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Abstract—

Humidity control in indoor recirculating aquaculture sys-
tems (RAS) is critical to prevent mold and structural damage,
but remains highly energy-intensive due to constant evapo-
ration from open water bodies. Although Model Predictive
Control (MPC) is established in building automation, few
studies address the complex hygrothermal dynamics specific
to aquaculture environments. This paper presents a model-
in-the-loop evaluation of a nonlinear MPC designed for an
aquaculture hall in Northern Germany, using a gray-box RC
model adapted via an Extended Kalman Filter. Simulations
conducted over a one-year period compare the MPC against
an advanced rule-based baseline controller, focusing on the
impact of prediction horizons and mode switching strategies.
The results demonstrate that the nonlinear MPC consistently
outperforms the baseline, achieving energy savings between
12.1% and 18.5%. The highest efficiency was achieved using
a 24-hour blocked prediction horizon with cost-optimal mode
switching. Furthermore, the controller showed significant ro-
bustness, maintaining 13.1 % savings even when subjected to
a 10 % model parameter mismatch. These findings confirm the
potential of nonlinear MPC to optimize energy consumption
in complex, humidity-critical industrial facilities.

I. Introduction

Heating, ventilation, and air conditioning (HVAC)
account for 60% of the energy consumed in European
buildings [1] and around 10% to 20% of the total
energy demand in developed countries [2]. In 2024, the
EU revised its directive “on the energy performance of
buildings,” assigning a key role to building automation
and control systems, as well as other “smart” solutions,
in implementing the “Energy Efficiency First” principle
[3]. The use of optimal control in buildings, specifically
model predictive control (MPC), has been thoroughly
studied within the scientific community [4, 5], but only
a few have investigated hygrothermal building models
for MPC in simulations [6, 7, 8, 9] or in real-life over a
short time frame of several days [10]. Swimming pools,
agricultural buildings and indoor aquaculture have a
dominant humidity and evaporation dynamic that need
to be modeled accordingly [11]. De-humidification with
HVAC systems is required to prevent mold and comply
with local workplace regulations.

A problem in the real-life application of MPC in
buildings is that in contrast to simulations or rather
unvarying processes in industry plants, buildings are
subject to change. Internal loads and model parameters
may unexpectedly vary due to changes in the building
itself or changes in the environment. [12, 13] were
the first to propose the use of an Extended Kalman
Filter (EKF) for adaptive building modeling to cope

with a changing system. The hall investigated in this
case study incorporates indoor recirculating aquaculture
systems (RAS), allowing a sustainable operation of fish
production in an enclosed environment. Due to the high
humidity in indoor aquaculture, high air exchange rates
(or artificial dehumidification) are necessary to keep
humidity in an acceptable range to prevent the growth
of fungi and/or corrosion. A significant potential for
energy savings was identified in the switch to a dynamic
facility ventilation [14]. A model for a different HVAC
system in the same investigated facility has already
been analyzed in [15] and was adapted in this paper.
This research focuses on the control of an HVAC-system
model, aiming to keep indoor temperature and humidity
within acceptable bounds and to prevent condensation
while minimizing energy consumption. The approach
is validated in a software-in-the-loop environment with
model mismatch. The advantage of the MPC, which
acts directly on the low-level inputs of the HVAC unit,
is demonstrated in comparison with a state-of-the-art
rule-based PID controller.

II. Method

This section presents the methods used to assess
MPC performance. Firstly, we summarize the case study
building and its modeling which is described in a previous
publication [15]. We then present the control baseline
used for comparison and provide a description of the non-
linear optimization problem for the MPC formulation.
The last section outlines the factors investigated that
affect MPC performance.

A. Case Study Building

The case study building is located in Biisum, Ger-
many and hosts a Fraunhofer IMTE research facility for
RAS. The hall that is the object of this study has a
volume of roughly 2500 m® with an external surface area
of approximately 700m? (see Figure 1). The external
surface is divided into four sections: The roof wi, the
east wall wsy, the south wall w3 and the west wall wy.
Translucent windows on the roof provide natural light.
One full wall of the hall adjoins a neighboring hall,
and part of another wall adjoins a small conference
room. Within the hall lies a small utility room con-
taining various technical equipment, including heating.
The facility runs several RAS experimental setups, with
fish species changing multiple times per year. Required
water temperatures are 12 - 25°C, partially with high
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Fig. 1. Schematic of the aquaculture hall [15]

salinity. In hot periods hall temperatures exceed 30 °C,
overwhelming the existing water-cooling system. The
current HVAC unit consists of a heat recovery unit
and a heating coil, cannot meet the climate demand
and will be replaced by an MPC-controlled system. The
primary contributors to vapor loads include the bio-filter,
exposed water tanks, aquariums and channels, cleaning
activities, and personnel. Heat/cooling loads arise from
technical equipment, temperature-controlled water, and
occupants. Figure 2 shows the HVAC unit used in the

Fig. 2. Schematic of the planned HVAC unit in winter mode (top)
and summer mode (bottom) with Ambient (A), Supply (S), Return
(R) and Exhaust air (E)

indoor-climate simulation. The HVAC unit contains a
heat recovery unit, a heat pump and a heating coil.
Two configurations are considered: In winter mode, In
winter mode the exhaust air may be recirculated and/or
exchanged with ambient air via the heat-recovery unit;
the heat pump transfers heat from exhaust to supply
air. In summer mode, the heat pump transfers heat
from the ambient air stream to the return/exhaust air
stream. After passing through the heat recovery unit
and the evaporator, the ambient air stream can be
reheated by passing through the heat recovery unit again
and/or directly enter the supply air stream via a bypass.
The HVAC unit is expected to provide continuously
adjustable flow rates between 1200 m?/h and 6300 m? /h,
continuously adjustable heat pump compressor power up
to 5 kW, and heating coil heating power of up to 30 kW.
To prevent external air from entering the hall, the supply
flow rate V; is usually set to 100m?/h higher than the
return flow rate V.

B. Model

Control performance in MPC depends on the accuracy
of the model and the accurate prediction of future
disturbances. Model complexity is limited by the compu-
tational resources of the embedded hardware on which
the MPC will be implemented. A gray box approach was
chosen for modeling, which is described in more detail in
a previous publication [15]. The modeling of the HVAC
unit and the aquaculture hall is done separately, but both
are combined into a single model. Before describing these
two models, model foundations are described. Air density
p = 1.2kgm™3, heat capacity ¢, = 1kJkg 'K}
and vaporization enthalpy Ah,q, = 2454kJ kg=! are
assumed constant. Humidity is measured as RH ¢ in
%, which is defined by the ratio of water vapor partial
pressure p, and saturation vapor pressure psqt:

Po

DPsat (1)
For modeling, knowledge of specific humidity « in
kgvapor kg;rly aic 18 required. Conversion is done by first
computing psq: using empirical formulas recommended
by the World Meteorological Organization [16, 17].

1) HVAC: As the time constants of the HVAC unit
are much smaller than those of the building and also
smaller than the sampling rate, a static model is used.
Given the lack of available data on the planned HVAC
unit (see Figure 2), it is described by a relatively simple
physics and empiric based model that treats the air as a
one-dimensional flow. Here we only want to outline the
special assumptions that are important for the control.

When two unsaturated air streams are mixed, or a
single unsaturated stream is cooled (negative Q), the
resultant air may reach its saturation limit of ¢ = 100 %.
Consequently, any additional water vapor will condense
and latent heat must be considered. Here, first the
temperature T is calculated, neglecting condensation.
And then from T) and the specific humidity ¢; the
temperature accounting for condensation T, in °C can
be calculated as

Ahvap(‘]l - QSat) (2)
Cp

T, =T +

with the enthalpy of vaporization Ahy,, in kJkg™!
(given To > Ti). Specific saturation humidity gs.¢ in
kg/kg is a function of air temperature Ty and air pressure
p. For T, no analytic solution is available and it is not
computationally efficient to solve Ty numerically in MPC
optimization. Therefore, a shallow feed-forward neural
network is trained to estimate 7% from Ti, ¢, and p.
The neural network has two hidden layers with 7 and 5
neurons respectively. The prediction has a mean squared
error (MSE) of approx. 3.1 x 10~7°C.

The power of the heat pump can be continuously
adjusted. In [18] the coefficient of performance (COP)
for on-off modulating air source heat pumps is estimated
based on temperature difference. For simplicity, it is



assumed that this quadratic regression is still valid for
the variable heat pump:

COP = (6.08 — 0.09AT + 0.0005AT?)0.85  (3)

AT = Ty — T¢ is the (air) temperature difference
between sink (T) and source (T¢) in K. In this paper
Ty is defined as the temperature before the condenser
and T¢ as the temperature after the evaporator. The
electrical power consumed by the heat pump compressor
P, and the heat flow in the condenser Q. can be
calculated with Q. the heat flow from the evaporator
in kW to:

Prp = |Qcl/(COP = 1); Q. = Py COP (4

Hydraulic power is proportional to the cube of the
volumetric flow rate V in m3s~!. The electrical fan power
(= fan heat flow) Py in kW also depends on the overall
efficiency 7y of the fan and motor. Given the limited
data available on the planned HVAC unit, the known
relations from the current similar HVAC unit shown in
[14] are used for both fans and independent of the airflow
configuration:

1 .
Py = —0.3990V? (5)
Ul

ny = —18.8055V2 4 74.4230V (6)

These relations were fitted for flow rates from 2700 m3/h
to 6300m?/h. For this study they are assumed valid
outside that range down to 1200 m3 /h.

2) Hall: As in many other studies [19] a simple RC
model is used to describe the building as a network
of alternating resistors R and capacitors C, analogous
to an electric circuit. The structure of the hall model
largely corresponds to the model described in [15],
where we optimized the model complexity in an grey
box approach. The air, building envelope and internal
building mass have a thermal capacity. The amount of
heat transfer between these capacities is proportional to
the product of the temperature difference and the inverse
of the connecting resistance. Non-linear heat transfer is
neglected in this model. The RC model (see Figure 3)
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Fig. 3. Schematic of the hall RC model

can be described by the following equations:

i =mscp(Ts — T3) + le
Ty —Ti | - .
im
Codlyy Ti—Ty To—Ty
dt - Riw Rwa + qunw (8)
CondTy,  T; =Ty,
dt Rim ©)

Here, T; is the indoor temperature, which is equivalent
to the return Temperature T, of the HVAC-unit (see
Figure 3). T, is the temperature of the building envelope
and T, is the temperature of the internal building
mass like experimental setups and furniture. These three
temperatures are modeled and have a corresponding
capacity. Heat is exchanged between these capacities
as well as with the supply air with temperature T
and ambient air with temperature T,. The resistance
between indoor air and supply air depends on the supply
mass flow (R;s = (1msc,)t). The resistance between
the building envelope and ambient air is wind velocity
dependent (Ry,q = (Uwpa + Cow¥y) 1), where Uy, is the
thermal transmittance, v,, is the wind velocity and c,,
is a coefficient for convective heat transfer. th is the
internal heat gain and qum = A;1P1 + AjyPy is the
direct solar heat gain with irradiance absorbing surfaces
A and solar irradiance ® on the surfaces wi and wy,
where windows are located. The solar gain of the building
envelope is a summation of the gains of all four sections
of the external surface (qunw = an:l Ay ®y).

The humidity inside the building is modeled by a single
equation:

m;dg;

dt

Here, ¢; is the specific indoor humidity and m; is
the indoor air mass. The change in humidity results
from ventilation with specific supply humidity ¢s; and
evaporation geyqp in the hall. Evaporation from the open
water surface is driven by the partial pressure gradient
of vapor between the water surface. Only the indoor RH
¢; and the average indoor RH at wall temperature ¢;,,
are calculated (for details, see [15]). As the air mixture in
the hall is not perfect, and the assumption of a constant
envelope temperature is not true, humidity cannot be
accurate simulated for a certain wall position.

3) HVAC + Hall: The hall model is discretized with
the forward Euler method and, together with the HVAC-
model, represented as a non-linear, discrete state space
system with process noise wy and measurement noise vy:

(11)
(12)

= ms(Qs - Q1) + q.evap (10)

St = f(@n, iy un) + wp
O = h(Zk, di, ug) + v
Model disturbances d are ambient temperature Ty, am-

bient specific humidity ¢,, the surface dependent solar
irradiance ®;, wind velocity v,,, fish tank temperature 7'



and ambient air pressure p. Manipulated variables u are
the cooling power Q. at the evaporator of the heat pump,
the heating power of the heating coil Qp, volumetric
flow rate of the supply air Vi, air fraction r € [0,1] and
operational mode m € {0,1} with m = 1 for winter
mode and m = 0 for summer mode. The air fraction has
a different meaning depending on the operational mode.
In summer mode it is the fraction of 71, that passes
through the heat recovery unit twice, and in winter
mode it is the fraction of 7, that is recirculated into
the supply air. Model outputs y are indoor temperature
T;, indoor RH ¢;, indoor RH at wall temperature ¢;,,
supply air temperature Ty, temperature at the heat
pump evaporator T¢,, fan power consumption Py and
heat pump power consumption Pj,. Model states are
the temperatures of the internal building mass T,,, the
envelope T, and the indoor air T; as well as the indoor
specific humidity g;.

All model parameters are kept constant except the
irradiance absorbing surfaces A, the internal heat gain
th, the evaporation coefficient ceyqp and the envelope
capacity C,,. These parameters are estimated by the
EKF to account for operational and seasonal changes,
among others. The EKF also estimates the model states
of the hall. The parameter sequence has been estimated
using measured data and the model of the current HVAC
unit described in [15]. Here, over the course of a year, the
root mean squared error for a 24-hour ahead prediction
is 0.45°C for indoor temperature and 1.87 % for indoor
humidity.

C. Control

The control aims to keep indoor temperature and
humidity within acceptable bounds and prevent con-
densation while minimizing energy use. Temperature
limits follow the German workplace guidelines [20] at
17°C and 26°C for medium work intensity, with the
lower limit reduced by 5°C outside normal working
hours on weekends and between 8 pm and 7am on
weekdays. Humidity is limited to 65 %. In high-humidity
buildings the internal-wall-surface temperature must also
be considered, and RH should not exceed 90 % to provide
a safety margin. As our case study building lacks such a
measurement, it is assumed that the envelope tempera-
ture of the hall model T, is that temperature. The HVAC
supply air temperature T is limited between 3°C and
30°C. Limits of the manipulated variables are displayed
in Table I. The cooling power Qe is only indirectly limited
by the maximum power of the heat pump compressor Py,
between 0 and 5kW,). For simplicity, it is assumed that
the heat pump has no minimum power consumption. In
the simulation r is limited between 0.1 % and 99.9% to
avoid divisions by zero. Anti-icing protection is omitted.

1) Control baseline: To evaluate MPC performance
a baseline control strategy is used. For each of the
two HVAC modes, simple PI controllers and associated

TABLE 1

List of manipulated variables with constraints

index description  min max  unit
u1 Vs 1300 6300 m3/h
U2 r 0 100 %
u3 Qn 0 30 kW
uq Qe - 0 kW
us m Oor1 -

functions are employed. The overall sampling time is
1min, except for inner cascades (10sec). The design
follows the same objectives as the MPC cost function:
satisfy temperature and RH limits while minimizing
energy demand. Lower-level controllers are excluded
from the description as well as simulations. In winter
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Schematic of baseline control in winter mode

Fig. 4.

mode (see Figure 4) the indoor RH (¢; and ¢;y) is
regulated by supplying drier outdoor air. RH violations
are converted to specific-humidity errors (f4); the larger
error feeds a PI controller. The controller’s output is
converted by the function f; into HVAC inputs r and
V,. To increase the outdoor air exchange, at minimum
supply flow rate, the recirculation r is first reduced to
its minimum before the volumetric supply flow rate V;
is increased. The indoor temperature T; is controlled
in cascade with the supply air temperature Ty, whose
setpoint is limited by Tgpmaz. The output of the T
controller is the heat pump compressor power Py, which
is the first choice for heating. To avoid insufficient mass
flow at the evaporator, recirculation is disabled when the
heat pump is in operation (f2). When the heat pump
reaches its limit, the surplus power is multiplied by 3
and applied as heating-coil power On (f3) to compensate
for differing gains. If the set point for T, exceeds
Tsmaz, & PI controller increases Vs to meet the heating
demand without exceeding Ts;mqz- In summer mode (see

To—lod |

|
Vs Piw
=B
T Q1. T

Fig. 5. Schematic of baseline control in summer mode

Figure 5), both the indoor RH (¢; and ¢y,,) and the



indoor temperature 7; are controlled in cascade with the
specific humidity ¢s and the temperature T of the supply
air. The higher of the two control signals is used as both
dehumidification and cooling are attained by increasing
the heat pump’s compressor power. The air fraction r
allows some balancing of the energy consumption, either
towards more dehumidification or more cooling. The con-
troller accomplishes this by seeking to drive both of the
tracking errors of the inner cascade towards zero. Since
the reduction of the two different tracking errors require
r to move in opposite directions the errors are not added
but subtracted. The specific humidity error is converted
to g/kg to achieve similar scale to the temperature error.
In the case study, the minimum volumetric supply flow
rate V, was sufficient to keep the RH below its limits.
Raising the flow rate for exchanging air with potentially
drier outside air is not considered as a measure to
reduce humidity in the summer mode control baseline.
Instead, the volumetric supply flow V, was increased
when the heat pump was operating (f5) and T; exceeded
T, by more than 8°C(AT,,4.)- Limiting the temperature
difference prevents uncomfortable droughts, but more
importantly it can increase the cooling efficiency by
increasing the COP and possibly reducing the amount
of unnecessary dehumidification. The heating coil is not
active in summer mode.

The HVAC mode is switched based on the 24-hour mean
of the indoor temperature T; as well as the current T;. If
the 24-hour mean surpasses 23.5°C or T; comes within
0.5°C of T}p4z, the HVAC is switched to summer mode.
It switches back to winter mode, if the 24-hour mean
falls below 19.5°C or T; comes within 0.5°C of Tj,in.

2) Model predictive controller: The hall-HVAC sys-
tem is highly nonlinear, especially with regard to
the minimum energy consumption. At the lowest rate
of 1200m3/h, the ventilation power consumption is
0.065 kW), which increases to 3.506 kW at the highest
rate of 6300m3/h. That is more than a magnitude
difference in energy per air volume exchanged. This
and other non-linearities are crucial in determining the
energy optimal HVAC operation, so a non-linear MPC
is employed. The MPC optimizes the sequence of the
first four continuous manipulated variables VS, r, Qh
and Q. for a given mode m (see Table I). Adding the
discrete mode variable m would turn the problem from
a nonlinear programming into a mixed-integer nonlinear
programming problem, which is considerably harder to
solve [21]. The optimal control problem can be described
as

N—-1
D Jeelk) + Ta(k) + Juio(k)

min
UQ,- s UN —1 P
s.t. Tht1 = f(l‘k,dAk, uk) (13)
Y = (g, di, ur) + vko
Sk = g(yk’rk)

Umin S Uk S Umax

Ymin S Yk S Ymax
o = 550

where N is the prediction and control horizon of k
time steps. Je.(k) is the energy cost, Jaq(k) the cost
for actuator changes and Jy;,(k) holds the violations of
the soft constraints at time step k. The manipulated
variables wuy are constrained as described in Table I.
Of the outputs the heat pump power P, is limited
to a maximum of 5kW, and the temperature at the
evaporator T,, is limited to a minimum of —20°C to
rule out nonphysical behavior of the heat pump. An
additional optional constrain is to fall below the dew
point at the evaporator (Te, < Tyew). That is since
above the dew point there is no gradient in the cost
function for dehumidification. The simulated output ys
is compensated by a constant bias over the prediction
horizon, to eliminate the steady state error (vgy =
Yk—1 — Uk—1). As there are only measurements for 7;
and ¢;, only these are corrected, all other assumed to be
0. The sampling time of the MPC is T'= 0.25h.

The energy cost is estimated in kWh using sampling
time T and the power of the heat pump (see Equation 4),
fans (see Equation 5) and heat flow at the heating coil
Qn, which is scaled with % to account for the difference
in gas and electricity prices:

Teelk) = (Pip(k) + Py(k) + 3 @u(0)T (1)
The change of an actuator a is defined as Aa(k) = a(k)—
a(k—1). The actuators a; and corresponding weights ;
are displayed in Table II. Low weights are chosen here
due to the low sample rate. Actuator change therefore
only plays a minor role in the optimization. To calculate
cost the weighted hourly rate of change is squared:

4

Ia(k) = " (v;Aa;(k)T")?

j=1

(15)

Four model outputs y; are soft constrained. Their limits

TABLE II

List of the actuators a; with change costs

index  description  weight
ai Vs 0.0450
az T 0.0636
as Qn 0.0021
a4 Py, 0.0125

and weights §; are displayed in Table III. The differences
in weight ; are mainly due to scale. The slack variable
s; is introduced, which is a measure for the violation of
a limit of y;:

3
Jvio(k) = 6454(k)2T + Zﬂjsj (k‘ + 1)2T

Jj=1

(16)



with
sj(k) < yj(k) < Yjmaz + 55(k)

Sj>0

Yjmin —

For optimization, the Sequential Quadratic Program-

TABLE III

List of the model outputs y; with soft constraints

index  description min max  weight 3
Y1 T; 12°C/17°C  26°C 1
Y2 i - 70 % 5
Y3 Piw - 90 % 5
Ya Ts 3°C 30°C 1

ming Algorithm is used like described in [22]. Since the
operating mode m is not part of the optimization, an
optimal operation over the prediction horizon is only
known for a constant mode. So both optimizations are
performed separately. In winter mode a single opti-
mization is performed. In summer mode optimization
is carried out just the same. However, in the case that
humidity soft constraints of ¢; and ¢;,, are violated, the
solution can remain in a local optimum, where cooling
the air increases energy costs, while not reducing the
soft constraint violation, since the dew point at T, is
not reached and thus the air not dehumidified. When
that case occurs, two additional optimizations are carried
out, to potentially find a more optimal solution. In the
first additional optimization in every time step k the
temperature at the evaporator T, is constrained below
its dew point (Tey (k) < Tyew), where the humidity soft
constraints got within 2% of their boundary in & + 1.
The second additional optimization is again performed
without the additional constraint, but with the solution
of the previous optimization as an initial sequence. Of
the different solutions in summer mode and winter mode,
the solution with lowest cost is selected.

D. Experiment

The MPC and baseline controller are evaluated in a
model-in-the-loop study covering 04-03-2022 to 03-03-
2023 (Central European Summer Time). Roof-mounted
weather data provide disturbances, while building pa-
rameters are identified via nonlinear least-squares. In
addition, some building parameters are considered vari-
able and were also estimated in advance by an EKF with
measured data and a model of a current HVAC unit [15]
that is replaced in the model-in-the-loop setting with a
model of the future unit. The simulation runs with a
sample time of 1 min and the MPC has a sample time of
15 min. Both models are nearly identical, except that the
MPC incorporates two neural nets for condensation han-
dling to accelerate computation. Additional mismatch
between the models occurs due to different sample rates
and the change of building model parameters. The MPC
assumes the model parameters to remain constant over

the prediction horizon. To address the very small model
mismatch, we integrate an artificial mismatch, where we
changed the model parameters of the internal hall model
by 10% compared to the simulation model. The root
mean square error of the internal model results in a
mismatch of 0.34°C for indoor temperature and 0.89 %
for indoor humidity for a prediction of 1h ahead and
for 24h 0.88°C and 2.92% which is large compared
to the fit of the experimental model. Currently, no
weather forecast data are used, but disturbances over
the prediction horizon are assumed to be known. Three
different factors are investigated in the comparison of
the MPC with our baseline controller:

1) The prediction/control horizon.

2) How the mode is switched: Either by the same rules
as the baseline control or the more cost optimal.

3) How can the cost optimal switching MPC handle
additional model mismatch by changing the hall
parameters of the internal MPC model by 10% .

As an evaluation metric, the MPC cost function is
used. Since it is tuned for a sample time of 15 min, the
simulation results are averaged over the MPC sample
windows.

To include higher prediction horizons in an adequate
simulation time and to be able to run this MPC on the
dedicated hardware in real time, blocking is introduced
for prediction horizon of 24 h or 96 time steps. This limits
the flexibility of the MPC in later time steps, since
the manipulated variables can then only be adjusted
uniformly for the entire block [23]. The 96 time steps
are separated into 15 blocks. The first 4 have a sample
time of 15 min the next 2 have 30 min then 2 with 1h,
2 with 2h and 4 with 4h sample time.

III. Results & Discussion

Figure 6 shows the operational costs over the whole
year that are computed according to the MPC cost
function. The costs are displayed for the non predictive
baseline control and the three different MPC simulations,
where the mode is switched according to the same rules
as in the baseline (MPC1), according to the cost of
the two different modes over the prediction horizon
(MPC2) and a model parameter mismatch of the hall
of 10% added to MPC2 (MPC2-m). In this evaluation,
we exclude the violation of the humidity on the wall as we
do not have a sensor and therefore cannot feed back the
disturbance in the real system, so an MPC with a model
mismatch cannot correct its measurements. The annual
cost in kWhg) or equivalents is relatively low, which is
due to the size of the facility and the broad temperature
boundaries. Four components dominate the annual cost,
which are the energy consumption of the fans Ey, of the
heat pump E},, the heating coil Ej. and the violations
of the soft constraints of the indoor temperature Tj,;,.
The other parts of the cost are summarized as others.

With an increasing control and prediction horizon in
MPC1, MPC2 and MPC2-m, the improvements in cost
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Fig. 6. Cost in kWhg of operation over the period of one year for
the baseline controller, the two different MPCs and a MPC with
model mismatch. For the MPCs cost is given for a control and
prediction horizon of 1 (15min) to 96 steps (24 h).

quickly decrease. The first improvements at low predic-
tion horizons are due to the high air exchange rate of the
HVAC unit (i.e. low time constant), which is a strong
contributor to the indoor climate and currently holds all
of the manipulated variables. Further improvements are
possible if the prediction horizon is selected quite large,
such as 96 time steps which correspond to 24h. The
improvements with bigger prediction horizons are due
to the increase in planning capability, including future
weather and setpoints, as well as the ability to address
the thermal capacities of the building. Adding model
mismatch in MPC2-m results in a higher cost compared
to MPC2. Looking at the cost reduction of the MPC
compared to the base controller, we find the following
improvements:

o MPC1 (prediction horizon of 12): 12.1%

o MPC2 (prediction horizon of 12): 15.8 %

o MPC2 (blocked prediction horizon of 96): 18.5%

o MPC2-m (blocked prediction horizon of 96): 13.1 %

In Figure 7 the average costs are plotted over the year.
We can observe that during the transition months in
October and November 2022 MPC2-12 and MPC2-m
96B have a cost advantage over the base and MPC1 con-
troller. The lower part of Figure 7 shows that controller
MPC2-12 switches during summertime between winter
and summer mode (winter = true), while MPC1 and base
controller remain in summer mode. This more optimal
switching of MPC2 reduces overall costs. Interestingly,
MPC1 uses the heating coil (Figure 7), which is not the
case in the baseline or at higher prediction horizons. In
Figure 8 (summer day) it can be observed that MPC1-4
uses the heating coil to increase the temperature and,
therefore, reduces the relative humidity. This might be
cheaper in the prediction horizon of 1 hour, but in the
long range it results in a temperature rise, and therefore
it has to cool later on. Instead, MPC1-12 can calculate
the advantage of using the heat pump to cool and
condensate the air, resulting in lower costs in total. The
base controller instead is programmed to use the heat
pump in summer mode to dry. However, it is clear that
MPC1-12 uses less energy compared to the base. Looking
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Fig. 7. Average cost of 30 days and mode (true: winter / false:
summer) plotted over the examplary period for different controllers.

at the end of the day when the temperature reaches a
maximum of 26 °C, all controllers use the heat pump to
cool. In contrast to the base, the MPC starts early with
the cooling and uses the flaps as well to increase the
airflow. This decreases the amount of cooling energy by
the heat pump.
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Fig. 8. Temperature and relative humidity in the hall and

corresponding control variables of the base controller compared
to MPC1 with 4 and 12 steps prediction and control horizon. On
the left side a typical summer day and on the right side a typical
winter day in corresponding modes of the controller.

Looking at the average moving energy costs over the
year Figure 7, it is clear that the MPC outperforms the
Base controller, especially during the coldest time of the
year. On the left side of Figure 8 you find a typical
winter day, where you can observe that the MPC can
keep the temperature to the lower limit during work time.
The base control cannot plan the temperature rise at
6:15 o’clock and therefore violates the temperature limit
at the beginning. In general, all controllers use similar



control variables to keep the temperature and relative
humidity, and also the MPC can keep the boundaries a
bit better.

IV. Conclusion & Outlook

In this paper, we could show that a nonlinear MPC
which directly controls the components of the HVAC
system can outperform an advanced base controller in
a realistic framework of an RAS. The MPC achieves
temperature and humidity in the range with minimal
energy consumption. We addressed the missing gradient
for de-humidification. We could show that the more
optimal switching between the winter mode and the
summer mode of the controller increases the savings as
well as longer prediction and control horizons. We also
investigated the influence of model mismatch and could
show that an artificial model mismatch larger than the
observed mismatch in the MPC model still results in sav-
ings of around 13 % to the base controller in the selected
cost function. Due to the realistic test environment, we
are confident that the controller performance will match
the simulation results as soon as it is implemented in
the RAS. For an implementation, the minimal power
of the heat pump and heating coil as well as a state
switch off have to be included. For a better performance
of the model mismatch case it would be advantageous
to estimate the deviation by the Kalman Filter, which
is used to estimate the model parameter and the model
state.
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