

dictive approach with regards to set-point changes but also to

show the response of the closed loop due to disturbances as a

result of possible weather changes. Furthermore, a comparison

between a standard PI controller and the model predictive

controller is made. The PI approach includes also feed-forward

control to compensate for the system nonlinearities. This is

to illustrate the benefits of the predictive approach regarding

command response as well as the fact that effects such

as the actuator saturation can be avoided. Furthermore, the

maintenance of a defined comfort level by ensuring that the

temperatures are within defined limits as well as a control

taking the energy efficiency into account are further advantages

of the model predictive control concept and therefore outweigh

the performance of the standard PI controller significantly.

Figures 5 and 6 show the comparison regarding the tem-

perature control at the output of the heat exchanger for the

solar as well as the storage circuit using the model predictive

controller as well as the standard PI controller.

The implementation of the model predictive control is

carried out using a sample time of 1 s together with a

prediction horizon Np of 100 s and a control horizon Nc

of 80 s where the constraints for the control variables

[0.1, 0.1] kg/s≤ [ṁsol, ṁsto] ≤ [1.7, 1.7] kg/s and their rate of

change | d
dt

[ṁsol, ṁsto] | ≤ [0.03, 0.03] kg/s2 must be satisfied.

It can be clearly seen that the model predictive controller

shows better performance regarding set-point changes showing
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almost no overshoot and lower rise time due to its predictive

behavior, see Figures 5 and 6. Constraints regarding the control

variables are fulfilled perfectly well which is illustrated by

Fig. 8.
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At time instants 650 s and 850 s (see Fig. 7) system dis-
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turbances due to change of radiation and inlet temperature

in the storage circuit respectively are introduced to illustrate

the performance of disturbance rejection where the model

predictive controller shows a behavior with a much lower

demand on control energy compared with the PI controller

which even experiences actuator saturation at time t = 860 s

when trying to reject the rise of temperature at the inlet of the

heat exchanger in the storage circuit Tsto,i, see Fig. 8. For this

purpose an anti-windup method is applied to stop the integral

action of the PI controller for the period of actuator saturation.

Within the time period t ∈ [0, 1100] s the electric energy

consumption can be reduced by approx. 19%. The consumed

electric energy Eelec is calculated as a function of the time

integral over simulation time τ = 1100 s of the sum of squared

mass flow rates in the storage and the solar circuit assuming

a linear pump characteristics:

Eelec ∝

∫ τ

0

(

ṁ2

sol + ṁ2

sto

)

dt (21)

V. CONCLUSION

In this paper we proposed a model based predictive control

concept for temperature control in the area of solar-thermal

systems. We could show the great potential of the predictive

approach regarding excellent response to set-point changes.

Furthermore, the model predictive control strategy showed

good performance with regards to disturbance rejections. The

design of the model predictive controller is based on the

minimization of the cost function also taking the electric

energy consumption of the actuators into account. In order

to underline the benefits we drew a comparison between the

model predictive design and a standard PI controller. Thereby,

we manage to reduce the energy consumption by approx. 19%.

Future research will deal with simulations regarding longer

time periods (e.g.: whole year) to obtain more detailed and

comprehensive information on energy saving potentials when

employing the discussed model based predictive control con-

cept. Further, the effect of major variations of the global

solar radiation on the robustness of the model predictive

controller will be analyzed. Other works will deal with the

employment of the nonlinear model predictive control for

the solar-thermal system. Thereby, the solar-thermal system

will then be extended by a stratified storage tank for which

different energy cost functions to minimize for electric energy

consumption of the actuators will be discussed.
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