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Abstract

Heat pumps are a key technology for decarbonization and enabling demand-side flexibility. Fully realizing this
potential requires advanced, model-based control strategies capable of responding to specific signals and
anticipating system behaviour through predictive models of both thermal demand and heat pump performance.
While significant progress has been made in modelling techniques for control systems, the integration of
dynamic heat pump models within this framework remains an area requiring further development. Heat pumps
are often modeled using performance curves in control systems, but such representations neglect onboard
controls, which significantly affect performance and are typically inaccessible to end users. Addressing this
issue requires detailed models that simulate the thermodynamic vapor cycle of each heat pump component. A
common approach in the literature employs state-space representations of the thermodynamic cycle, using heat
exchanger models such as Moving Boundary Models. However, these models are computationally intensive
and often too complex for real-time dynamic control applications.

This study provides a first demonstration of how the state-space formulation of the heat pump can be adapted
for control applications. A black-box modeling approach is employed to represent the thermodynamic
properties of the refrigerant, while linearization techniques are used to assess their impact on computational
efficiency. Based on this approach, a new Model Predictive Control framework is proposed, using a linearized
vapor-cycle model with Moving-Boundary heat exchanger representations. The framework is designed to act
as a lower-level controller that replaces the on-board controllers typically used in heat pumps. The new control
strategy has been implemented for a case study and tested in a simulation environment to evaluate its ability
to track setpoints. The results demonstrate the effectiveness of the approach and provide a preliminary
assessment of its potential, limitations, and future challenges.
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1. Introduction

Heat pumps (HPs) represent a pivotal technology for achieving Europe’s climate neutrality objectives by
2050 [1]. Electrically driven HPs provide a highly efficient alternative to conventional fossil-fuel boilers,
thereby supporting the electrification of thermal demand, which in turn facilitates the integration of renewable
energy sources and enhances energy system flexibility through the controllable management of thermal loads
[2]. In particular, energy flexibility refers to the ability of an energy system to adjust its demand and generation
in response to local climate conditions, user requirements, and power grid constraints [3]. This capability is
especially important in systems with a high share of non-dispatchable renewable energy sources, as it allows
the system to operate safely and reliably under variable conditions.
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To exploit the energy flexibility potential of an HP system, two main aspects are required. First, a sufficient
level of thermal inertia must be available to decouple thermal energy demand from electrical generation.
Second, an advanced control strategy capable of real-time system management in a flexible manner is essential.

Many studies have demonstrated that HP-based systems [4, 5], particularly when integrated with building
heating and cooling installations, offer multiple sources of thermal inertia that can be harnessed to provide
energy flexibility, for instance, through the building’s thermal mass [6] or dedicated storage systems [7]. From
a control perspective, high-level supervisory controllers are required to respond to external signals (e.g., price
or demand-response signals) and to optimally coordinate HP operation to meet specific objectives under given
system constraints [8]. Such control relies on predictive capabilities supported by dynamic models of thermal
demand and HP performance. Among the various approaches, Model Predictive Control (MPC) has emerged
as one of the most widely adopted methodologies [9]. MPC employs a dynamic representation of the system
to predict future behaviour and compute optimal control actions that minimize a defined objective function
while accounting for disturbances and operational constraints [10].

Numerous studies have further highlighted the effectiveness of a high-level MPC in enhancing thermal
demand flexibility through HP operation. For example, Tomas et al. [11] demonstrated that implementing
MPC in a low-energy non-residential building can reduce energy costs by up to 40% and increase the grid
support coefficient by 13%. Similarly, Zhao et al. [12] investigated the use of adaptive MPC in a HP-assisted
solar water heating system, reporting cost savings of 20% and energy savings of 12% compared to conventional
Proportional-Integral-Derivative (PID) control. In another study, Strauch et al. [13] analyzed MPC
implementation in a residential building equipped with distributed energy resources, including photovoltaics,
battery storage, an electric vehicle, and HP, and showed that under real-time pricing, MPC can reduce peak
demand and overall energy costs by up to 92% and 28%, respectively, relative to the baseline.

Although the potential of a high-level MPC to enable thermal demand flexibility has been widely
demonstrated, several barriers still limit its large-scale deployment [14]. A primary challenge is that most MPC
implementations rely on HP models derived from performance curves, which often neglect the short-term
dynamics introduced by low-level on-board control. Experimental evidence shows that these on-board
dynamics can significantly affect system flexibility, with discrepancies in predicted electrical consumption
exceeding 10% across different control strategies [15,16].

Traditionally, on-board controls use conventional Proportional-Integral-Derivative (PID) controllers or
pre-programmed logics to manage compressors, valves, and pumps safely. However, these embedded
controllers are often inaccessible, difficult to integrate with high-level supervisory control, and inherently rigid,
imposing strong operational constraints that limit the flexibility of a high-level MPC. Achieving more flexible
control requires a low-level control strategy that can interact directly with the high-level MPC, which in turn
necessitates the use of advanced control techniques, such as MPC applied also at the on-board level.
Consequently, predictive models capable of simulating the thermodynamic behavior of each HP component
are essential. While common approaches, such as state-space models with detailed Moving Boundary Models
(MBMs) [17-19], are effective in simulation, they are often too computationally intensive for real-time
implementation, highlighting the need for simplified yet accurate predictive models suitable for low-level MPC
design.

Given the current lack of studies addressing on-board control effects in high-level MPC and the inherent
complexities of dynamic thermodynamic cycle modeling, a novel low-level MPC framework is proposed to
replace traditional on-board logics for managing the vapor-compression cycle. The framework is designed to
enable more flexible system operation and facilitate future integration with high-level supervisory control. The
low-level MPC uses control-oriented modelling techniques widely recognized in the literature, particularly
MBMs, with simplifications such as linearization and black-box property estimation to reduce computational
load. Their application within a low-level MPC constitutes a novel framework, significantly lowering
computational complexity compared to traditional simulation use.

In this paper, the proposed control strategy is presented methodologically and tested in a simulation
environment on a case study to evaluate its ability to track setpoints. The aim of this work is to provide a first
demonstrative study that validates the applicability of the proposed low-level control approach and describes
its practical implementation. Future research will focus on integrating this framework within a high-level
controller for coordinated system management.

2. Methodology

In this section, the methodology for implementing the proposed low-level MPC control framework is
presented. The methodology consists of two main parts, corresponding to the different phases of the control
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strategy. In the first phase, the thermodynamic cycle is simulated using a high-fidelity model, and black-box
modeling techniques are employed to derive correlations for the thermodynamic properties of the refrigerant.
Subsection 2.1 provides a detailed description of this phase. Subsequently, the high-fidelity model is linearized
around the equilibrium point obtained from the simulation. From this linearization, a Linear Time-Invariant
(LTI) model is constructed, which serves as the predictive model in a traditional MPC scheme. The MPC aims
to control the superheat at the evaporator outlet and the secondary fluid temperature at the condenser outlet by
manipulating the compressor speed and the expansion valve opening. This approach is described in detail in
subsection 2.2. These two phases are carried out within the Prediction Horizon (PH) of the MPC and applied
to the system at each control timestep following the receding horizon principle, as detailed in subsection 2.2.
Figure 1 provides a general overview of the controller operation and its main functional blocks.

Real-time boundary conditions Real-time control actions
(e.g., evaporator and condenser pressures, refrigerant temperature at the compressor

outlet, subcooling at the condenser outlet, superheat at the evaporator outlet) (compressor speed and expansion valve opening)

High-Fidelity Model simulation over the Prediction Horizon with initial conditions and fixed control actions

1
v

System equilibrium condition (i.e., state values in the state-space model) at the end of the Prediction Horizon

!

Linearization of the Lumped-Parameter Model around the equilibrium point
T
v

Linear Time-Invariant state space model system

|

Optimization over the Prediction Horizon to track evaporator superheat and condenser secondary
fluid temperature, with compressor speed and expansion valve opening as decision variables

Model Predictive Control |

Control actions for the next MPC timestep
(compressor speed and expansion valve opening)

Figure 1. Overview of the MPC framework.
2.1 High-Fidelity Modeling and Black-Box Correlation Development

In this section, the dynamic high-fidelity model used in the initial phase of MPC (Figure 1) is described.
The modelling adopts a Lumped Parameter Model (LPM) with a MBM for the heat exchangers, chosen as a
trade-off between accuracy and computational efficiency, while semi-empirical models are employed for the
expansion valve and the compressor, as reported in the literature [20, 21, 22]. The complex geometries of the
heat exchangers were simplified into equivalent pipe-in-pipe models, preserving accuracy while reducing
computational costs. Although more efficient than other high-fidelity approaches, such as Finite Volume
Methods [23], LPMs remain computationally demanding for real-time MPC, mainly due to the retrieval of
refrigerant properties through CoolProp [24] in Python, where the entire model was developed to ensure open-
source accessibility. Previous studies indicate that the computation time required to determine control actions
should not exceed half of the MPC timestep duration [25]. Therefore, to ensure compatibility with the
controller, a black-box modeling approach was adopted to derive semi-empirical correlations for refrigerant
properties, thereby reducing simulation times to levels consistent with the PH. This aspect will be further
clarified in the discussion of the results. Subsection 2.2.1 presents the models developed for each component
of the high-fidelity model, while Subsection 2.2.2 outlines the techniques implemented to further accelerate
the simulation of the LPM.

2.1.1  Component Models of the High-Fidelity Simulation

The HP system consists of four main components: the heat exchangers (i.e., evaporator and condenser), the
expansion valve, and the compressor. The modelling techniques adopted for each component are derived from
scientific literature; therefore, only the fundamental aspects are presented here. For further details, the reader
is referred to the original sources [17-22].

The heat exchangers are modelled using the lumped-parameter MBM, a high-fidelity approach that offers
a significantly lower computational cost compared to distributed-parameter methods such as finite volume
models, being up to three times faster at comparable accuracy [23]. In the MBM, each heat exchanger is
represented in state-space form, dividing it into zones corresponding to specific refrigerant phases. The
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evaporator is divided into two zones, a two-phase region and a superheated vapor region, whereas the
condenser comprises three zones: superheated vapor, two-phase, and subcooled liquid. The interface between
zones (identified by the length L of the section occupied by each) varies over time according to the system
dynamics. Treating the two-phase region as a single zone is made possible by adopting a key simplifying
assumption: the mean void fraction (y) is considered approximately constant. This assumption is supported by
Wedekind et al. [26], who demonstrated that the mean void fraction remains largely invariant under most
operating conditions. Consequently, although the position of the dry-out point or the interface between zones
may shift with changing inlet conditions, the liquid—vapor distribution within the two-phase region remains
essentially unchanged.

MBM applies the conservation equations of mass, refrigerant energy, and wall energy to each zone, while
neglecting momentum balance due to the minimal influence of pressure drops and viscous effects. Complex
heat exchanger geometries (e.g., shell-and-tube, plate, or shell-and-plate configurations) are represented as
concentric tube-in-tube systems, assuming predominantly one-dimensional flow, negligible axial conduction,
and accounting for the thermal capacitance of the wall material while neglecting its thermal resistance. Figure
2 illustrates the schematic representation of the heat exchangers according to the MBM model (Figure 2a the
evaporator and Figure 2b the condenser). For brevity, the complete equations are not explicitly reported here;
however, the figure provides a clear understanding of the overall configuration of the system (the complete set
of equations can be found in [17-22]).
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Figure 2. Schematic representation of the heat exchangers (tube-in-tube configuration) according to the MBM model: (a) evaporator and
(b) condenser.

In the case of the evaporator, the dynamic behavior is described in state-space form by five state variables
(Xevap), grouped in the vector presented in Eq. (1).

T
Xevap = [LTPevap Pevap hOUTeyap TWTPevap TWSHVevap] (1)
Where Lrp cyqpis the length of the Two-Phase (TP) region, pey,, is the evaporator pressure, hoyr, eyap 18
the outlet specific enthalpy of the refrigerant, Ty rp cyep i the wall temperature in the TP region, and
Tw shv, evapls the wall temperature in the Superheated Vapor (SHV) region.
For the condenser, the dynamic behavior is described in state-space form by seven state variables (X y.q),

grouped in the vector presented in Eq. (2):

T

TWSCLcond (2)

Xcond = [LSCLcond LTPcond Pcond

T
hOUTcond WTP ona TWSHVCO.ﬂd]

Here, Lgcp, cond 18 the length of the Subcooled Liquid (SCL) region, Ltp conq is the length of the TP region,
Peond 18 the condenser pressure, hoyr, cong 1S the outlet specific enthalpy of the refrigerant, Ty, scp, cond 1S the
wall temperature in the SCL, Ty 1p, congis the wall temperature in the TP region, and Ty spy, conglS the wall
temperature in the SHV region.

The inputs required for the heat exchanger models are the mass flow rates of the secondary fluids entering
the exchangers (Mg, evap fOr the evaporator and Mggc congfOr the condenser) and the inlet temperatures of
the secondary fluids (Tggc, i, evap fOr the evaporator and T 1N, conafOT the condenser).
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The heat transfers between the refrigerant and the heat exchanger tube wall, and between the tube wall and
the secondary fluid, are evaluated using heat transfer coefficients (@), as indicated in Figure 2. In the
condenser, in the SCL region the internal tube coefficient is a; ¢y, cond and the external coefficient toward
the secondary fluid is @ scr, conds in the TP region, the coefficients are @) 1p, cong@d @ 1p, cond» While in the
SHV region they are a;gpv, cond@d ®o spv, cond-

In the evaporator, in the TP region the internal coefficient is @;rp cvapand the external coefficient is
@0, TP, evap» While in the SHV region the corresponding coefficients are @;gny, evap@nd Qg suv, evap- All values
of the coefficients aare obtained from experimental correlations available in the literature; further details will
be provided in Section 3, where the case study is presented.

Regarding the expansion valve (i.e., Electronic Expansion Valve EEV), it is modeled using the semi-
empirical approach proposed by Li [27], which describes the refrigerant mass flow as:

meev = CDAY 2pLPLX (3)

where M., is the refrigerant mass flow, Cp is the discharge coefficient which is a function of the valve
opening fraction z, A is the valve opening area (m?), and p; and P;are the inlet refrigerant density (kg m™)
and pressure. P,is the outlet pressure (Pa), and Xand Y are defined as:

x=bth oy 2 B =
B ' - 3FEX; Y14 @

where k is the specific heat ratio of the refrigerant and X; is a valve-specific parameter determined
experimentally. The coefficients Cpand Xrare based on experimental data, making the model semi-empirical.
Regarding the compressor, the mass flow rate (1) is calculated as:

p 1/n

. c,0

Meom = chompinCc <P_> (5)
c,i

where w is the compressor speed (rps, i.e. revolutions per second), V..., is the total displacement volume (m3

rev’!), pi, is the refrigerant density at the inlet (kg m™), and C, is the ratio of clearance volume to piston

displacement. P,,and P, ;are the outlet and inlet pressures (Pa), and 7 is the polytropic index, defined as:

n= In (Pc,o/Pc,i)

In (pout/pin)

Assuming an isentropic efficiency (or a value provided by the manufacturer), the model also outputs the
refrigerant enthalpy at the condenser inlet.

By integrating the component models described previously, a complete system model can be formulated.
The input vector of the overall system, U, is defined as:

(6)

. : T z ol
U = [mSECevap TSECINevap mSECcond SECINcond ] (7)

The global state vector, X, is obtained by combining the states from Equations (1) and (2), resulting in a
total of 12 states. The system dynamics matrix D and the function vector f are obtained by assembling the
corresponding matrices and functions of the evaporator, condenser, compressor, and EEV models. Thus, the
overall system dynamics can be expressed in compact form as:

X =D7f(X,U) (8)

These equations form a set of nonlinear, dynamic, coupled partial differential equations that yield a unique
solution for given initial and boundary conditions and can be solved numerically using methods.

2.1.2  Black-Box Model for High-Fidelity Simulation Acceleration

When developing a control-oriented model, an important aspect, besides prediction accuracy, is the
computational time, which must be compatible with the time step of the control system [25]. Some studies [28]
have shown that the calculation of the thermophysical properties of refrigerants has the most significant impact
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on computational speed (ref. Maged). In this study, since the control is implemented in Python to ensure
accessibility, CoolProp [24] is used to obtain the thermodynamic properties of refrigerants. A challenge that
arose, which will also be discussed in the Results section (Section 4), concerns the computational time
associated with calling CoolProp. To significantly reduce this computational cost, black-box models based on
polynomial regression were introduced to represent the thermo-fluid properties of refrigerants. These
correlations were trained using data from CoolProp. In total, 38 polynomial equations were implemented,
adapting the polynomial form to the data to be represented. These equations cover all the thermodynamic
properties of the refrigerant across all states and phases (subcooled liquid, saturated liquid, two-phase,
saturated vapor, and superheated vapor). As an example, Eq. (9) reports a representative correlation for the
density of subcooled liquid (pg¢r):

2

pSCL(Ph)—ZaPl+(ZbP) (Zc, )+Zdh’ ©)

i=0

where a;, b;, ¢j, and d;are polynomial coefficients obtained by regression on CoolProp data, and B,and
h,are the pressure and enthalpy normalized by their respective critical values.

2.2 Linearization and MPC Framework Implementation

An MPC framework essentially consists of two main components: the control-oriented model and the
optimizer. Consequently, the model must be solvable within the PH, and the optimizer must be capable of
finding a feasible control solution in real time. To achieve a detailed representation of the thermodynamic
cycle, a high-fidelity model is required (subsection 2.1). However, despite its accuracy, the MBM is not
directly suitable for control applications, as its numerical solution requires extremely short timesteps (e.g., 107¢
s) and high computational effort. Therefore, to overcome this limitation, a new control framework has been
introduced. Using MBM as a reference, a linearization-based approach is employed to derive a control-oriented
model. At each control step (Akmpc), the MBM is linearized around the predicted operating point within the
MPC prediction horizon, resulting in a Linear Time-Invariant (LTI) state-space representation. The nonlinear
system is linearized around the equilibrium point (X, Ue,) by computing the Jacobian matrices of the system
dynamics and output functions. Specifically, let f(x,u) represent the differential equations describing the
system, and g(x,u) denote the output functions. The resulting linear model can be expressed as:

X=AX+BU, Y=CX+DU (10)
where the matrices are defined as:

of af dg dg
= a I(Xeqrueq)’ B = a l(Xeq‘Ueq)' C= a |(Xeq-Ueq)’ D = a l(Xeq-Ueq) (1 1)
The linearization is performed numerically using the Python linearize function (i.e., ip_sys.linearize), which
automatically computes the partial derivatives at the equilibrium point and generates the corresponding state-
space model.

Starting from the linearized system, the optimizer efficiently solves the MPC problem. Its main objective
is to determine the optimal control actions, specifically the EEV valve opening (z) and the compressor speed
(w), to minimize the deviation of the system outputs from their setpoints, which correspond to the secondary
fluid outlet temperature at the condenser and the superheating at the evaporator outlet. The MPC formulation
relies on a linearized version of the system, which is first discretized over the sampling time Akmpc according
to:

Aq = eAbkupc) By =A"1(A4 — DB (12)

For control purposes, only the subsystem of interest, comprising the manipulated inputs z and w, is
considered, while all other inputs are treated as fixed constants. The MPC operates over a defined PH, with a
cost function that penalizes deviations of the outputs from their references through weight matrix O and the
control effort through weight matrix R. Manipulated input constraints are imposed as absolute limits Umin and
Unmax, expressed as deviations from the equilibrium inputs Ueq. Similarly, the system state is represented in
terms of deviations from equilibrium as:


https://doi.org/10.23697/2ygw-1w83

15th IEA Heat Pump Conference 2026 - NAI3.2 - https://doi.org/10.23697/2ygw-1w83

KXaev = Xo — Xeq (13)

Since the system contains nonlinear components, such as the EEV and the compressor, linear sensitivities of
the mass flows with respect to the manipulated inputs are computed numerically, i.e., 0m,.,/ 0Zand
OM omp/ Ow. These sensitivities are then incorporated into the MPC problem as linear constraints on mass
flow deviations, effectively ensuring mass conservation within the linearized framework.

The resulting optimization problem is formulated as a Quadratic Program (QP) and solved using the OSQP
solver in Python via cvxpy. The objective function minimizes a combination of output deviations, control
effort, and optional slack variables s, used to relax constraints:

PH

D W = )TV = Vi) + ULRU, + 57 - slackeigne (14)
k=0

minimize

This optimization is subject to the discrete-time linearized dynamics
MiXyy1 = AgXy + BeeriUy + BrixeaUsixea (15)

as well as input constraints U, < Uy < Uy and mass flow deviation limits | (0m,,.,/ 02)uy —
(OMeomp/ Ow)u, I< sy, with slack variables constrained to be nonnegative.

Once the QP is solved, the optimal input deviations Ujare converted back to absolute values by adding the
equilibrium inputs U,,, and the predicted trajectories of outputs and states are reconstructed in absolute terms
as

eq>

Yaps = Yaer + qu' Xabs = Xgev + Xeq (16)

The MPC control is applied according to the receding horizon principle, where only the first action of the
computed sequence is implemented at each step. Figure 3 shows an overall schematic representation of the
proposed moving linearization process within the MPC framework.
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Figure 3. Schematic representation of the moving linearization process within the MPC framework.
3. Case study

The control was tested on a hypothetical high-temperature water—-ammonia heat pump, whose
characteristics were derived from [29]. The case study concerns an industrial high-temperature heat pump
capable of maintaining stable outlet temperatures between 160°C and 200°C, with a maximum temperature lift
of 100°C and a thermal power at the condenser of approximately 100 kWy. Due to the unavailability of
thermophysical properties for the ammonia—water mixture, simulations were performed using pure water as
the refrigerant, which also significantly reduced the simulation time.
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The heat exchangers assumed for the simulations were selected based on datasheets of commercially
available components (e.g. [30] [31]). The condenser was represented as a shell-and-plate heat exchanger,
made of AISI 316L with a plate thickness of approximately 0.8 mm, a diameter of 440 mm, and consisting of
134 plates. The evaporator was represented as a plate heat exchanger, also made of AISI 316L, with plate
dimensions of 529 x 271 mm, a thickness of 0.4 mm, and 140 plates in total. As anticipated, to implement the
high-fidelity model (Section 2.1), a simplified modelling of the heat exchangers with a concentric tube
configuration is required. For this purpose, equivalent concentric tube heat exchangers were estimated for both
the condenser and the evaporator, based on the heat duty conditions of the cycle and the geometric data of the
real components. Equivalence was defined by ensuring that the heat duty and thermal capacitance of the
equivalent exchanger match those of the real one, assuming one-dimensional flow, negligible pressure drops,
negligible axial conduction, and negligible material resistance [23]. This results in single-channel lengths of
approximately 46.3 m for the evaporator and 51.8 m for the condenser, ensuring consistency between the
simplified pipe in pipe model and the actual heat exchangers. To model heat transfer between the fluids and
the heat exchanger walls, correlations accounting for the variation of the heat transfer coefficient with operating
conditions were used. The secondary fluid used is T66, a commercial heat transfer fluid (e.g., Therminol 66)
employed in the secondary circuit for heat transfer. In the condenser, correlations for calculating the heat
transfer were extrapolated from [32] for the single-phase regions of the refrigerant (SHV and SCL zones) and
for the secondary fluid, while Shah’s correlation [33] was used for the condensation phase. For the evaporator,
correlations for the refrigerant in single-phase (SHV) and for the secondary fluid were extrapolated from [32],
whereas for the refrigerant in the evaporation phase, the correlation from [34] was adopted.

Regarding the EEV, the model used is semi-empirical and requires specific parameters, such as the
discharge coefficient (Cp) and the pressure differential ratio (Xr), which are normally provided by the
manufacturer (Eq. (3)-(4)). Since these values are not available for the real prototype, they were estimated
using a semi-empirical curve fitting approach based on experimental data from an R22-based EEV reported
by W. Li [27]. The curve data were digitally extracted and scaled to the desired mass flow rate, providing an
approximate estimate sufficient to simulate the EEV dynamics, which are much faster than those of the heat
exchangers. Regarding the compressor, a clearance volume (C. in Eq. (5)) of 0.0015 and a compression volume
of (Veomp in Eq. (5)) of 0.0006882 m?> rev'! were assumed. Furthermore, the compressor is considered to have
an isentropic efficiency of 0.75.

4. Results and discussion

This section presents the results of applying the proposed low-level MPC framework to the case study
described in Section 3. The discussion is divided into two subsections: 4.1 presenting the controller
performance, and 4.2 outlining the limitations of the study and potential developments.

4.1 Application Results of the Low-Level MPC Framework

This section presents the results of applying the proposed low-level MPC framework to the case study
described in Section 3. In this preliminary study, the controller regulates the secondary fluid outlet temperature
from the condenser (Tsgc,,, d) and the evaporator outlet superheating (Tsy) using compressor speed (@) and

valve opening degree (z) as control actions. The framework was tested on an emulator based on the high-
fidelity system model used in the controller. The controller was evaluated across multiple setpoints and
objective function weightings (R and O, Eq. (14)), demonstrating consistent performance. A representative
scenario is presented to illustrate the results. Tables 1 and 2 show the initial conditions set for the states of the
MBM model of the evaporator (Eq. (1)) and the condenser (Eq. (2)).

Table 1. Initial values of the states Xea, for the MBM evaporator model

Component  Lrp,, (M) Pevap KPA)  hourgg, (kgD Typy (C) Ty, (°C)
Evaporator 46.17 65.66 2660.28 89.45 95.05

Table 2. Initial values of the states X.onq for the MBM condenser model

Component LSCLwnd (m) LTPwnd (m) Peona (kPa) hourmnd (kJ kg-l) TWSCLcond °C) Tw—ppwnd(oc) TWSHVcond °C)

Condenser 0.83 48.91 1597.82 823.23 267.61 198.44 195.46
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In relation to the system inputs, the initial values are reported in Table 3 (Eq. (7)).

Table 3. Initial values of the input U for the MBM models

mSEcemp (kg/s) TSECINemp(OC) msscmnd(kg/s) TSEC”Vcon d(OC) z () w (rps)
1.61 115 1.33 162.5 0.51 129.80

Under these initial conditions, setpoint targets were imposed for the secondary fluid outlet temperature from
the condenser (Tsgc ouT cond) @t 196 °C and for the superheating at the evaporator outlet (Tgy) at 1.5 °C. The
weighting matrix O and the control effort weighting R (Eq. (14)) were calibrated to achieve fast control
response without inducing excessive oscillations in the outputs. The optimal values for O were 3 and 28 for
the two outputs, in the order of Tgy and Tspc out cond» F€Spectively, while for R the corresponding values were
5 and 4 for the same outputs. The controller was then tested with a PH of 5 minutes and a control timestep of
1 minute (Akypc). Figure 4 shows the control results. The controller is seen to effectively reach the setpoints
of both outputs relatively quickly (within 15 minutes), without inducing excessive oscillations in either the
outputs or the control variables.

4.5 4
198.0 1 Condenser secondary fluid outlet —— Evaporator superheating from emulator
temperature from emulator 4.0 ——-_Target setpaint
~ ——- Target setpoint ~
5 arget setpoin 5
o 197.54 35
e L
=1 =]
& 197.01 & 301
g g
5 E 25 A
196.5 1
= = 204
196.0 A 1.6
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Time (min) Time (min)
(@) (b)
130
—— Compressor speed w (from MPC) —— EEV valve opening z (from MPC)
128 4 _ 0.505 4
@ 1264 o
= "Z 0.500 -
- 124 4 2
3 o .
& 122 1 L 0495
]
>
120 - 0.490
118
0 2 4 8 8 10 12 14 ] 2 4 6 8 10 12 14
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(©) (d)

Figure 4. MPC control results: (a) Comparison between the condenser secondary fluid outlet temperature and its setpoint, (b)
Comparison between the evaporator superheating and its setpoint, (¢) Compressor speed (w) implemented by the MPC, and (d) EEV
valve opening (z) implemented by the MPC.

As shown in Figure 4, the control is highly effective. However, to achieve these results in a control setup
that is feasible for real-world applications, it was necessary to implement black-box models based on
polynomial regressions (subsection 2.2), to decouple from CoolProp. Preliminary tests using CoolProp to
maintain the fluid properties revealed that the solution time for a prediction horizon of 5 minutes was always
above 100 seconds. This is incompatible with an on-board control system for HP. With the introduction of
polynomial correlations, the computation time was significantly reduced. The average solution time of the first
simulation phase of the high-fidelity model (Figure 2) is now 16.8 seconds, corresponding to a speed-up of
approximately 83.2% compared to the 100 seconds required using CoolProp. It should be emphasized,
however, that in order to obtain reliable results, the polynomial regressions must have a very low error. In the
present case, the percentage error was consistently kept below 0.5%.

From a quantitative perspective, the MPC framework drives both the superheating temperature and the
condenser outlet temperature toward their respective setpoints, with the relative weighting factors R and Q (Eq.
(14)) allowing prioritized convergence. In terms of performance, the superheating temperature reaches within

9
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0.5 °C of its setpoint after approximately 2 minutes, while the condenser outlet temperature achieves a
difference from its setpoint of less than 0.5 °C after about § minutes.

4.2 Limitations and Future Work

This study focuses on the development of a computationally efficient low-level MPC framework suitable
for integration with high-level supervisory control. It presents an initial configuration of the controller,
demonstrating feasibility and implementation methodology. While preliminary and subject to certain
limitations, the results highlight the potential of the approach and indicate directions for future work, which
are discussed in this section.

Considering the limitations of this study, it should be noted that validation was performed using an emulator
derived from the same high-fidelity model employed for controller development. This approach may slightly
overestimate real-world performance due to the absence of model-plant mismatch. In addition, simulations
were conducted using pure water as the refrigerant rather than the actual ammonia—water mixture. This
simplification was necessary to reduce computation time and allow a clear demonstration of the feasibility of
the framework.

Future work will focus on extending validation using alternative high-fidelity models, such as finite-volume
simulations implemented in Modelica, to assess controller robustness. Experimental testing and dynamic
setpoint scenarios, in which reference trajectories vary over time, will also be explored. Furthermore, the low-
level MPC will be evaluated within hierarchical control architectures, integrated with a high-level supervisory
controller (e.g., predictive or optimal), particularly in residential HVAC applications, to assess performance in
a fully coordinated system. Finally, future studies will also consider the actual ammonia—water mixture to
provide a more realistic assessment of controller performance.

Overall, however, despite these limitations, the study demonstrates the relevance and potential of the
proposed approach, showing that a computationally efficient low-level MPC can be developed and integrated
into high-level control architectures, paving the way for practical and flexible heat pump management.

5. Conclusions

This study introduced a novel Model Predictive Control architecture designed to replace conventional on-
board controllers in heat pump systems. The proposed framework demonstrates how a state-space formulation
of the heat pump can be effectively adapted for control purposes. A black-box modeling approach was
employed to capture the thermodynamic behavior of the refrigerant, while linearization techniques were used
to enhance computational efficiency without compromising model accuracy. Building upon these elements, an
Model Predictive Control scheme was developed based on a linearized vapor-compression cycle model with
Moving-Boundary heat exchanger representations and implemented for a high-temperature heat pump. The
control strategy was tested in a simulation environment, showing accurate setpoint tracking and stable
operation under the conditions considered.

The results obtained confirm the effectiveness and feasibility of the proposed control framework, providing
a solid foundation for further development. Future work will focus on experimental validation and on testing
the controller with different high-fidelity emulators or real systems, as well as on extending its application to
dynamic setpoint tracking and hierarchical control architecture. Overall, this research provides a first step
toward the integration of advanced predictive control in commercial heat pumps, highlighting its potential to
enhance performance and flexibility compared to conventional control solutions.
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