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Abstract
This paper presents the application of two model-based predictive control (MPC) algorithms on the cooling
system of an office building. The two strategies discussed are a simple MPC, and an adaptive MPC algorithm
connected to a model predictor. The cooling method used represents the air-conditioning unit of an HVAC
system. The temperature of the building’s three rooms is controlled with fan coil units, based on the reference
temperature and with different constraints applied. Furthermore, the building model is affected by dynamically changing interior and exterior heat sources, which we introduced into the controller as disturbances.
Keywords: control, cooling, MPC, prediction, constraint.

1. Introduction
An HVAC system contains heating, ventilation
and air conditioning equipment used primarily
in office or commercial, industrial buildings, but
residential applications are also common. Since
in the aforementioned buildings most of the energy is consumed by running heating or cooling
equipment, development of an optimal and efficient controller is of the upmost importance.
There are several scientific papers dealing with
the control of similar systems:
––the application of a hybrid model-based predictive controller to a residential building is described in [1];
––Fuzzy neural networks and MPC containing genetic algorithms are compared in [2];
––PID and robust PID are presented in [3] and [4];
––Fuzzy controller is combined with PID characteristics in [5].
The system discussed in this research paper
represents the air-conditioning unit of an HVAC
equipment. The system’s controllable inputs are
the cooling medium’s temperature (Ts) and the
fan coil units’ signals (FS1, FS2 and FS3). The
room temperature is influenced on the one hand
by the cooling air supplied by fan coils, on the oth-

er hand by the combination of outdoor air temperature, solar irradiance and heat disturbances,
such as the presence of people or operation of
machines. These factors are modelled using predictions with a degree of uncertainty. Figure 1.
shows the system’s schematic.
The aim of this paper is to study different model-based predictive controllers in order to control
the described cooling system.

Figure 1. System’s schematic
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The paper is organized as follows. In Section
2, the controlled system’s model is presented in
state-space form, describing its different inputs
and outputs, and the results of an open-loop simulation. The first subsection of Section 3 discusses
the theoretical background of model-based predictive control, in the second subsection we present our attempt to apply it on the system, while
in the third subsection we design an adaptive
model-based predictive controller. Finally, Section 4 contains conclusions drawn, based on our
observations.

2. Controlled system
The modelled office building consists of three
south-facing rooms, each equipped with one fan
coil unit. We can describe the building dynamics
using a state-space model shown by (1)

(1)
where x state vector equals the Ta air, and Tfal
wall temperatures of the three rooms.
(2)
The u input vector is built up from the Tenv environmental air temperature, Idir direct solar irradiance, Idiff diffuse solar irradiance, PFCU actuator
thermal powers, and PD other heat disturbances.
(3)
The Tenv, Idir and Idiff external weather conditions
are equal with the sum of the prediction values
and prediction errors modelled with Gaussian
distribution. The PD disturbance heat fluxes can
also be described using Gaussian distribution using the following equation:

The cooling medium circulated through the fan
coil units is also a control variable that is limited
to values between Ts ϵ [7,11].
Factual prediction data is available for the controller’s development. Environmental temperature, direct and diffuse solar irradiance were defined over a 24-hour period, with values changing
every hour. The electricity price fluctuation was
logged every 15 minutes during the same period.
The system’s performance is measured with the
cost of operation in euros, which is equal to the
sum of the following three costs: consumed electrical energy, deviation from the reference temperature, and the acoustic discomfort.
Further details regarding the controlled system
can be found in [6] and [7].
In order to study the system’s dynamics we first
ran an open-loop simulation. The simulation time
was 2 days, the cooling medium’s temperature
was set to 9 °C. The fan coil units were turned on
every day between 8:00 and 20:00, and kept in a
turned off state outside this period.
Figure 2. shows the change of temperature in
the three rooms marked with distinct colors, with
fluctuations between 14 and 27 degrees Celsius,
induced by the lack of proper control. Observing Figure 3. we notice the fan coil unit’s effect:
when turned on the room temperature falls at a
remarkable rate, while in the off state it is directly influenced by the external factors. This is presented in Figure 4., where the greatest impact is
shown by solar irradiance. One can deduce the direct correlation between the two: greater solar irradiance values introduce upswings in the room
temperature. In comparison, changes in environmental temperature have relatively no effect on
the inner temperature.

(4)
where greater heat fluxes (ki) appearing during
working hours change from room to room as
written in the (5) equation.
(5)

The y output vector consists of the inner room
temperatures:
(6)

Figure 2. Temperature in the three rooms
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we only apply the first value. The rest of the sequence is dispersed, because in the next time step
they are recomputed [8].

3.2. Application of classic MPC

Figure 3. Fan coil units’ control signals

Figure 4. Environment temperature, direct and diffuse solar irradiance

3. Designed controller
3.1. Theoretical background
Model-based predictive control (MPC) is a widespread process control method of systems that
have a known mathematical model, and where
the goal is to solve a constrained optimal control
problem over a finite horizon. In case of control
over a finite receding horizon, we are looking for
an optimal control solution that minimizes a cost
function:
(7)

where ek+i represents the control error, ∆uk+i = uk+i uk+i-1 the change of control signal, N the prediction
horizon, and Nc the control horizon. Q and F represent the positive semi definite weight matrices,
while R is the positive weight matrix. After calculating a control sequence by solving the optimization problem for the receding prediction horizon,

In the first step, we tried to control the system
with a state-space, model-based, finite, optimal
controller over a receding horizon (MPC). For this,
we inserted the MPC Controller Simulink block
into our model and created an mpc object that defines the controller’s functionality and specifies
its characteristics. The built-in MPC Designer tool
was one method of doing all of the above, by setting the block’s inputs and outputs:
––Manipulated variables: fan coil units’ control
signals;
––Measured disturbances: actual environmental
temperature, direct and diffuse solar irradiance,
other heat disturbances and the cooling medium’s temperature;
––Unmeasured disturbances: 0;
––Measured outputs: actual room temperatures;
––Unmeasured outputs: 0.
In the following, we set the step time to 1 sec,
and the cooling medium’s temperature to a constant 8 degrees Celsius, in order to have a simpler
controller. One of the controller’s requirements
was to have a linear source model, which our
system didn’t adhere to, thus a linearization was
necessary. A possible way of doing this was by
searching for a stabile operating point, that we
could linearize the model around, so we could
observe the response and stability of the system.
To accomplish this we used the operpoint built-in
function.
By reason of the controlled system’s structure,
the control signals sent to the fan coil units can
only be of Boolean type, in other words its value
is either 0/false or 1/true. Additionally, this control signal stands at the basis of two calculations:
the thermal power transferred into the rooms,
and the pump’s electric power. When trying to
linearize the model, we received – starting with
the third simulation step and onwards – a much
greater control signal than expected and thus not
handled by the controller. This resulted in an error which could only be solved by removing the
mentioned calculations and replacing them with
constant values. After the linearization was completed, we restored the original calculations, to
have the proper working condition.
With the linearization finished, our next step
would have been the fine-tuning of the control-
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ler’s performance. However, this was not possible
because the controller did not have the desired
functionality: the control signal was built up only
of null-matrices. While investigating the possible
causes, we concluded that the controlled system
was too complex to be controllable by a classic
MPC algorithm.

3.3. Adaptive MPC with model predictor
In the following, we examine the applicability
of an adaptive MPC connected with an online linear model estimator. Based on the system’s inputs
and outputs we used a Kalman filter to estimate
an ARX regression model (8), which in the end resulted in a linear model.
(8)
where A(t) is the system matrix, B(t) is the input
matrix, y(t) is the output, u(t) is the input and e(t)
is white noise.
Afterwards we converted the estimated model
into state-space form using ARX-SS transformation. Then the adaptive MPC algorithm would
need to use this estimated model, the reference
signal and the system model’s outputs to predict
the new system states, and determine the control
signals. Figure 5. shows the presented control
loop.

4. Conclusions
In this paper we presented predictive control
methods applicable for temperature control in an
office building. The classic MPC method studied
was not suitable for this system because of the
model’s hybrid characteristics, resulting from the
outputs’ discrete dynamics. In future, the development of an adaptive MPC is proposed together with a linear model estimator. Further plans
include the application of this controller on the
studied system.
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