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ABSTRACT

There is a growing interest in developing elaborate
and energy efficient control strategies embedded in
state-of-art hardware toward provision of optimal
thermal conditions in buildings. In the present
contribution, we describe the development and
simulation of advanced control algorithms, from
simple 2-point switching control, analogue PI-
controller, to predictive control and model predictive
control (MPC). Together with the control algorithms,
the asymmetric dynamic thermal characteristics of
the room heating elements, realized as radiators or
floor heating, are modelled. The energy saving
potential of the proposed approach is documented via
comparative simulation studies.

INTRODUCTION

Extensive research and development activities are
directed to make buildings more efficient with
respect to the heating energy use by using state-of-
the-art building and material technology and by
applying the latest technologies in electronics and
information technology.

Research activities and applied technologies follow
different paths to achieve energy savings. One of
these is oriented towards the use of modern
technology for temperature control, either by advan-
ced control algorithms or by increased use of digital
technology as microprocessors, embedded control
etc. Reasonable production and product cost support
ongoing progress in this field and will continue to
further boost the growth of this market.

The thermal characteristics of a building are a
function of its envelope properties but are also highly
influenced by other elements as the asymmetric dy-
namics of the room heating elements as radiators or
floor heating. These elements can be modelled with
their different time constants for heating and cooling
and their considerably different orders of time
constants. However, widely used thermal simulation
software cannot implement these characteristics, but
they can be modelled in co-simulations of thermal
simulation and mathematical software packages.
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Co-simulation allows doing realistic room modelling
and allow comparative analysis of selected advanced
control algorithms, as predictive control algorithms
(MPC) for their respective energy saving potential.

MODELLING - SYSTEM MODELS

Reference room

As representative real-world setup an actual room at
TU-Wien was selected. This room is equipped with
an extensive sensor setting. An on-site weather sta-
tion provides weather data in direct vicinity of the re-
ference room. For the collection of measurement data
for the modelling process it was possible to obtain
sensor readings for a prolonged free-running period
without any perturbations by heating, occupancy or
other gains.

Reference model

For the subsequent thermal simulation process in
EnergyPlus (EnergyPlus 2015) and control algorithm
tests a reference model was established. The refer-
ence model is also necessary in order to allow for
exerting control inputs as heating power, occupancy
schedules and thermostat settings in the course of the
simulations.

This reference model is obtained by optimizing a set
of parameters to best converge the simulated tempe-
ratures to the actually measured data of the reference
room. The parameter fitting is performed with
GenOpt® (GenOpt® 2015) by optimizing a target
function as described in Mahdavi and Tahmasebi
2012. The resulting simulation model with optimally
fitted parameters thus serves as a good thermal repre-
sentation of the chosen reference room within the
measurement period.

This reference model serves as:

a) reference for comparison of simulation results
of different control strategies and to derive the re-
spective heating energy demand.

b) basis for look-up tables for predictive control.

The reference model also allows to establish the
thermal dynamics and step responses to simulated
isolated signal inputs (e.g. heating power). These
step responses are used to establish the systems lead
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times. These lead times are the basis for the look-up
tables used in the lead-time control algorithms.

Mathematical model

What is the use for yet another model? For algo-
rithms, as the 'Model Predictive Control' (MPC)
control strategy, a mathematical representation of the
underlying system is necessary. Such a model serves
to estimate the resulting or depending variables (e.g.
the room temperature) as response to the applied
input variables (e.g. heating energy input).

Figure 1 summarizes the relation of the real world
representation in the form of the reference room with
the two models, used for the thermal simulation and
the MPC control.

Reference room
sensor data

EnergyPlus

geometric model

GenOpt matching .idf - EnergyPlus

Reference model ‘

v

thermal model

Matlab
Mathematical model ‘

model structure
grey-box
identification

state space model
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v

MPC - model
predictive control

Figure 1: System models

The reduced mathematical model is a representation
of the zone physics, namely the thermal character-
istics, by a set of differential equations. Based on a
defined model structure the parameter values of these
differential equations are obtained through a grey-
box identification process.

The objective of this model is not to optimally
describe all physical relations in detail, but to obtain
a model, properly describing the thermal behaviour
of the zone mathematically, and being as simple as
possible. This model is necessary as basis for the
optimization within the Model Predictive Control
algorithm (MPC).

In the model predictive control algorithm (MPC) the
model is used to 'predict’ the output trajectory, based
on known input parameters over time (applied
heating power). It is hence possible to vary and
optimize potential input sequences without applying
them to the actual system. Optimizing the input
sequences for the mathematical model - e.g. heating
power starting at current time and over future time -
and evaluating the output variables with target or
cost functions will lead to an ‘optimal' control
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strategy with its input trajectories in time (model
predictive control algorithm).

Mathematical model - Model structures

In the literature (Bacher et al. 2011, Jimenez et al.
2008, Kristensen et al. 2014, De Coninck 2016) a
variety of different model structures for the
description of thermal behaviour of rooms are
presented and discussed. The physical background
and the thermal dynamics of the underlying thermal
system can be represented by its equivalent electrical
circuit and can be directly translated to the respective
description in form of a set of differential equations.

Such reduced models represent the dynamic
characteristics only, any detailed geometry
information and material details are subsumed in
virtual elements as capacities, resistances, etc. There
is no direct physical interpretation for the values of
these virtual elements (Bacher et al. 2008), these
parameters combine and represent several underlying
physical effects and thermal characteristics.

Literature shows various grey box modelling for low
order models of buildings, e.g. based on a Modelica
library (De Coninck 2016). In this project the
description of the mathematical model follows the
basic model structures and systematic approach and
categorization of Bacher et al. (2008). Some
modifications were applied to make the models more
suitable for this project as:

a) incident solar irradiance on the opaque envelope is
captured via a sol-air temperature (Tsolair)

b) a parameter for an adjacent thermal zone is added
(Thb=Tadj) to represent prevailing temperature and
cross ventilation effects (especially in view of the
actual situation with considerable cross ventilation
from a hallway).

& Ta=Tamv
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I e R T R Tsolair
l I Rih ie ea
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T TC_ @ —Fea
ih
Ry, To=Tag

Figure 2: Model structure TiThTe_RiaRib

Table 1: Model structure - parameters

Parameter Description
T Troom, INterior temperature state [°C]
T virtual envelope temperature state [°C]

e
Th virtual radiator temperature state [°C]
Py thermal gains [kW]:
Py heater power, Py other gains, P solar gain
Ryy thermal resistances [°C/kW]:
Ri, interior-ambient, Ry, int.-adjacent, R; int.
-envelope, Re, envelope-ambient, Ry, int.-heater
Cy thermal capacitances [kWh/°C]:

C; internal, C, envelope, Cy heater
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The selected TiThTe_RiaRib model structure is
shown in Figure 2, with the additional physical effect
describing the thermal characteristics of the radiators
(and interior). Their thermal capacity adds lag time to
the dynamics of the systems described above - see
also 'Radiator dynamics' below.

Model-/Parameter identification

Model identification is the process to determine the
values of parameters of the mathematical model
and/or the structure of the model representation (e.g.
order of the model). For the parameter identification
process an input time series (Ta, Ps, Ph, Pg, Tb,
Tsolair) with the actual sensor data is applied to the
mathematical model. In an optimization process the
variables - the matrix elements of the system, input
and output matrices - are computed to generate a best
fit of the output of the mathematical model with the
actual sensor data for these parameters - in this case
for the temperature of the reference room (Troom,
Ti).

As the underlying model structure with order of the
system and differential equations have been
previously established (see above) a grey box identi-
fication process is applied. It combines an
established theoretical structure of a model with
measured data and optimizes the parameter values to
best fit the real dynamics in form of available data
with the dynamics of the mathematical model. This
identification process was performed with the
MATLAB®  system identification  toolbox
(MATLAB® 2015).

Heater Dynamics

The response characteristics of heating elements, in
this case of the radiators, represent very specific
dynamic effects and require special adaptions to the
mathematical model or to the simulation setup.

The radiators represent a first order lag element (PT1
element) with respect to the supplied heat energy and
its temperature and thus the emitted heating energy to
the room. A PT1 element response is an exponential
response function with a time constant t (Fig. 3). Its
electrical equivalent would be a RC lag circuit

(Fig. 2).
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Figure 3: Heater dynamics
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However, the radiator is not just a 'simple’ PT1
element but exhibits very different thermal dynamics
and time constants for heating and cooling as shown
in Table 1.

Table 1: Heater time constants

Time constants time time
heating system heatingup  cooling down
[min] [min]
radiator heating 5 30
floor heating, dry structure 27 123
floor heating, wet structure 90 638

When heating, the supplied heating energy is first
heating the radiator mass (metal case), the heating
energy dissipation to the room is a function of its
resulting surface temperature. The heating fluid, pro-
vided with high supply temperature does not require
any time to be at its specified working temperature,
the time constant for warming up is thus influenced
by the thermal mass of the radiator alone (metal
case). Time constants for heating of radiators are in
the range of 5 minutes.

For cooling however, the respective time constant is
much longer. The radiator cooling not only affects
the metal parts of the radiator but also the water
contained in the radiator. This leads to a time
constant for cooling down of approximately 30
minutes as indicated in Table 1. These thermal
characteristics can be verified by using the technical
data of the radiators (weight and water content) and
the respective thermal capacity of steel and water.

For a realistic control it is thus necessary to modify
the system characteristics depending whether heating
energy is supplied via the radiator or if the radiators
are cooling down together with the room environ-
ment. Adapting the state space system matrix A
would be one way, however for the simulations with
different controller strategies the radiators are
modelled in MATLAB® in separate mathematical
PT1 elements in series as shown in Figure 5.

Matlab
Tig ) o
Control | Ph Thermal | T
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Figure5: Heater dynamics in simulation
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With an energy setting (Ph) from the control
algorithm in MATLAB® being fed into the PT1
element, the output of the PT1 element (the emitted
heating power as function of the heaters temperature
Th) is then provided as heating input parameter to the
EnergyPlus simulation model. It is thus possible to
implement the different time constants for heating up
and cooling down in MATLAB® routines, the
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resulting delayed energy impact is then used as
energy input information and calculated into the
response (room temperature Ti) of the thermal model
in EnergyPlus.

Systems with slow thermal response

The described thermal dynamics have an even much
higher effect when looking at systems with slow
thermal response as rooms with floor heating. Due to
the much higher thermal mass involved the time
constants can be in the range of 90/640 minutes for
heating up/cooling down.

The asymmetric thermal behaviour and very long
time constants make the already difficult control of
such slow systems even more challenging. In this
project such system set-ups were controlled with
good results by a model predictive control algorithm.

SIMULATION SETUP

Simulation and co-simulation

Simulations are a common way to forecast charac-
teristics of dynamic systems; a building can be such a
system, the thermal characteristics as heating energy
demand, internal temperatures can be the parameters
the simulation is run for.

One of the typical software package for thermal buil-
ding simulation is EnergyPlus, an open-source, and
cross-platform software, developed by the U.S.
Department of Energy Building Technologies Office.
EnergyPlus provides capabilities for internal calcula-
tions to some extent, however for this project this
functional support is not enough to program more
complex controller structures and algorithms or to
use forecasted input variables.

For more complex programming MATLAB® is a
very capable and widely used program in the
engineering community. MATLAB® is a programm-
ing environment with its own programming
language. With its functionality based on matrix
calculations and available software tool packages for
various engineering applications it is a good choice
for running the control algorithms as model
predictive control (MPC).

In order to combine these capabilities - the thermal
building simulation and the capability to run complex
algorithms, a co-simulation of these software pack-
ages was applied. MLE+ (Bernal et al. 2012) is an
open-source MATLAB®/Simulink® toolbox for co-
simulation with the building simulation software
EnergyPlus. It controls an communication protocol
provided by the 'Building Controls Virtual Test Bed'
(Building Controls Virtual Test Bed 2015) interface
allowing the co-simulations between EnergyPlus and
a series of other software packages.

568

MLE+ is designed for engineers and researchers who
want to use MATLAB® functionality for thermal
building simulation. MLE+ is developed at the
Embedded Systems Laboratory at the University of
Pennsylvania. MLE+ tool package provides objects
and parameters for the linking process and for
running the co-simulation. It can be used for complex
control strategies and algorithms and for parameter
optimization for simulation run in EnergyPlus.

Simulation process

A process flow of the co-simulation is shown in
Figure 6. After initiating the communication and
process interface from MATLAB®, an EnergyPlus
simulation run is started.
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Figure 6: Co-simulation Matlab-EnergyPlus

In every simulation loop defined parameter values
(e.g. room temperature) are provided via the process
interface for further calculations in the MATLAB®
environment. The fetched parameter values are used
in the control algorithm calculations leading to
actuating variables (e.g. heating power setting). As
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described before, these settings are fed through an
asymmetric PT1 element representing the heater
dynamics. The resulting actuator setting for the
EnergyPlus simulation in the form of resulting
heating power supply to the room is then transmitted
to the EnergyPlus simulation run. In EnergyPlus the
simulation loop is then completed by calculating the
resulting thermal response for the next time step.

SIMULATION - ADVANCED CONTROL

Simple two point switching thermostat

A two point switching device with hysteresis repre-
sents a realistic model of a thermostat. Mechanical
systems do show such hysteresis behaviour, further-
more such switching characteristic is reducing the
switching rate.

2 point controller - variable lead time

In this case, the controller is adapting for the lead
time using the look-up table which is established
from simulated system step responses. Depending on
the actual room temperature, the controller estab-
lishes the necessary lead time for heating up and
starts the heating process at the stipulated time minus
the calculated lead time. This results in reaching the
desired temperature always on time, but not before.
This reduces the heating energy demand versus
previous results (see Figure 7).

Pl-controller - variable lead time

The PI controller with a proportional and integral
control parameter represents a more complex control
algorithm than the switching control. This simulation
setup also uses look-up tables for adapting the staring
time for the heating-up process to reach the requested
thermostat setting at the stipulated time.

Other than the switching thermostat, the Pl-controller
is not switching between two output states (full
power on, or no power applied ) but has an analogue

output in the range of 0...3000W. This feedback
control algorithm results in a smoother temperature
trend, the resulting temperature stays closer to the
thermostat setting.

Lead time control - simple 'predictive’ control -
look-up tables

For systems with short response time, as in the
example of the reference room, the largest savings
are expected during the warming-up period (see
Figure 7).

In order to reach the required thermostat setting at a
given time, standard thermostat-timers have to be set
to start heating well before the time the temperature
needs to be at the requested level. For this case, the
thermostat timer has to be set in a way to cover the
worst heating-time case, i.e. when the room
temperature before heating is at its lowest level.

For the underlying reference model the worst case in
the first half year 2015 for heating-up is at a room
temperature of 6.5°C (after complete night shut-off),
requiring the heating to cover a temperature
difference of 14.6°K. Derived system responses to
input steps of heating energy indicate the necessary
time to heat the room for given degrees. For the
worst starting temperature, the time required to heat
the room by 14.5°K is between 50 and 70 minutes.

A complete night shut-off strategy with its resulting
very low room temperatures was selected to show the
theoretical maximum of potential energy savings in
the heating-up period (see Tables 2 and 3).

A setting for a simple thermostat timer to start
heating exactly the required time before the schedule
point would be the best setting to satisfy the target of
least heating energy use and to get to the requested
temperature level at the stipulated time (Fig. 7). With
that start time set to the thermostat, the heater will
always start with this lead time. Thus, in all cases but
the 'worst case’ (lowest room temperature), the heater
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will start too early for the prevailing temperature,
resulting in the room temperature reaching its target
temperature earlier than requested. The heating
energy for this time span is not necessary and could
be saved. This saving can be realized if the lead time
is derived as a function of the room temperature and
the known response time of the system. The
known/measured (in this case simulated) thermal
response characteristic of the room allows
forecasting the system response. Such a control,
adapting the heating lead time as function of the
model result, is in principle a 'model predictive
control'.

Such a control strategy does not exactly represent
what in control theory is understood under 'model
predictive control'. Hence, in the context of this
project the term look-up control or simple predictive
control is used.

Model predictive control
Forward control of real system:

As the mathematical model used in the optimization
represents the thermal dynamics of the real system
(reference room) it can be concluded that the
application of such input sequence to the real system
would also lead to optimal results for the given
criteria of the target function. Thus an optimal
heating input sequence would optimally lead to the
desired result of

e maintaining the room temperature within the
thermostat setting (target temperature and
timing), and

e using a minimum of heating energy to do so.

This derived optimal input signal is applied to the
system in the form of an open loop control.

Feedback control of the system:

The process described so far is a forward control
only, without taking into account any disturbance
factors or other system deviations from the target
state (e.g. opening of windows).

The described process of prediction and optimization
is repeated every process time step. With updated
and actual output and disturbance parameters, the
actual situation is taken into account. The newly
optimized input sequence is applied at the next time
step. So, in every step the entire sequence will be re-
evaluated/optimized, and the initial step of the new
input sequence is applied to the system. This process
of re-evaluation under consideration of the actual
parameters is in fact establishing the characteristics
of a feedback system.

The described model predictive algorithm is thus a
combination of a forward control with a feedback
control by its iterative nature.
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State observer

The prediction procedure in the MPC optimization
process requires values for the states. For the used
mathematical model these states are the room
temperature Ti and the state temperatures linked to
virtual heating end envelope temperatures. The
virtual temperatures are not available, so the concept
of a state observer was implemented in the control
algorithm in MATLAB®.

RESULTS & ANALYSIS

Lead time control - simple 'predictive’ control

For comparison, first controller simulations with
switching controllers without/with lead time control
were investigated. For the controllers simple 2 point
switching characteristics were applied, and the
simulation was run for a half year period of 2015.

Considerable heating power savings could be shown
using a heating schedule algorithm with variable lead
time versus a fixed lead time (see Table 2).

A control with fixed lead time was used as the
reference for the comparative evaluation of the
heating demand; this 2point switching with fixed
lead time was also used as reference in the
simulations for model predictive control (Table 2).

Table 2: 6 months heating power

estimated = o
. @ (<)
6 months heating power o 5 E 2
=S > L
(1 1 1 g )
T2 Be 3T &
E2 £E £ Z-7°
8g 8% SE g2
&& &8 ¢ =8
results without radiator lag
heating energy [kWh] 842.4 746.8 780.4 797.9
relative heating power [%] 100% 89% 93% 95%
results with radiator lag
heating energy [kWh] 1036.8 946.3 928.3 9129
relative heating power [%)] 100% 91% 90% 88%

Comparison of heating demand simulation

Due to the numerically more involving algorithms of
the Pl and MPC controller and the consequently
longer simulation runs, the simulation concentrated
on 4 selected days. These are the days with minimum
starting temperature for heating up, and the days
representing the lower and upper quantile and the
median starting temperature respectively.

Table 3 shows the heating energy for different
starting temperatures in the room and with different
control strategies as a 2 point switch with fixed lead
time and variable lead time (look-up table) controls
as 2 point switch and Pl-controller. A model pre-
dictive controller (MPC) completes the set. The 2
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point switch with fixed lead time corresponds best to for the intermediate season, are higher than the
standard thermostats and serves as reference of shown savings for the entire half year (Table 2).
heating energy demand. Indicated values for heating Nevertheless, for the realistic case of a system with
power refer to 24 hours timespan of the specified radiator lag savings of 12% are shown.
days. Figure 8 shows, analog to Figure 7, the applied
Model predictive control heating power, the thermostat setting schedule and
o ) the resulting room temperature for the selected days
The above results for predictive control strategies and the theoretical maximum of energy savings,
indicate significant energy saving potentials. The  controlled by model predictive control (MPC).

results of simple predictive control (look-up tables)
and model predictive control (Fig.8) show that Systems with slow thermal response
optimal heat up start time is accounting for the
largest savings. Especially for the transition period
considerable savings - for systems with radiator lag
up to 35% - could be achieved. Based on a controller
simulation, which was run for the selected days as
well as for an entire half year period, the heating
energy demand for the half year period was
estimated (see Table 4). For the realistic case of a
system with radiator lag savings of 12% for a half
year’s period can be shown. The results are shown in
Table 3 for the simulation with radiator lag effect.
Especially for the transition period considerable

savings could be achieved. SUMMARY

Based on the first controller simulation set, which
was run for the selected days as well as for the entire
half year period, the heating energy demand for a
half year period could be estimated from the
simulation of selected days. The half year period
results are shown in Table 2, the results of the

Beyond the actual reference room setup, a
hypothetical floor heating with longer time constants
and therefore much slower dynamic characteristic
was added to the simulations. Simple control
strategies, as e.g. 2-point switching, are not suitable
for such slow systems, therefore only the model
predictive algorithm (MPC) was simulated. The
extended thermal lag times due to the big thermal
mass of the floor construction lead to in average
considerably higher temperatures in the room and
hence cause a generally much higher energy demand.

This work has identified potential heating energy
savings for a selected building. Several thermostat
strategies, from simple switching to model predictive
control algorithms, were simulated in a co-simulation
of MATLAB® and EnergyPlus.

simulated days can be found in Table 3. The savings The simulation results have shown significant saving
for the selected simulation days (Table 3), especially potential in the heating-up process from setback
24 .
5 Applied energy and room
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Figure 8: Model predictive control
Table 3: Heating demand for selected days
results with radiator lag 2p control 2p control PI control Model Predictive
fixed lead time variable lead time variable lead time Control
) 2 ) ) ) ) 2 )
g Ep o Ep | p Ep o Ee| g Ep ¢ g | @ Ex ¢ Eg
g2 S2 2 S2 g2 S2 =2 S=2 |g2 S22 =2 S2 |ge2 S22 =2 8=
S8 o8 8 o8 |58 ©8 8 T8 |58 58 8 o8 |38 &8 8 ©O
E0 O TD =D E0 L0 TV D ED =0 D =D ED =D TD =D
=9 0o .EQ_ L _—0 o0 -EQ v (=0 DO .BD_ Lo = OO .EQ_ [GReN
EE £ BE SE |EE 2E£ BE 2€ |EE 2£ BE 2S£ |[EE 2£ BE 2S¢
EL g L 52 e g L 58 EE 238 £EZ 53 EL 23 £2 52
heating energy [kWh] 182 141 119 5.7 |171 128 106 50 |17.8 129 102 38 (174 128 100 3.7
relative heating power [%)] |100% 100% 100% 100% | 94% 90% 89% 88% | 98% 91% 86% 67% | 96% 91% 84% 65%
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periods. With tight lead time control energy savings
up to 11-15% for systems without radiator lag and 9-
10% for systems with radiator lag and for warmer
ambient conditions could be shown. The lead time
control is working with predictions of the system
behaviour/outputs; either based on look-up tables
derived from measured thermal system responses, or
on the principles of model predictive control. In
order to get comparable results the set objective for
all methods is to start the heating process as late as
possible, but in time to reach the thermostat set point
exactly at the requested time.

This can be done by relatively simple switching
thermostat algorithms. The look-up table principle is
not limited to single input parameters, but can be
extended to impact factors as controlled flow
temperature systems. The look-up values can also be
derived by an intelligent thermostat from
measurements of the output and the known switching
states, e.g. during phases of heating up or cooling
down.

In systems with radiator lag, thermostats with more
complex control algorithms, as model predictive
control, do show better results, with savings of 4-
35% on the specified days; especially for the heating
system running in the partial-load operational range
(warmer ambient conditions). For setting the
beginning of the heating-up process they do work on
basically the same principle, therefore the results do
not differ. Difference is the ‘online’ calculation of the
right point in time, based on a prediction and
optimization process with mathematical model
representation of the thermal system.

The advantage of these systems comes for systems
with higher thermal lag and for the higher control
precision; they work in a narrower band around the
thermostat setting and better reduce overshooting of
the target temperature through anticipated power
reduction.
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