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Abstract

Microgrids combining electrical and seasonal thermal energy storage offer significant opera-
tional flexibility, but their management is complicated by a severe separation of time scales:
electrical components evolve over minutes, while aquifer thermal energy storage (ATES) sys-
tems charge and discharge over seasonal cycles spanning weeks to months. Conventional Eco-
nomic Model Predictive Control (EMPC) cannot account for this long-term seasonal objective
within a computationally tractable prediction horizon, and existing approaches close this gap
through heuristic terminal costs or surrogate-derived terminal constraints, both of which re-
quire careful tuning and offer limited theoretical guarantees. This thesis investigates Policy-
Guided Model Predictive Control (PG-MPC) as an alternative, in which a guiding policy
embedded within the short-horizon MPC problem encodes the long-term seasonal objective,
rather than relying on a precomputed reference trajectory. A combined heat and power (CHP)
microgrid model, incorporating a heat pump, auxiliary boiler and chiller, battery storage, and
an ATES system, is formulated using the Mixed-Logical Dynamical (MLD) framework to cap-
ture the system’s discrete operational modes and nonlinear heat pump characteristics. On
this shared model, a baseline EMPC controller using surrogate-derived terminal ingredients is
compared against a PG-MPC controller using a simple sinusoidal dead-band guiding policy.
Both controllers are benchmarked in simulation under imperfect disturbance forecasts across
four scenarios spanning a range of climatological and electricity-pricing conditions, and both
satisfy the end-of-year thermal balance constraint in every case. Operational cost performance
is strongly scenario-dependent: PG-MPC achieves cost reductions under high price volatility
and above average cooling demand, and performance comparable economically but slightly
worse in terms of comfort constraint satisfaction across most scenarios. The improvement
offered by PG-MPC is therefore best understood as a gain in adaptivity and robustness to
realised weather and price conditions rather than a uniform cost reduction: it removes the
dependence on a precomputed annual trajectory while preserving guaranteed recursive feasi-
bility, and remains competitive with EMPC even with a deliberately simple guiding policy.
The framework thus offers a tractable, theoretically grounded route to embedding seasonal
storage objectives in receding-horizon microgrid control, with realised performance governed
by the quality of the guiding policy and the calibration of the terminal ingredients.
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Chapter 1

Introduction

The rapid growth of renewable generation in the Netherlands over the last years, along with
increasing electrification of heat and transport, is placing increasing strain on the power grid
[1], [2]. In particular, the replacement of conventional synchronous generators with inter-
mittent renewable sources such as photovoltaic (PV) and wind reduces system inertia and,
consequently, grid stability [3]. At the same time, the rapid increase in distributed generation
and electricity demand has substantially increased grid congestion [4]. The scale of this chal-
lenge is illustrated by the Association of Energy Network Operators in the Netherlands [5],
which shows that, as of 2026, large parts of the Netherlands face severe shortages in transport
capacity, resulting in waiting lists for new grid connections. These developments highlight
the need for new approaches that can manage generation and demand more locally while
reducing the burden on the transmission and distribution network.

Microgrids and energy hubs have emerged as promising concepts to address this challenge
by coordinating distributed energy resources at the local level [6], [7]. A microgrid provides
localized control over distributed generation, loads, and storage technologies, enabling higher
levels of self-consumption while also providing ancillary services to the main grid [8], [9]. By
balancing local generation and demand, microgrids can reduce power exchanged with the
main power network, thereby alleviating grid congestion and limiting the need for costly grid
reinforcements. At the same time, their ability to coordinate flexible resources improves the
integration of intermittent renewable generation, contributing to a more resilient and efficient
power system.

Lasseter [6] originally envisioned microgrids as integrated systems combining both electrical
and thermal energy. While much of the subsequent microgrid literature focused primarily
on the electrical domain [10], recent work, particularly on energy hubs, has renewed in-
terest in multi-energy systems through the integration of combined heat and power (CHP)
units, Battery Energy Storage (BES), Thermal Energy Storage (TES), and electrically driven
heating technologies [11]. By explicitly modeling the thermal subsystem, these systems can
exploit the coupling between electricity and heat, providing additional operational flexibility.
This flexibility enables more effective coordination of local generation, storage, and demand
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2 Introduction

in response to disturbances such as variations in solar irradiance, wind speed, and ambient
temperature, further reducing reliance on the upstream grid.

While integrating electrical and thermal energy systems increases operational flexibility, it
also substantially increases the complexity of operating the microgrid. To fully exploit the
available flexibility, advanced energy management systems are required to coordinate dis-
tributed generation, controllable loads, and multiple storage technologies while accounting
for varying demand, renewable generation, and operational constraints. This challenge be-
comes even more pronounced in microgrids equipped with hybrid energy storage systems,
particularly when seasonal thermal energy storage is employed. The large separation between
the time scales of electrical and thermal storage introduces operational objectives that extend
well beyond the prediction horizons typically used for real-time control [12]. Consequently,
the design of effective control algorithms has become a central research topic in the operation
of modern microgrids [13], [14].

There is a substantial body of literature addressing the microgrid energy management sys-
tem (EMS) problem, with optimization- and learning-based approaches receiving considerable
attention [13], [15]. Learning-based methods, such as reinforcement learning (RL), have been
investigated as an alternative to model-based control, but their reliance on extensive training
data and the lack of explicit constraint guarantees limit their applicability to many practi-
cal energy management problems. Among optimization-based approaches, model predictive
control (MPC) has become one of the most widely adopted techniques due to its ability to
optimize system operation over a receding prediction horizon while explicitly accounting for
system dynamics and operational constraints. Numerous studies have demonstrated its ef-
fectiveness for energy management in microgrids under uncertain renewable generation and
electricity pricing [16]–[19].

Despite these advantages, the finite prediction horizon fundamentally limits the ability of
conventional MPC to account for long-term operational objectives. Requirements such as
maintaining seasonal thermal energy storage levels or enforcing annual energy balances ex-
tend far beyond the typical EMS optimization horizon of several hours [20, p. 11]. These
objectives cannot be incorporated directly into the optimization problem without sacrificing
computational tractability. Existing approaches typically rely on heuristic terminal costs [21]
or surrogate constraints that encourage behavior similar to the desired long-term objective
[22]. However, both approaches require careful tuning and provide only indirect control over
long-term system behavior.

This thesis investigates the application of Policy-Guided MPC (PG-MPC) [23], [24] to the
energy management of CHP microgrids with hybrid electrical and thermal energy storage.
PG-MPC addresses the limitations of conventional MPC by embedding a guiding policy
within the short-horizon optimization problem. This policy captures operational objectives
that extend beyond the prediction horizon, enabling the controller to account for long-term
requirements, such as seasonal thermal storage constraints, while retaining the computational
tractability of receding-horizon optimization. To address this objective, the following main
research question is considered:

How can Policy-Guided Model Predictive Control improve the energy management of
CHP microgrids with seasonal thermal energy storage compared with conventional Eco-
nomic Model Predictive Control?

G.D. Voogt Master of Science Thesis



3

This question is addressed through the following subquestions:

1. How can Policy-Guided MPC be formulated for a CHP microgrid with hybrid electrical
and thermal energy storage?

2. How does the long-term operational performance of Policy-Guided MPC compare with
a conventional EMPC controller?

3. What are the advantages and limitations of Policy-Guided MPC for practical microgrid
energy management?

The scope of this thesis will be limited to presenting a proof-of-concept of applying the
PG-MPC algorithm to the energy management of a simulated CHP microgrid. The aim is
assessing the suitability of PG-MPC compared to conventional economic model predictive
control (EMPC) controller design and providing insights into the performance, advantages,
and disadvantages of applying PG-MPC.

The rest of this thesis will proceed as follows. Chapter 2 introduces the relevant background
on both the electrical and thermal component models that will be used for simulating the
microgrid system. Particular attention is given to the modeling of thermal energy storage in
the context of microgrid systems. A short overview of the relevant background on microgrid
control is also provided. Chapter 3 details the concrete microgrid model that will be used as
the case study for controller design. Chapter 4 outlines the relevant background on MPC,
EMPC, and the mixed logical dynamics (MLD) framework that is required for the controller
design. Chapters 5 and 6 detail the design of the baseline EMPC and the PG-MPC controllers.
The PG-MPC chapter also provides a comprehensive overview of the relevant background
of the PG-MPC algorithm. Chapter 7 provides a detailed description of the scenarios and
metrics used to benchmark the controllers, after which the simulation results are presented and
discussed. Finally, Chapter 8 draws conclusions, provides explicit answering of the research
questions, and sets out recommendations for future research.
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Chapter 2

Microgrid modeling and Control

This chapter will describe the mathematical modeling of key microgrid components. Each
model captures the important operational characteristics, constraints, and efficiencies relevant
to microgrid energy management, providing a comprehensive overview of component modeling
for EMS applications. The components of a CHP microgrid can broadly be categorized as
electrical and thermal components. Electrical components will be discussed in Section 2-1,
and thermal components will be discussed in Section 2-2. Aspects of microgrid control are
discussed in Section 2-3.

2-1 Electrical Modeling

The electrical subsystem of a CHP microgrid consists of generation, storage, and load com-
ponents connected to a common electrical bus. This section presents the models used to
describe each of these components, as well as the power balance constraint that governs their
interaction.

2-1-1 Sources and Loads

Many components in microgrid energy management can be considered sources or loads, and
do not have any dynamic models associated with them. Their power output or consumption
is either uncontrollable, in the case of renewable energy sources (RES) generation and passive
loads, or directly specified as a control input.

PV generation is a form of uncontrollable generation in which the power output is driven
by the solar irradiance disturbance signal. The generated power depends on environmental
conditions including panel tilt, cell temperature, and solar angle of incidence [20, pp. 50–
52]. For the purpose of this thesis, the primary interest lies in the qualitative shape of
the generation profile rather than absolute accuracy. These secondary effects are therefore
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6 Microgrid modeling and Control

omitted, and PV power generation is estimated from the solar irradiance using a lumped
efficiency model

Ppv(t) = ηpvApvs(t), (2-1)

where ηpv is the lumped panel efficiency, Apv the total panel area in m2, and s(t) the solar
irradiance in W/m2.

The electrical load is treated as an uncontrollable disturbance signal, representing the ag-
gregate power demand of the building excluding heating and cooling, which are explicitly
modelled through the thermal subsystem. This load reflects the combined consumption of
appliances, lighting, and other plug loads, and is taken as exogenously given rather than
derived from a first-principles model, consistent with standard practice in microgrid EMS
studies.

2-1-2 Batteries

Batteries are among the most widely adopted storage solutions in microgrids due to their
versatility and fast deployment characteristics [25]. They allow excess electrical energy to be
stored during periods of low demand or high RES generation, and deployed when needed,
enabling temporal decoupling of generation and consumption.

The state of charge of the battery can be modelled as a simple integrator of the power input
[16], [20, p. 60]. Batteries are subject to self-discharge, in which the state of charge slowly
declines over time in the absence of applied currents. Self-discharge depends on factors such as
battery chemistry, charging current, and state of charge [26, p. 440]. For lithium-ion batteries,
the self-discharge rate is typically small compared to active charging and discharging currents
[27], and the self-discharge rate is commonly approximated as a small constant [16]. The
resulting continuous-time dynamical model for the battery state of charge is given by

dxb(t)
dt

= 1
Cmax

(−η(Pb(t))Pb(t) − xsd) , (2-2)

where xb(t) ∈ [0, 1] is the state of charge, Cmax is the maximum battery capacity, Pb(t) is
the power supplied to the battery, and xsd captures the self-discharge rate. The charging and
discharging processes are subject to different efficiency losses [28], which are captured through
a piecewise-constant efficiency model [16]

η(Pb) =
{

ηc, Pb ≤ 0,
1
ηd

, Pb > 0,
(2-3)

where ηc is the charging efficiency and ηd is the discharging efficiency.

When minimizing operational costs in microgrids, it is important to consider the degradation
associated with the components, as poorly chosen operating points can lead to excessive
degradation. Battery degradation depends on various factors, including temperature, charge
and discharge currents, and depth of discharge [29], [30]. In the context of microgrid EMSs,
the charge and discharge currents and depth of discharge are the most important factors to
consider. The state of charge can easily be constrained to remain within acceptable bounds.
The charge and discharge currents are directly related to the battery power output, which is
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a quantity controlled by the EMS. In many applications, the degradation cost of the battery
as a result of current drawn is characterized by [16], [17]

cbat,deg(t) = OMb|Pb(t)|, (2-4)

where OMb is the battery’s operational and maintenance cost, with OMb often chosen to
reflect the ratio between capital expenditure and the number of battery life cycles [17], [31].
A way to characterize and compare batteries, and energy storage systems more generally, is
its time constant. The time constant is defined as the ratio between maximum capacity to
maximum discharge rate:

τ = Cmax
Pmax

, (2-5)

where Cmax is the maximum storage capacity in kWh and Pmax is the maximum discharge rate
in kW. The time constant τ is then effectively the minimum time in which the energy storage
system can be fully charged or discharged. Large time constants correspond to energy storage
systems with large capacity relative to the discharge rate, whereas smaller time constant
systems can charge and discharge nearly instantaneously relative to its capacity.

2-1-3 Power Grid Interconnection

A key feature of grid-connected microgrids is their ability to exchange power bidirectionally
with the utility grid, acting as a prosumer that consumes or supplies power depending on
the local balance between generation and demand [32]. In many microgrid applications, the
microgrid is not modelled as a balancing responsible party (BRP) (i.e., an entity contractually
responsible for maintaining power balance within a defined portfolio), and the grid power is
instead a free variable bounded only by the maximum power draw from the utility grid [16],
[17]. This simplifies the energy management problem considerably: the grid acts as a large
power buffer, absorbing surplus generation and covering shortfalls instantaneously, so the
real-time power balance is always guaranteed and the EMS need only optimize the dispatch
of local assets.
The grid interconnection is subject to a maximum import and export capacity Pg,max, reflect-
ing physical limits of the connection. The cost of exchanging power with the grid is determined
by the time-varying electricity price cel(t), expressed in €/kWh. Since electricity prices can
vary significantly over the course of a day, particularly under dynamic pricing schemes such
as day-ahead market pricing, the grid interconnection introduces a direct coupling between
the EMS cost function and the electricity market. Importing power from the grid incurs a
cost proportional to cel(t), while exporting surplus power may generate revenue, depending
on the prevailing market price and the applicable feed-in tariff [32]. The instantaneous cost
of grid exchange is therefore modelled as

Cg(t) = cel(t)Pg(t), (2-6)

where Pg(t) > 0 and Pg(t) < 0 correspond to power import and export respectively. For
the single-bus microgrid considered in this thesis, power balance on the electrical bus must
be maintained at all times. Since the grid interconnection is unconstrained in direction, it
provides the degree of freedom needed to satisfy this balance for any feasible combination of
the remaining power flows. This balance is enforced as an algebraic equality constraint and
is discussed in the context of the full system model in Section 3-2.
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8 Microgrid modeling and Control

2-2 Thermal Modeling

The thermal subsystem of a CHP microgrid encompasses heat generation, thermal storage,
and building heat distribution. This section presents the models used to describe each of
these components, beginning with the heat pump that couples the electrical and thermal
subsystems, followed by auxiliary thermal units, Aquifer Thermal Energy Storage (ATES)
seasonal storage, and the generic thermal mass model used to describe hydronic and building
components.

2-2-1 Heat Pump

A heat pump is a thermodynamic device that transfers heat from a low-temperature source to
a high-temperature sink by consuming mechanical work. In the context of CHP microgrids,
heat pumps provide the primary coupling between the electrical and thermal subsystems. The
heat pump is modelled using a Coefficient of Performance (COP) based approach, in which
the thermal output is related to the electrical input through a performance factor derived
from the ideal Carnot cycle [33, Sec. 11-1–11-2].
The Carnot COP represents the theoretical upper bound on heat pump performance for a
given pair of source and sink temperatures, and is given by

COPCarnot(Tsink, Tsource) = Tsink
Tsink − Tsource

, (2-7)

where Tsink and Tsource denote the absolute temperatures of the sink and source respectively.
Real heat pumps operate below this theoretical limit due to irreversibilities in the cycle. This
is captured through a second-law efficiency ηhp ∈ (0, 1), yielding the effective COP

COP(Tsink, Tsource) = ηhp · COPCarnot(Tsink, Tsource). (2-8)

While Tsink and Tsource are here written as generic arguments to define the COP relationship,
in practice they correspond to time-varying temperatures and are written as Tsink(t) and
Tsource from this point forward. The thermal power delivered by the heat pump is related to
the electrical input power Ẇ through the COP as

Q̇out(t) = Ẇ (t) · COP(Tsink(t), Tsource(t)). (2-9)

Conservation of energy requires that the heat pump also satisfies the first law of thermody-
namics

Q̇out(t) = Q̇in(t) + Ẇ (t), (2-10)
where Q̇in is the heat extracted from the source.
Heat pumps can be operated in both heating mode and cooling mode. In cooling mode, the
direction of heat transfer is reversed: heat is extracted from a low temperature source at
Tsource, and rejected into a high temperature sink Tsink. The COP expressions in Eqs. (2-
7) and (2-8) remain valid, but the useful output is now the heat extracted from the source
rather than the heat delivered to the sink, reducing the COP. In the case that the source
temperature exceeds that of the sink temperature, a heat pump can be used for the purpose
of active cooling, increasing the capacity for heat transfer compared to passive cooling via a
heat exchanger.
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2-2 Thermal Modeling 9

2-2-2 Auxiliary Thermal Units

Heat pumps are typically sized below the peak thermal load for economic reasons, as sizing
for peak demand would result in significant overcapacity during normal operation. Auxiliary
thermal units, such as electric boilers and chillers, are therefore installed to supplement the
heat pump during periods of peak heating or cooling demand. Additionally, at large temper-
ature lifts the COP given by Eq. (2-8) decreases significantly, reducing the efficiency of the
heat pump. In such conditions, direct generation from an auxiliary unit may be preferable.
Both the auxiliary boiler and chiller are modelled as simple COP devices, in which the heat
output is proportional to the electrical input

Q̇b(t) = ηb · Ẇb(t), (2-11)
Q̇c(t) = ηch · Ẇc(t). (2-12)

Where ηb and ηc are the constant COP values of the boiler and chiller respectively, and Ẇb

and Ẇc are their electrical power inputs.

2-2-3 Aquifer Thermal Energy Storage

There is a fundamental seasonal mismatch between thermal energy availability and heating
demand. In winter, heating demand is high while solar availability is low, and in summer
the situation is reversed. This mismatch is illustrated in Fig. 2-1a, which shows the heating
availability and heating demand for a typical year in the Netherlands. The non-overlapping
regions motivate the use of seasonal thermal storage to shift summer heat surplus to winter
heating demand, as illustrated in Fig. 2-1b.

Among seasonal underground thermal storage technologies, ATES is the most widely deployed
in the Netherlands [34], [35]. An ATES system stores thermal energy as sensible heat in a
pair of wells: a warm well and a cold well [36]. During winter, warm water is extracted from
the warm well for heating, and the cooled return water is injected into the cold well. During
summer, the process is reversed: cold water is extracted for cooling, and the warmed return
water is stored in the warm well. This working principle is also shown in Fig. 2-2.
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Heat Availability

(a) Thermal Demand and Availability
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Thermal Storage for Seasonal Load Shifting
Heat Demand
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Seasonal Load Shifting

(b) Seasonal Load Shifting

Fig. 2-1: The seasonal mismatch between thermal energy availability and heating demand (a),
and the application of thermal storage in seasonal load shifting of thermal supply and demand.
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10 Microgrid modeling and Control

Summer Winter

HP

Fig. 2-2: Working principle of a two-well ATES system. Figure adapted from [37].

The present model follows the framework of Rostampour and Keviczky [22], in which each
well is characterized by its volume of stored water and specific enthalpy content. In the
present work, this model is simplified using a constant control volume assumption, whereby
extracted groundwater is assumed to be immediately replenished at the ambient groundwater
temperature. This is consistent with standard modeling practice for low-temperature ATES
systems, in which equal injection and extraction volumes per seasonal cycle result in negli-
gible net volumetric change per well [36]. Furthermore, for systems operating below 25 ◦C,
density variations due to thermal expansion are negligible [38], making the constant volume
assumption appropriate for the system-level simulation context considered here.
The dynamics of each well are governed by an energy balance derived from the first law of
thermodynamics, accounting for the enthalpy carried by injected and extracted water and
for thermal losses to the surrounding aquifer. The operation of the system in both modes is
shown schematically in Fig. 2-3. The thermal loss terms in heating and cooling mode are

Q̇h,l(t) = kATES

(
hh(t)
cp,w

− Tgw

)
,

Q̇c,l(t) = kATES

(
Tgw − hc(t)

cp,w

)
.

The dynamic model for the change in enthalpy of the wells in heating mode is then given as

Vhρh
dhh(t)

dt
= ṁ(t)

(
hh(t) − cp,wTgw

)
− Q̇h,l(t), (2-13)

Vcρc
dhc(t)

dt
= ṁ(t)

(
hH

HX,out(t) − hc(t)
)

− Q̇c,l(t), (2-14)

and in cooling mode, with the flow direction reversed, as

Vhρh
dhh(t)

dt
= ṁ(t)

(
hC

HX,out(t) − hh(t)
)

− Q̇h,l(t), (2-15)

Vcρc
dhc(t)

dt
= ṁ(t)

(
cp,wTgw − hc(t)

)
− Q̇c,l(t), (2-16)
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(b) Cooling Mode

Fig. 2-3: Schematic representation of the energy flows in the ATES system in both heating and
cooling modes.

where hh(t) and hc(t) are the specific enthalpies of the warm and cold wells, hH
HX,out and

hC
HX,out are the heat exchanger output enthalpies in heating and cooling mode respectively,

Tgw is the ambient groundwater temperature, cp,w is the isobaric heat capacity of water,
and kATES is the thermal conductance of the wells to the surrounding aquifer. Under the
constant volume assumption, the well volumes Vh, Vc are treated as fixed parameters. The
heat exchanger output enthalpies hH

HX,out and hC
HX,out are determined by the heat pump model

presented in Section 2-2-1. Together, Eqs. (2-13) to (2-16) and the heat pump model fully
describe the enthalpy dynamics of the ATES wells across both operating modes.
An important operational constraint in ATES systems is that the total energy extracted from
and injected into the ATES system should be balanced across an operational year [39], [40].
This leads to a balance constraint that applies over the operational year. In this thesis, the
balance constraint is formulated at the system level, requiring that the net thermal energy
exchange with the ATES over the operational year is zero:∫ T

t0

(
Q̇H

out(t) − Q̇C
in(t)

)
dt = 0. (2-17)

This differs from the well-level formulation of the constraint used by Rostampour and Ke-
viczky [22], in which the energy balance is enforced over each ATES well pair. Notably, the
definition in Eq. (2-17) and the one used by Rostampour and Keviczky [22] coincide in the
case that only a single ATES doublet is considered, which is the case for this thesis.
The constraint in Eq. (2-17) fundamentally upper-bounds the amount of heating that can be
extracted by the amount of cooling that is injected. In the Netherlands, there is significant
mismatch between annual heating and cooling demand [41], with heating demand far exceed-
ing cooling demand. Were the two roughly equal, satisfaction of this constraint would be
nearly automatic, as the cooling injected over the course of a year would naturally replenish
what is extracted for heating. The large imbalance between the two means, however, that
the constraint is non-trivial to satisfy and must be actively managed by the EMS.

2-2-4 Thermal Masses

Many components in thermal energy systems store and release heat over time due to their
finite heat capacity. Such components are referred to as thermal masses, and are commonly

Master of Science Thesis G.D. Voogt



12 Microgrid modeling and Control

modelled under the lumped capacitance assumption, which treats the temperature of the
component as spatially uniform [42, p. 29]. This assumption is appropriate when the internal
thermal resistance of the component is small relative to the resistance at its boundary, which
holds for well-mixed fluid volumes and building elements with high thermal conductivity.
Examples relevant to this thesis include water volumes in hydronic circuits and the building
structure itself.

Under the lumped capacitance assumption and assuming no mass accumulation, the energy
balance for a thermal mass with specific enthalpy hm follows from the first law of thermody-
namics, and is given by

ρV
dhm(t)

dt
= Q̇in(t) − Q̇out(t) + ṁ(t)

(
hin(t) − hout(t)

)
, (2-18)

where Q̇in and Q̇out are the net heat flows into and out of the element, and the final term
accounts for energy transport by mass flow, with hin and hout the specific enthalpies of
fluid entering and leaving the element. The isobaric heat capacity cp varies weakly with
temperature for incompressible substances and is treated as constant throughout.

Heat exchange between a thermal mass and its surroundings through conduction, convection,
and radiation is commonly aggregated into a single heat flow using Newton’s law of cooling
[42, p. 18]

Q̇(t) = (UA) ·
(
T2(t) − T1(t)

)
, (2-19)

where (UA) is the lumped thermal conductance, T1 is the surrounding temperature, and T2
is the body temperature. Solar radiative heat gain is modelled separately as

Q̇rad(t) = Aeff s(t), (2-20)

where Aeff is the effective surface area for solar heat absorption. The models in Eqs. (2-
18) to (2-20) form the generic building blocks for the reservoir, floor, and building thermal
dynamics developed in Section 3-3.

2-3 Microgrid Control

Microgrids integrate a diverse set of generation, storage, and load components, each operating
under different physical constraints and timescales. Coordinating these components to achieve
reliable and economical operation requires a structured control framework. This section
introduces the hierarchical control architecture commonly adopted in microgrid literature,
identifies the control layer addressed in this thesis, and provides a high-level overview of
energy management approaches.

2-3-1 Control Hierarchy

Microgrid control spans multiple timescales, ranging from microsecond-level power electronics
regulation to hour-level operational planning. A widely adopted framework for organizing
these tasks is the three-layer hierarchy [20, pp. 7–11] ,[14], [43], illustrated in Fig. 2-4.
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Fig. 2-4: The hierarchical control architecture for microgrids. Figure adapted from [44].

The primary control layer operates at the shortest timescale and is responsible for local sta-
bility of voltage and frequency. In grid-connected mode, the microgrid frequency is dictated
by the utility grid and P/Q control is applied. In islanded mode, the microgrid must indepen-
dently maintain voltage and frequency through V/f control [14]. Primary control can leave
steady-state offsets in voltage and frequency, which are corrected by the secondary control
layer. Secondary control also ensures real-time power balance through load sharing between
components. The tertiary control layer operates at the longest timescale and is responsible
for economic and operational planning of the microgrid. This layer generates setpoints for
the secondary and primary layers, accounting for forecasts of renewable generation, load, and
energy prices over a planning horizon. This layer is commonly referred to as the EMS.

This thesis is concerned exclusively with the tertiary control layer. Several modeling assump-
tions follow from this focus. The EMS operates on timescales of minutes to hours, which are
orders of magnitude slower than the transient dynamics of the electrical components. The
long-term behavior of the system is therefore largely decoupled from these fast dynamics, and
a steady-state assumption for all microgrid components can be adopted without significant
loss of accuracy [20, p. 85], [16]. Furthermore, the system operates in grid-connected mode,
meaning that the utility grid maintains the microgrid frequency within acceptable bounds.
Voltage stability and power quality are similarly handled by the lower control layers, and
need not be addressed by the EMS directly. It is therefore assumed that the primary and
secondary controllers track the setpoints issued by the EMS with sufficient accuracy, so that
their internal dynamics can be abstracted away at the energy management level [14], [16].
Finally, a single-bus representation is adopted, which is appropriate for the building-level
microgrid considered in this thesis given its small spatial extent, and is consistent with the
steady-state modeling assumption above. This modeling approach is consistent with standard
practice in the microgrid EMS literature [20, Sec. 4.3.1], [17], [45].
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14 Microgrid modeling and Control

2-3-2 Energy Management

The EMS is responsible for coordinating the generation, storage, and controllable loads of the
microgrid in order to ensure economic and reliable operation [20, p. 84], [14]. This problem
can broadly be decomposed into two sub-problems: the unit commitment (UC) problem and
the economic dispatch (ED) problem [46, Ch. 3–4]. The UC problem is a combinatorial
scheduling problem that determines which generators should be online at each time step
over the planning horizon, accounting for startup and shutdown costs and minimum up- and
downtime constraints. Given a commitment decision, the ED problem then determines the
optimal continuous power dispatch of all committed generators and storage systems to meet
the load at minimum cost, subject to capacity and ramp-rate constraints [46, Ch. 3–4]. In
traditional power systems, these problems are solved separately due to the intractability of
solving them jointly at large scale [47]. In microgrids, however, an integrated approach is
often adopted given the smaller problem size, allowing the UC and ED problems to be solved
simultaneously within a single optimization framework [16].

A wide range of methods have been proposed for solving the microgrid EMS problem. Math-
ematical programming approaches, in particular mixed-integer linear program (MILP) and
mixed-integer non-linear program (MINLP), are the most widely adopted due to their ability
to explicitly handle operational constraints and binary decisions such as unit commitment [16],
[48]. More recently, data-driven approaches such as RL have gained interest for their ability
to implicitly learn long-term value functions without relying on accurate forecasts, though
these methods generally lack the constraint handling and theoretical guarantees required for
safety-critical applications [49], [50].

Among optimization-based approaches, MPC has become a prominent framework for micro-
grid EMS [13], [43]. Its receding horizon structure naturally incorporates updated forecasts
of renewable generation, load, and energy prices into the control decision at each time step,
providing inherent robustness to forecasting errors through feedback. The explicit constraint
handling of MPC also makes it well-suited for safety-critical microgrid applications, where op-
erational limits on storage, generation, and grid exchange must be respected at all times [16],
[51]. The formulation and application of MPC to the microgrid EMS problem is discussed in
detail in Chapters 5 and 6.
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Chapter 3

System Description

This chapter describes the specific microgrid system that will be used throughout this thesis
for the implementation and evaluation of the control algorithms. The system is instantiated
from the modeling framework established in Chapter 2, with concrete component selections,
parameter assignments, and disturbance signal definitions. The electrical and thermal sub-
systems are described in Sections 3-2 and 3-3 respectively, followed by a description of the
disturbance signals in Section 3-4, and the full state-space representation of the combined
system in Section 3-5.

3-1 System Overview

The system under consideration for this thesis is a building level CHP microgrid, consisting
of an electrical subsystem and a thermal subsystem that are coupled through a heat pump
and auxiliary thermal units. An overview of the system is shown in Fig. 3-1.

The electrical subsystem consists of a PV array, a battery, an electrical load, and an intercon-
nection with the main grid. The thermal subsystem consists of an ATES system for seasonal
energy storage, an auxiliary electric boiler, an auxiliary chiller, and a building thermal model
including a reservoir, underfloor heating, and the building envelope itself. The heat pump
serves as the primary coupling between the subsystems, as well as the interface between the
thermal demand and the thermal storage system.

The system is driven by four exogenous disturbance signals: the electricity price, solar irradi-
ance, electrical load, and ambient temperature. These signals are uncontrollable and must be
forecasted over the MPC horizon in order to apply predictive control. A detailed description
of each disturbance is given in Section 3-4.

The control objective will be minimizing the operational cost of the microgrid system over a
receding horizon, subject to physical constraints of both subsystems and a comfort constraint
on the building temperature. Both the electrical and thermal subsystems are described in
more detail in Sections 3-2 and 3-3.
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Fig. 3-1: Overview of the system that will be used for the rest of this thesis.

3-2 Electrical Subsystem

The electrical subsystem consists of a PV array, a battery, an electrical load, and an inter-
connection with the main grid. The PV power output is treated as a disturbance signal,
determined from the solar irradiance via Eq. (2-1). The electrical load is similarly treated
as a disturbance, modelled as a typical usage profile consisting of a sustained base load with
periodic peaks in the morning and evening. The battery is the only dynamical component in
the electrical subsystem, with its state of charge governed by Eq. (2-2).

For microgrid operation, power balance on the electrical bus must be maintained at all times.
This is expressed as the algebraic constraint requiring the sum of all power flows at the bus
to be zero. For the system shown in Fig. 3-1, this yields

Pg(t) − Pb(t) + Ppv(t) − Pl(t) − Ẇ H(t) − Ẇ C(t) − Ẇb(t) − Ẇc(t) = 0, (3-1)

where Pg is the power imported from or exported to the grid, Pb is the battery power, Ppv
is the PV generation, Pl is the electrical load, Ẇb and Ẇc are boiler and chiller work, and
Ẇ H and Ẇ C are the electrical work inputs to the heat pump in heating and cooling mode,
respectively.

3-3 Thermal Subsystem

The thermal subsystem consists of an ATES system for seasonal thermal storage, an auxiliary
electric boiler, an auxiliary chiller, and a building thermal circuit. The heat pump is the
primary coupling between the electrical and thermal subsystems, transferring heat between
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the ATES and the reservoir. The auxiliary boiler and chiller are modelled as simple COP
devices, providing supplementary heating and cooling capacity when the heat pump alone is
insufficient to meet the thermal demand. The ATES dynamics are governed by Eqs. (2-13)
to (2-16).

The thermal circuit consists of a reservoir, an underfloor heating circuit, and the building
air. Heat is supplied to or extracted from the reservoir by the heat pump, boiler, and chiller.
The reservoir in turn exchanges heat with the floor, which exchanges heat with the building
interior, which finally exchanges heat with the ambient environment. This chain of compo-
nents and heat flows is also shown in Fig. 3-2. Following the lumped thermal mass model and
applying Newton’s law of cooling at each interface, the relevant heat flows are written as

Q̇rf (t) = (UA)rf (Tr(t) − Tf (t)), (3-2)
Q̇fb(t) = (UA)fb(Tf (t) − Tb(t)), (3-3)
Q̇bo(t) = (UA)bo(Tb(t) − Tamb(t)). (3-4)

where (UA)rf , (UA)fb, and (UA)bo denote the thermal conductances at the reservoir-floor,
floor-building, and building-ambient interfaces respectively. Applying Eq. (2-18) to each
thermal mass in the circuit, the temperature dynamics of the reservoir, floor, and building
are then given by

mrcp,wṪr(t) = Q̇H
out(t) − Q̇C

in(t) + Q̇b(t) − Q̇c(t) − Q̇rf (t),
mf cp,f Ṫf (t) = Q̇rf (t) − Q̇fb(t),
mb,effcp,aṪb(t) = Q̇fb(t) − Q̇bo(t) + Q̇rad(t).

(3-5)

where mr and mf are the masses of water in the reservoir and floor circuit respectively, cp,w

and cp,f are the corresponding isobaric heat capacities, and mb,eff is the effective thermal mass
of the building, obtained from the specific thermal mass per unit floor area as defined in EN
ISO 13786 [52]. This norm provides a standardized method for characterizing the dynamic
thermal properties of building components, making it an appropriate basis for determining
the effective thermal mass in a lumped building model of this form. The terms Q̇H

out and Q̇C
in

denote the heat delivered to and extracted from the reservoir by the heat pump in heating
and cooling mode respectively, Q̇b and Q̇c are the heat contributions of the auxiliary boiler
and chiller, and Q̇rad is the radiative solar heat gain of the building, modelled as described in
Section 2-2.

3-4 Disturbance Signals

There are many signals in microgrid applications that are important for economic operation,
but cannot be modeled in terms of a dynamic model explicitly. These signals appear in the
form of disturbances, which are uncontrollable inputs to the system. The following vector of
disturbance signals are present in the microgrid shown in Fig. 3-1:

d(t) =


cel(t)
s(t)
Pl(t)

Tamb(t)

 , (3-6)
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Fig. 3-2: The thermal dynamics of the reservoir, floor and building, visualized. Figure adapted
from [19].

where cel(t) is the electricity price in €/kWh, s(t) the solar irradiance in W/m2, Pl(t) is the
electrical load in kW, and Tamb(t) is the ambient temperature in K.
The solar irradiance and ambient temperature are obtained from the Royal Netherlands Mete-
orological Institute (KNMI) Environmental Data Retrieval (EDR) Application Programming
Interface (API) [53], and Dutch electricity pricing data is obtained through the European
Network of Transmission System Operators for Electricity (ENTSO-E) transparency platform
API [1]. The electrical load is generated synthetically using a parametric profile consisting of
a seasonally modulated base load and two Gaussian peaks representing morning and evening
consumption patterns. Crucially, this profile does not include power consumed for heating
and cooling, as this is explicitly captured by the heat pump terms in Eq. (3-1).
The seasonal modulation factors for the base load and the two peaks are defined in terms of
the day of the year n ∈ {1, . . . , 365} as

ϕb(n) = 1 + 0.20 cos
(2π(n − 1)

365

)
, (3-7)

ϕm(n) = 1 + 0.15 cos
(2π(n − 1)

365

)
, (3-8)

ϕe(n) = 1 + 0.10 cos
(2π(n − 1)

365

)
, (3-9)

reflecting higher electricity consumption in winter months. The load profile is then defined
using a Gaussian kernel. Defining G(τ ; µ, σ) = exp

(
−(τ − µ)2/2σ2), the load profile is written

as

Pl(t) = P̄b ϕb(n) + P̄m ϕm(n) G(τ(t); 7.5, 1.5) + P̄e ϕe(n) G(τ(t); 19.5, 2.0) + w(t), (3-10)

where w(t) is additive zero-mean white noise, τ(t) ∈ [0, 24) denotes the time of day in hours
corresponding to time t, P̄b, P̄m, and P̄e are the nominal base load, morning peak, and evening
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Fig. 3-3: Representative two day samples of the load profile for each season, visualizing the
mathematical description of the profile shown in Eq. (3-10).

peak amplitudes respectively. The morning peak is centred at 07:30 with a standard deviation
of 1.5 h, and the evening peak is centred at 19:30 with a standard deviation of 2.0 h. The
load profile is also visualized in Fig. 3-3 to illustrate how the profile develops across the four
seasons. The nominal parameter values used in this thesis are listed in Table 3-1.

3-5 State-Space Representation

Collecting the dynamics derived in Sections 3-2 and 3-3, the system state, control input, and
disturbance vectors are defined as

x(t) =



xb(t)
hh(t)
hc(t)
hr(t)
hf (t)
hb(t)


, u(t) =



Pb(t)
Ẇ H(t)
Ẇ C(t)
Q̇b(t)
Q̇c(t)
Pg(t)


, d(t) =


cel(t)
s(t)
Pl(t)

Tamb(t)

 , (3-11)

where xb is the battery state of charge, hh and hc are the specific enthalpies of the hot and
cold ATES wells, hr, hf , and hb are the specific enthalpies of the reservoir, floor circuit, and
building respectively.

Since the ATES dynamics differ between heating and cooling mode, the system admits
two distinct operating modes. The state-space model in heating mode, denoted ẋ(t) =
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fH(x(t), u(t), d(t)), is given by



ẋb(t)
ḣh(t)
ḣc(t)
ḣr(t)
ḣf (t)
ḣb(t)


=



1
Cmax

(−η(Pb)Pb(t) − xsd)
1

Vhρh

(
ṁ(t)(hh(t) − cp,wTgw) − kATES

(
hh(t)
cp,w

− Tgw
))

1
Vcρc

(
ṁ(t)(hH

HX,out(t) − hc(t)) − kATES
(
Tgw − hc(t)

cp,w

))
1

mrcp,w

(
Q̇H

out(t) + Q̇b(t) − Q̇c(t) − Q̇rf (t)
)

1
mf cp,f

(
Q̇rf (t) − Q̇fb(t)

)
1

mb,effcp,a

(
Q̇fb(t) − Q̇bo(t) + Q̇rad(t)

)


, (3-12)

and in cooling mode, denoted ẋ(t) = fC(x(t), u(t), d(t)), as



ẋb(t)
ḣh(t)
ḣc(t)
ḣr(t)
ḣf (t)
ḣb(t)


=



1
Cmax

(−η(Pb)Pb(t) − xsd)
1

Vhρh

(
ṁ(t)(hC

HX,out(t) − hh(t)) − kATES
(

hh(t)
cp,w

− Tgw
))

1
Vcρc

(
ṁ(t)(cp,wTgw − hc(t)) − kATES

(
Tgw − hc(t)

cp,w

))
1

mrcp,w

(
Q̇C

in(t) + Q̇b(t) − Q̇c(t) − Q̇rf (t)
)

1
mf cp,f

(
Q̇rf (t) − Q̇fb(t)

)
1

mb,effcp,a

(
Q̇fb(t) − Q̇bo(t) + Q̇rad(t)

)


. (3-13)

Note that the electrical, floor, and building dynamics are identical across both modes; only the
ATES well dynamics and the reservoir heat input differ. The combined system can therefore
be written compactly as

ẋ(t) = f(x(t), u(t), d(t)) =
{

fH(x(t), u(t), d(t)), heating mode,

fC(x(t), u(t), d(t)), cooling mode,
(3-14)

which is a nonlinear, hybrid state-space model. For simulation purposes, Eq. (3-14) is dis-
cretized using the RK4 method, yielding the discrete-time model

x(t + 1) =
{

F H(x(t), u(t), d(t)), heating mode,

F C(x(t), u(t), d(t)), cooling mode,
(3-15)

where t denotes the discrete time index and F H and F C are the RK4 integrators applied to
fH and fC over one sampling interval ∆t.

3-6 System Parameters

The system parameters used throughout this thesis are listed in Table 3-1. The building is
modelled as a four-story office building with a 50 m×50 m floor plate, giving a total floor area
of 10,000 m2 and a total volume of 40,000 m3. The effective thermal mass of the building is
derived from a specific thermal capacity of 150 kJ/m2K per floor, as per EN ISO 13786 [52].
The ATES wells are sized at 5,000 m3 each. While smaller than typical Dutch ATES systems
[36], the volumes are sufficient for illustrating the algorithmic behavior of the EMS studied
in this thesis. The heat pump second-law efficiency is set to η = 0.5, consistent with values
reported for residential building-scale heat pump systems [54].

G.D. Voogt Master of Science Thesis



3-6 System Parameters 21

Table 3-1: System parameters used throughout this thesis.

Component Parameter Symbol Value

Building

Floor area Afloor 10,000 m2

Effective thermal mass cm,eff 150 kJ/m2K
Comfort band (lower) Tb,min 20 ◦C
Comfort band (upper) Tb,max 21 ◦C

Building envelope

Wall area Awall 3,200 m2

Wall conductance (UA)bo 1.6 kW/K
Effective solar area Aeff 32 m2

Floor

Thickness δf 0.1 m
Density ρf 2400 kg/m3

Heat capacity cp,f 0.88 kJ/kgK
Floor-reservoir conductance (UA)rf 80 kW/K
Floor-building conductance (UA)fb 70 kW/K

Reservoir

Volume Vr 25 m3

Temperature range [Tr,min, Tr,max] [17, 40] ◦C
Max. mass flow ṁr,max 0.5 kg/s

ATES

Hot well volume Vh 5,000 m3

Cold well volume Vc 5,000 m3

Groundwater temperature Tgw 12 ◦C
Thermal conductivity kATES 0.03 kW/K
Hot well temp. range [Th,min, Th,max] [15, 23.5] ◦C
Cold well temp. range [Tc,min, Tc,max] [5, 12] ◦C
Max. mass flow ṁmax 0.4 kg/s

Heat pump Second-law efficiency ηhp 0.5 [−]
Max. electrical input Ẇmax 200 kW

Aux. boiler Max. heat output Q̇b,max 100 kW
COP ηb 0.9 [−]

Aux. chiller Max. cooling output Q̇c,max 100 kW
COP ηch 0.9 [−]

Battery

Capacity Cmax 10 kWh
Charging efficiency ηc 0.9 [−]
Discharging efficiency ηd 0.8 [−]
Max. power Pb,max 100 kW
SoC range [xb,min, xb,max] [0, 1] [−]

PV array
Panel area Apv 500 m2

Panel efficiency ηpv 0.17 [−]

Electrical load Base load P̄b 10 kW
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Chapter 4

Economic Model Predictive Control
for Microgrids

This chapter presents the theoretical framework underlying the control design developed in
this thesis. The chapter begins with a review of MPC fundamentals in Section 4-1, covering the
finite horizon optimal control problem (OCP), terminal ingredients, and constraint softening.
Section 4-2 then introduces EMPC, in which the stage cost directly reflects economic operation
rather than tracking a setpoint, and discusses the role of dissipativity in establishing stability.
The fundamental challenge of applying EMPC to microgrid systems, namely the absence of
a meaningful steady state, is identified and motivates the time-varying terminal ingredient
framework. Section 4-3 then introduces the MLD framework, which provides a systematic
approach to incorporating the discrete operating mode decisions of microgrid components
into the MPC optimization problem, yielding a tractable MILP formulation. Together, these
ingredients form the basis for the controller design following in Chapters 5 and 6.

4-1 Model Predictive Control Fundamentals

MPC has become a prominent framework for microgrid EMS [13], [43], owing to several prop-
erties that align well with the microgrid energy management problem. At each sampling
instance, MPC solves a finite horizon OCP using the current system state and forecasts of
the disturbance signals, such as renewable generation and electricity price, over the planning
horizon [55]. Only the first element of the resulting optimal input sequence is applied, after
which the horizon recedes and the problem is solved again with updated information. This
principle is also visually illustrated in Fig. 4-1. The receding horizon structure introduces
a feedback loop that provides inherent robustness to disturbances and model mismatch [56,
Ch. 1], both of which are persistent challenges in microgrid applications [13]. Furthermore,
operational constraints on storage, generation, and grid exchange are incorporated directly
into the optimization problem, ensuring that the computed control actions are always phys-
ically admissible [51], [55]. Finally, MPC naturally handles the multi-input, multi-output
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t − 1 t + 1 t + 2 · · · t + N

t

u(t)

x(t)

u0(t + k)

x0(t + k)

Reference Trajectory

Past Future

Prediction Horizon

t − 1 t t + 2 t + 3 · · · t + 1 + N

t + 1

u(t)

x(t)

u0(t + k)

x0(t + k)

Reference Trajectory

Past Future

Prediction Horizon

apply u0(t)

Fig. 4-1: Two time steps illustrating the working principle of MPC.

nature of microgrid systems, where multiple generation, storage, and load components must
be coordinated simultaneously.

For MPC, dynamical systems of the discrete-time form

x+ = f(x, u, d), (4-1)

are considered, with x ∈ X ⊆ Rn the state vector, u ∈ U ⊆ Rm the input vector, and
d ∈ D ⊆ Rp the disturbance vector. The function f : X×U×D → X denotes state transition
map describing the system dynamics. Based on this model, the finite horizon OCP solved at
each sampling instant is formulated as follows. Adopting a slight abuse in notation in which
time-indexed variables are written with subscripts (e.g., x(k) as xk), the finite horizon OCP
solved at each sampling instance is stated as

PN (xinit, dt) :



min
u

N−1∑
k=0

ℓ(xk, uk, dk) + Vf (xN )

s.t. xk+1 = f(xk, uk, dk), ∀k ∈ I+
N−1,

x0 = xinit,

(xk, uk) ∈ Z, ∀k ∈ I+
N−1,

xN ∈ Xf ,

(4-2)

where u = {u(k)}N−1
k=0 is the sequence of control inputs to be optimized, dt = {d(t+k)}N−1

k=0 is
the forecast of disturbance signals over the horizon, and Z ⊆ X×U is the set of feasible state-
input pairs encoding the operational constraints of the system. The stage cost ℓ : X×U×D →
R captures the cost of operation at each step of the horizon. The optimal input sequence is
denoted u0 = {u0(k)}N−1

k=0 , and only the first element u0(0) is applied to the system. The
horizon then recedes by one step and Eq. (4-2) is solved again at the next sampling instance
with updated state and disturbance information.

The terms Vf (·) and Xf are referred to as the terminal cost and terminal constraint set re-
spectively, and play a central role in establishing stability of the closed-loop system. Since
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Eq. (4-2) is a finite horizon truncation of the underlying infinite horizon OCP, the finite
horizon optimal value function V 0

N (x) does not in general satisfy a Lyapunov decrease condi-
tion, and asymptotic stability of the closed-loop system is therefore not guaranteed without
additional structure [57, Sec. 2.4]. The standard approach to recovering stability is to choose
Vf (·) and Xf such that the following conditions hold [55][57, Theorem 2.19]: (i) Xf is positive
invariant under a terminal control law κf : Xf → U and (ii) Vf (·) satisfies the Lyapunov
decrease condition Vf (f(x, κf (x))) − Vf (x) ≤ −ℓ(x, κf (x)) for all x ∈ Xf . Under these condi-
tions, V 0

N (x) can be shown to be a Lyapunov function for the closed-loop system, establishing
asymptotic stability with respect to the desired steady state [55]. A standard choice of ter-
minal cost is the optimal infinite horizon cost-to-go V 0

∞(x), since, by the Bellman optimality
equation, this satisfies a global Lyapunov decrease property, thereby ensuring satisfaction of
properties (i) and (ii) globally [57, p. 113]. In practice, V 0

∞(x) is generally not available in
closed form, and an approximation Ṽf (x) ≈ V 0

∞(x) is used instead. Since such approximations
are typically only valid locally, the terminal constraint set Xf is introduced to restrict the
terminal state to a region where the approximation is known to be accurate and the Lyapunov
decrease condition can be verified [57, Sec. 2.4].

The joint state-input constraints in Eq. (4-2) are written as hard constraints, meaning that
any violation renders the problem infeasible. In practice, when the system is subject to
disturbances, hard constraints can cause the OCP to become infeasible, particularly when the
disturbance realization is not perfectly anticipated by the forecast [57, p. 131]. It is therefore
standard practice to relax constraints that are not safety-critical into soft constraints, which
permit bounded violations at the cost of a penalty in the objective [57, p. 131]. For a constraint
of the form g(x, u) ≤ 0, the softened formulation introduces a slack variable s ≥ 0 and replaces
the hard constraint with

g(x, u) ≤ s, (4-3)
ℓ̃(x, u, s) = ℓ(x, u) + ρ s, (4-4)

where ℓ̃ is the modified stage cost and ρ > 0 is a penalty weight that governs the trade-off
between constraint satisfaction and optimality [57], [58, p. 131]. The slack variable s becomes
a decision variable in the optimization, and the optimizer will only permit a violation when
doing so reduces the overall cost sufficiently. By choosing ρ sufficiently large, constraint
violations can be made arbitrarily costly, recovering behavior close to the hard constraint
formulation while maintaining feasibility.

4-2 Economic Model Predictive Control

EMPC generalizes the MPC framework by replacing the positive-definite tracking stage cost
with an arbitrary economic stage cost ℓ(x, u) that directly reflects the operational cost of
the system [59], [57, p. 153]. In the microgrid context, this cost typically includes electricity
purchase costs, battery degradation, and auxiliary generation costs. The OCP formulation
remains identical to Eq. (4-2), and soft constraints are applied for the same reasons discussed
in Section 4-1.

The stability analysis of EMPC is more subtle than that of standard tracking MPC, since
the stage cost is no longer positive definite with respect to any particular state, and V 0

N (x)
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therefore cannot directly serve as a Lyapunov function candidate for the closed-loop system.
The standard approach to establishing stability in EMPC is through the notion of dissipativity
[59], [60]. The system is said to be dissipative with respect to the supply rate s(x, u) =
ℓ(x, u) − ℓ(xs, us) if there exists a storage function λ : X → R such that

λ(f(x, u)) − λ(x) ≤ s(x, u), ∀(x, u) ∈ Z, (4-5)

where (xs, us) is the optimal steady-state pair, defined as the state-input pair minimizing
ℓ(x, u) subject to x = f(x, u) and (x, u) ∈ Z [57, pp. 153–154]. Under this dissipativity
condition, the rotated stage cost ℓ̃(x, u) = ℓ(x, u) − ℓ(xs, us) + λ(x) − λ(f(x, u)) is positive
semi-definite, and the rotated value function Ṽ 0

N (x) = V 0
N (x) + λ(x) − Nℓ(xs, us) can be

shown to satisfy a Lyapunov decrease condition along the closed-loop trajectories. It follows
that economic performance bounds can be established, showing that the EMPC asymptotic
average cost is no worse than operating at steady state [59]. Notably, the stated result is
weak in the sense that there may exist multiple trajectories satisfying this property, and
hence convergence to xs cannot be guaranteed. When the system is strictly dissipative the
rotated stage cost ℓ̃(x, u) is positive definite rather than merely semi-definite. In this case it
can be shown that the state xs is an asymptotically stable equilibrium point for the closed-loop
system XN [59, Theorem. 2].

A fundamental challenge in applying the dissipativity framework to microgrid EMS is the
absence of a meaningful steady state: the microgrid is driven by time-varying renewable
generation, load, and price signals that admit no steady-state description, making Eq. (4-5)
difficult to verify. The literature addresses this in two main ways. One is to add a regular-
ization term penalizing deviation from a chosen steady state, ensuring dissipativity by design
[18]. However, this steady state is a design parameter rather than a true economic opti-
mum, and the regularization can dominate the stage cost, sacrificing economic performance
for stability around a physically meaningless operating point. The other, more common in
microgrid MPC, is to omit terminal ingredients entirely or replace them with heuristic end-
of-horizon storage constraints [21], [45], which avoids the dissipativity problem but yields
myopic behavior with no formal guarantees on recursive feasibility or disturbance robustness.

The framework of McAllister [58] establishes sufficient conditions on the terminal cost and
terminal constraint set such that EMPC is robustly recursively feasible and inherently robust
to small disturbances, without requiring dissipativity. Specifically, it is required that there
exists a terminal control law κf : Xs → U and a continuous Lyapunov function Vs : X → R≥0
for the system x+ = f(x, κf (x)) on a positive invariant set Xs ⊆ X with respect to a steady
state xs ∈ Xs. The terminal constraint set is defined as a sublevel set of Vs

Xf = {x ∈ X | Vs(x) ≤ τ}, (4-6)

for some τ > 0 chosen such that Xf ⊆ Xs, and the terminal cost Vf : X → R must satisfy the
decrease condition

Vf (f(x, κf (x))) ≤ Vf (x) − ℓ(x, κf (x)) + ℓ(xs, us), ∀x ∈ Xf . (4-7)

Under these conditions, McAllister [58, Theorem 10] establishes two key guarantees. First,
the terminal constraint set Xf is robustly positive invariant and, consequently, the EMPC
remains recursively feasible for all sufficiently small disturbances. Second, for any bounded
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disturbance sequence, the degradation of nominal performance is bounded by the sum of the
steady-state stage-cost and the magnitude of the disturbance signal.

A standard approach for constructing the terminal ingredients, outlined by McAllister [58]
following Amrit et al. [61], proceeds by linearizing the system around the steady state (xs, us).
A stabilizing terminal control law is obtained via discrete-time Linear Quadratic Regulator
(LQR) control, and the associated Lyapunov function yields both the terminal set Xf as a
sublevel set as in Eq. (4-6), chosen sufficiently small that all constraints are satisfied within
it, and the terminal cost Vf , constructed to satisfy Eq. (4-7).

For time-varying systems, this construction must be carried out recursively backwards from
a terminal time T . Starting from Vf (T, x) = 0 and Xf (T ) ⊆ X at t = T , the terminal
ingredients at each preceding time step t = T − 1, T − 2, . . . , 0 are obtained by applying the
linearized construction above to the system frozen at that time step, using the terminal cost
from the subsequent step as the prior. This backward recursion propagates the value of future
operation into the terminal cost at each time step, providing the EMS with an approximation
of the long-term cost-to-go on a short horizon.

While this procedure is theoretically well-founded, it presents significant practical challenges
in the microgrid context. The MLD system description makes implementation of an admissible
terminal control law difficult. In particular, piecewise control laws need to be designed to
account for the multitude of operating modes [62]. The construction of a terminal control
law and terminal value function may also depend on time-varying disturbance signals, such
as ambient temperature or solar irradiance, which are not available a priori in practical
applications. Finally, for MLD systems, input constraints can be of the form u ∈ [umin, umax]∪
{0}, which is a disjoint, and hence non-convex, input constraints, further complicating the
construction of admissible terminal control laws.

4-3 Mixed-Logical Dynamical Model Predictive Control

Many components in microgrid energy management involve discrete operating modes in ad-
dition to continuous dynamics. The heat pump switches between heating and cooling mode,
the ATES system alternates between charging and discharging, and the battery has distinct
efficiency characteristics depending on the direction of power flow. Incorporating these dis-
crete decisions directly into the MPC framework requires a modeling formalism that can
handle both continuous and discrete variables within a single optimization problem. The
MLD framework provides exactly this, by encoding logical rules and discrete operating con-
straints as mixed-integer linear inequalities that can be solved to global optimality using
standard branch-and-bound solvers. This section introduces the MLD framework, discusses
the linearization of bilinear terms arising from discrete actuators, and presents the resulting
mixed logical dynamical model predictive control (MLD-MPC) formulation. The stability
properties of the resulting controller are then discussed.

4-3-1 Discrete Actuators and Integer Programming

A distinction can be drawn between systems which have both continuous and discrete dy-
namics, and systems with discrete actuators [63], [64]. A true hybrid system is typically
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Fig. 4-2: Difference between continuous input set (a), integer constrained input set (b), and
binary constrained input set (c). Figure adapted from [66].

formulated as [65] {
ẋ = f(x, u), x ∈ C,

x+ = g(x, u), x ∈ D.
(4-8)

Here f(·) is the system flow map, and g(·) is the system jump map. The dynamics of this
system are hybrid in the sense that states in the jump set D instantaneously jump in accor-
dance to the jump map, whereas states in C behave according to the continuous dynamics.
The systems considered in this thesis, are instead considered to be discrete-actuator systems.
That is, systems which have both discrete and continuous inputs, but not necessarily contin-
uous and discrete dynamics [66]. Note that the statement of the dynamics of these systems
is, in principle, not different from that of regular dynamical systems. That is, the system
dynamics can be stated as

ẋ = f(x, u), (x, u) ∈ Z ⊆ X × U, (4-9)

with the set U enforcing discreteness of 1 or more of the actuators. It should be noted that the
term hybrid system is in the literature often used interchangeably with systems with discrete
actuators [67], [68]. However, for the purpose of this thesis, a distinction will be drawn due
to the difference in required stability theory as will be discussed in Section 4-3-6.

The presence of discrete actuators in the system results in U being written as a mixed-
continuous discrete set rather than as a purely continuous set. This is visualized in figure
Fig. 4-2, which shows different subsets of R2 defined using linear-, and mixed-integer linear
constraints. Incorporating discrete input constraints into the MPC optimization problem state
in Eq. (4-2) transforms the continuous optimization problem into a mixed-integer optimization
problem. The resulting optimization problem is referred to as an MILP or MINLP depending
on the nature of the cost function and constraints [69]. The MLD framework naturally gives
rise to linear constraints [67], resulting in MILP problems given that the cost function is also
modeled to be linear.

4-3-2 The MLD Framework

The MLD framework provides a structured approach to modeling dynamical systems that
combine continuous linear dynamics with logical rules and operational constraints [67]. By
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converting logical conditions into mixed-integer linear inequalities, the MLD framework allows
discrete decisions such as the operational mode of a heat pump or the charging state of a
battery to be incorporated directly into a linear system description. The resulting model
takes the form [67]{

x(t + 1) = Ax(t) + B1u(t) + B2δ(t) + B3z(t),
s.t. E2δ(t) + E3z(t) ≤ E1u(t) + E4x(t) + E5,

(4-10)

where x ∈ X are the system states, u ∈ U the continuous inputs, δ ∈ Bnδ the binary variables
encoding discrete decisions, and z ∈ Rnz continuous auxiliary variables introduced by the
linearization of logical conditions. The matrices E1, . . . , E5 encode the mixed-integer linear
constraints that enforce the logical rules of the system. While the MLD framework formally
permits non-linear dynamics and constraints, the formulation is in practice restricted to linear
dynamics to preserve tractability of the resulting optimization problem [67].
The logical conditions encoded in the MLD constraints arise from several sources in microgrid
applications. Operational mode selections, such as whether the heat pump operates in heating
or cooling mode, introduce binary variables that switch between different sets of continuous
dynamics. Implication constraints of the form “if δ = 1 then g(x, u) ≤ 0” can be encoded as
linear inequalities using the Big-M method, discussed in Section 4-3-3. Products of binary
and continuous variables, which arise for example when a power flow is only active in a
particular operating mode, can similarly be linearized [67]. Together, these tools allow the
MLD framework to capture the combinatorial structure of the microgrid EMS problem within
a single linear system description.

4-3-3 Binary Decisions as Linear Constraints

A common type of constraint encountered in microgrid applications is binary products be-
tween continuous variables and binary variables. Such bilinear terms arise naturally when a
continuous quantity, such as a power flow, is only active in a particular discrete operating
mode. These products take the form

z = x · δ, (4-11)
where x ∈ R is a continuous variable, δ ∈ B is a binary variable, and z ∈ R an auxiliary
variable. Since Eq. (4-11) is non-linear, it cannot be incorporated directly into an MILP
formulation. However, given that x has known lower- and upper-bounds m and M , the
product can be linearized through the following four linear constraints [67]

z ≥ mδ,

z ≤ Mδ,

z ≤ x − m(1 − δ),
z ≥ x − M(1 − δ).

(4-12)

It is straightforward to verify that when δ = 1, the constraints enforce z = x, and when δ = 0,
the constraints enforce z = 0, which is exactly the behavior described in Eq. (4-11). This
linearization technique is commonly referred to as Big-M linearization.
The tightness of the Big-M bounds m and M has a direct impact on the computational
tractability of the resulting MILP. During the Linear Program (LP) relaxation step of the
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branch-and-bound algorithm used to solve MILP problems, the binary variables δ are treated
as continuous variables in [0, 1]. The Big-M bounds determine the feasible region of this
relaxation, and loose bounds result in a weak relaxation that poorly approximates the true
integer feasible set. This increases the number of branch-and-bound nodes required to certify
optimality, significantly increasing solver computation time [69]. It is therefore important
that m and M are the tightest known lower- and upper-bound on x, which in the context of
microgrids, typically follows from physical limits of the components, such as storage capacity
or maximum power.

A common requirement is mutual exclusivity among binary decisions. For example, a sys-
tem with distinct heating and cooling modes cannot occupy both simultaneously. Mutual
exclusivity of binary variables δ1 and δ2 can be written as the constraint δ1 · δ2 = 0, which is
bi-linear. This bi-linear constraint can identically be expressed as the linear inequality

δ1 + δ2 ≤ 1, (4-13)

Many other logic rules admit similar linear encodings, but these will not be discussed here
and the reader is referred to Bemporad and Morari [67] or Williams [70] for a comprehensive
treatment.

Another useful transformation is the linearization of absolute values. Suppose the cost func-
tion contains terms of the form |x|, with x ∈ R. These terms can not directly be expressed
as linear constraints. Instead, auxiliary variable s ≥ 0 is introduced, with linear constraints{

s ≤ x,

s ≥ −x,
(4-14)

imposed. The |x| terms can then be replaced by s, since minimizing s subject to these
constraints forces s = |x| at optimality.

The absolute value |x| can be linearized in two ways depending on the context. The formula-
tion in Eq. (4-14) is appropriate when positive and negative deviation are penalized equally.
If instead asymmetric penalties are desired (e.g., penalizing overshooting of a target more
than undershooting) the signed deviation can be decomposed in components s+, s− ≥ 0 and
enforcing {

x = s+ − s−,

s = s+ + s−,
(4-15)

which again recovers s = |x| at optimality. Distinct penalties γ+, γ− ≥ 0 can be applied to
s+ and s− separately in the objective, with the symmetric case being recovered for γ+ = γ−.

4-3-4 PWA Approximation of Nonlinear Functions

Many components in microgrid EMS admit non-linear models. Some of these, such as the
directional battery efficiency, can be easily linearized. However, a heat pump COP, for
example, is a non-linear function of the source and sink temperatures, and cannot be linearized
through the methods of Section 4-3-3. Incorporating the non-linear model directly into an
optimization problem would result in an MINLP, which is in general significantly harder to
solve than an MILP [69]. A common strategy to preserve tractability of the MILP formulation
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Fig. 4-3: PWA approximation of a function of one variable, illustrating the relationship between
partition fineness and corresponding approximation error.

is to approximate non-linear functions using piece-wise affine (PWA) functions, which can be
encoded as linear constraints in MLD format under the assumption that the function input
domain is compact with bounded output [71]. As shown in Fig. 4-3, a finer partition yields a
more accurate approximation at the cost of introducing additional binary variables and hence
increasing the computational burden of the solver.

For a function of a single variable, a PWA approximation is constructed by partitioning the
domain into intervals and fitting an affine function to each, with the approximation being
exact at the interval endpoints. This is also shown visually in Fig. 4-3. The construction
for functions of two variables, which is the case of interest in this thesis, follows a similar
principle but requires additional care in handling the two-dimensional domain.

For a function of two variables f : D → [fmin, fmax] defined on a compact rectangular domain
D = [xmin, xmax] × [ymin, ymax] ⊂ R2, construction is more involved. Following Babayev [72],
the domain [xmin, xmax]×[ymin, ymax] is partitioned into a rectangular grid of nx×ny cells. For
each inner point (i, j) where 2 ≤ i ≤ nx − 1 and 2 ≤ j ≤ ny − 1, the upper left and lower right
triangles are defined by the vertices {(i − 1, j), (i, j + 1), (i, j)} and {(i, j − 1), (i + 1, j), (i, j)}
respectively. The PWA approximation is exact on each grid point (i, j), and affine on the
interior and edges of the triangles.

The approximation is implemented by associating a non-negative weight λij ≥ 0 with each
grid point, constrained to form a convex combination over the grid,

∑nx
i=1

∑ny

j=1 λij = 1.
The continuous variables x and y, and the approximated function value fPWA(x, y) are then
expressed as the weighted sums of the grid point coordinates and function values

x =
nx∑
i=1

ny∑
j=1

xiλij , (4-16)

y =
nx∑
i=1

ny∑
j=1

yjλij , (4-17)

fPWA =
nx∑
i=1

ny∑
j=1

fijλij , (4-18)
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Fig. 4-4: Illustration of the 2D PWA approximation scheme with upper triangle active on the
left and lower triangle active on the right. Figure adapted from [72].

where fij = f(xi, yj) are the function values evaluated at the vertices. Binary variables
δij ∈ B and δj

i ∈ B are introduced to enforce locality, ensuring that the active weights λij are
restricted to the corners of a single active triangle. Specifically, constraint

λij ≤ δi,j−1 + δi−1
j + δi,j + δi

j+1 + δi+1,j + δi
j , (4-19)

together with
nx∑
i=1

ny∑
j=1

(δij + δi
j) = 1, (4-20)

ensures that exactly one triangle is active at a time and that only the three λij values at the
vertices of that triangle are permitted to be nonzero, with all others driven to zero by Eq. (4-
19). Within the active triangle, the three nonzero weights form the barycentric coordinates of
the point p with respect to the triangle vertices, and sum to one by Eq. (4-18). Each weight
is proportional to the area of the sub-triangle formed by p and the opposite edge, so that
vertices closer to p receive larger weights. The interpolated function value f̃(x, y) in Eq. (4-
18) is then a weighted average of the function values at the three active vertices, producing
an affine interpolation of f over the active triangle that is exact at all grid points. The full
set of constraints constitutes a valid MILP encoding of the PWA approximation, with the
number of binary variables scaling as O(nx ·ny) [72]. This procedure is illustrated in Fig. 4-4,
where the upper-left and lower-right triangles associated with grid point (i, j) are activated
by δi,j = 1 and δi

j = 1 respectively.

4-3-5 MLD-MPC

The MLD-MPC framework combines the MLD system description of Section 4-3-2 with the
MPC OCP of Eq. (4-2), yielding an optimization problem that simultaneously optimizes
continuous power dispatch and discrete operational decisions over the planning horizon. Sub-
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stituting the MLD dynamics into Eq. (4-2), the resulting OCP is stated as

PMLD
N (xinit, dt) :



min
u,δ,z

N−1∑
k=0

ℓ(xk, uk, dk, δk, zk) + Vf (xN )

s.t. xk+1 = Axk + B1uk + B2δk + B3zk + B4dk, ∀k ∈ I+
N−1

E2δk + E3zk ≤ E1uk + E4xk + E6dk + E5, ∀k ∈ I+
N−1,

x0 = xinit,

(xk, uk) ∈ Z, dk ∈ D, zk ∈ Rp, δk ∈ Bq, ∀k ∈ I+
N ,

xN ∈ Xf

(4-21)

where δ = {δk}N−1
k=0 and z = {zk}N−1

k=0 are the sequences of binary and auxiliary variables
over the horizon. The second constraint encodes all MLD constraints, including operational
constraints and Big-M linearizations from Section 4-3-3. When the stage cost ℓ(·) is taken
to be linear in its arguments, Eq. (4-21) reduces to an MILP, which can be solved to global
optimality using standard branch-and-bound solvers [69]. In the microgrid context, a linear
stage cost directly reflecting electricity purchase costs and auxiliary generation costs is a
natural choice, as these are linear functions of the power flows. The MLD-MPC framework
has been widely applied to microgrid EMS problems for exactly this reason, as it provides a
tractable formulation that can handle both the continuous dispatch decisions and the discrete
operating mode selections of the system within a unified optimization framework [16], [17],
[31], [73].

4-3-6 Stability of MLD-MPC

As discussed in Section 4-3-1, the class of systems considered in this thesis is not that of
hybrid systems, but instead systems with discrete actuators. For this class of systems, all
of the results for standard MPC also hold [66, Theorem 1]. Because of this, all the stability
theory discussed in Sections 4-1 and 4-2 remains valid for systems with discrete actuators,
and no new theory will need to be presented.
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Chapter 5

Time-Varying EMPC Controller
Design

This chapter introduces the EMPC framework used for the operation of the CHP microgrid.
The physical model described in Chapter 3 is first formulated in the MLD representation,
allowing system dynamics, constraints, and logical decision variables to be incorporated into
a single unified modeling framework, with particular attention given to the non-linear and
discontinuous behavior present in the system, including the asymmetric battery charging effi-
ciency, asymmetric import and export prices, and temperature dependence of the heat pump
COP. Building on this MLD representation, an EMPC formulation is developed to mini-
mize the operational costs of the microgrid while satisfying the long-term ATES operational
constraints; since the time-scale of seasonal storage is significantly longer than the permissi-
ble horizon length for on-line optimization, terminal ingredients are introduced, constructed
from a surrogate optimization problem that uses a coarser time-step and simplified model
to approximate the optimal solution and enforce satisfaction of the thermal balance by the
end of the year. Finally, the generation of forecasting signals used in the EMPC controller is
discussed.

5-1 MLD Model

The MLD framework is used to model the system for control. This section describes how the
models presented in Chapter 3 are converted into MLD format, including the treatment of
discrete operating modes, asymmetric efficiencies, and nonlinear heat pump dynamics.

5-1-1 Battery

The battery charging and discharging process is subject to asymmetric efficiency losses de-
pending on the direction of power flow, as described by Eq. (2-3). To handle this asymmetry
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within the MILP formulation, a binary variable δb(k) is introduced to indicate the charging
state of the battery

δb(k) =
{

1, if Pb(k) ≥ 0, (charging),
0, if Pb(k) < 0, (discharging).

(5-1)

An auxiliary variable zb(k) = δb(k)Pb(k) is then defined to represent the product of the binary
and continuous power variables, which is linearized using the Big-M method of Section 4-3-3.
An additional auxiliary variable cg(k) is also defined as [16]

cg(k) = csell
el (k)Pg(k) + (cbuy

el (k) − csell
el (k))zg(k), (5-2)

to represent the cost incurred from importing and exporting electricity from the grid. In
MLD format, the resulting constraints are stated as [16]

Pb,max
−(Pb,max + ε)

Pb,max
Pb,max

−Pb,max
−Pb,max


δb(k) +



0
0
1

−1
1

−1


zb(k) ≤



1
−1
1

−1
0
0


Pb(k) +



Pb,max
−ε

Pb,max
Pb,max

0
0


. (5-3)

The battery dynamics are discretized using forward Euler integration. Under a zero-order
hold assumption on the input, this approximation is exact, yielding the discrete-time model

xb(k + 1) = xb(k) + ∆t

Cmax

((
ηc − 1

ηd

)
zb(k) + 1

ηd
Pb(k)

)
. (5-4)

where the auxiliary variable zb(k) correctly selects the charging efficiency ηc when the battery
is charging and the discharging efficiency ηd when it is discharging, without introducing any
non-linearity into the discrete-time model.

5-1-2 Grid Interconnection

The cost of exchanging power with the grid is asymmetric, as electricity is bought and sold
at different prices cbuy

el (k) and csell
el (k) respectively. A binary variable δg(k) is introduced to

indicate the direction of power flow

δg(k) =
{

1, if Pg(k) ≥ 0 (import),
0, if Pg(k) < 0 (export).

(5-5)

An auxiliary variable zg(k) = δg(k)Pg(k) is defined to represent the import power, allowing
the grid cost to be expressed as a linear function of Pg(k) and zg(k). The resulting MLD
constraints are time-varying as they depend on the electricity price at time k [16]

Pg,max
−(Pg,max + ε)

Mg

Mg

−Mg

−Mg


δg(k) +



0
0
1

−1
1

−1


cg(k) ≤



1
−1

cbuy
el (k)

−cbuy
el (k)

csell
el (k)

−csell
el (k)


Pg(k) +



Pg,max
−ε
Mg

Mg

0
0


, (5-6)

where Mg = maxk{cbuy
el (k)} · Pg,max is the Big-M bound for the grid cost auxiliary variable.
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5-1-3 Thermal System

The reservoir, floor, and building dynamics do not require additional binary variables. How-
ever, the thermal states span a broad range of timescales. The reservoir responds quickly to
heat pump inputs, while the building and floor have significantly larger thermal inertia. The
resulting set of equations has large separation of timescales, making explicit discretization
methods unstable. An implicit discretization is therefore used, in which the heat flow terms
Eqs. (3-2) to (3-4) are evaluated at t + 1, yielding

hr(k + 1) = hr(k) + ∆t

mr

(
Q̇H

out(k) − Q̇C
in(k) + Q̇b(k) − Q̇c(k) − Q̇rf (k + 1)

)
, (5-7)

hf (k + 1) = hf (k) + ∆t

mf

(
Q̇rf (k + 1) − Q̇fb(k + 1)

)
, (5-8)

hb(k + 1) = hb(k) + ∆t

mb,eff

(
Q̇fb(k + 1) − Q̇bo(k) + Q̇rad(k)

)
. (5-9)

Since the heat flow terms are linear in the states, the implicit scheme remains unconditionally
stable regardless of the chosen time step ∆t.

Enforcing this comfort band as hard constraints is problematic for reasons discussed in Sec-
tion 4-1, so instead, slack variables sl ≥ 0 and su ≥ 0 are introduced to relax the constraint.
The constraints

1
cp,a

hb(k) + sl(k) ≥ Tb,min, (5-10)

1
cp,a

hb(k) − su(k) ≥ Tb,max, (5-11)

are added so that sl and su reflect the upper and lower violation of the comfort band respec-
tively. sl and su can then be incorporated into the cost function as linear terms to ensure
that the slack is minimized and hence the constraint satisfied.

5-1-4 Heat Pump

The heat pump is subject to the first law of thermodynamics, which requires that energy is
conserved across the heat pump cycle. Specifically, the heat delivered on the hot side must
equal the sum of the electrical work input and the heat extracted from the cold side,

Q̇H
out(k) = Ẇ H(k) + Q̇H

in(k), (5-12)
Q̇C

in(k) = Q̇C
out(k) + Ẇ C(k), (5-13)

where Q̇H
in and Q̇C

in denote the heat extracted from the cold side in heating and cooling
mode respectively. These constraints are linear and are incorporated directly into the MILP
formulation.

The heat pump output is nonlinear in the system states, as the COP depends non-linearly
on the temperature lift across the heat pump as well as the electrical input power Ẇ . To
incorporate this into the MILP formulation, a two-dimensional PWA approximation is applied
as described in Section 4-3-4. As stated in Eq. (2-10), the heat pump output is in principle
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a function of three variables: the reservoir temperature, the ATES well temperature, and
Ẇ . However, since the reservoir and ATES well temperatures operate over a narrow range
relative to the temperature lift, the COP is approximated as a function of the temperature
lift ∆T and Ẇ alone, with the hot-side temperature treated as fixed. The resulting heating
and cooling outputs are then approximated as

Q̇H
out ≈ fH

PWA(Ẇ H , Th − Tr), (5-14)
Q̇C

out ≈ fC
PWA(Ẇ C , Tr − Tc), (5-15)

where fH
PWA and fC

PWA are PWA approximations of COPH(∆T H)·Ẇ H and COPC(∆T C)·Ẇ C

respectively, constructed over a grid in the (Ẇ , ∆T ) domain using the method of Section 4-3-4.
Each approximation introduces the auxiliary variables λij , δij , and δi

j as defined in Eqs. (4-16)
to (4-18), subject to the locality constraint Eq. (4-19) and the triangle selection constraint
Eq. (4-20). The heat pump can operate in either heating or cooling mode, represented by
binary variables δH(k) ∈ B and δC(k) ∈ B respectively. These binaries serve a dual purpose:
they enforce mutual exclusivity of the two operating modes, and they activate or deactivate
the PWA approximations for each mode. Additionally, the heat pump can only operate
when the temperature lift is in a feasible region. Incorporating these elements in the PWA
constraints from Section 4-3-4 results in

∆T H(k) −
n∑

i=1

m∑
j=1

λH
ij (k)∆T H

i ≤ MH
max(1 − δH(k)), (5-16)

∆T H(k) −
n∑

i=1

m∑
j=1

λH
ij (k)∆T H

i ≥ −MH
max(1 − δH(k)), (5-17)

Ẇ H(k) −
n∑

i=1

m∑
j=1

λH
ij (k)Ẇ H

j ≤ Ẇmax(1 − δH(k)), (5-18)

Ẇ H(k) −
n∑

i=1

m∑
j=1

λH
ij (k)Ẇ H

j ≥ −Ẇmax(1 − δH(k)), (5-19)

Q̇H
out(k) =

n∑
i=1

m∑
j=1

λH
ij (k)fH

ij , (5-20)

n∑
i=1

m∑
j=1

λH
ij (k) = δH(k), (5-21)

n∑
i=1

m∑
j=1

δi,H
j (k) + δH

ij (k) = δH(k), (5-22)

where MH
max is the maximum heat pump lift in heating mode and Ẇmax the maximum heat

pump work. These terms arise from a big-M linearization as the corresponding equality
constraint should only be active when δH = 1. The locality and triangle activation constraints
in Eqs. (4-19) and (4-20) remain unchanged. An analogous set of constraints holds for the
cooling mode, with δH(k), λH

ij (k), ∆T H(k), Ẇ H(k), Q̇H
out(k), Ẇ H

j , ∆T H
i and fH

ij replaced by
their counterparts δC(k), λC

ij(k), ∆T C(k), Ẇ C(k), Q̇C
out(k), Ẇ C

j , ∆T C
i and fC

ij respectively,
with constraints Eqs. (5-16) to (5-22) otherwise identically structured. The non-linear relation
between heat-pump input work and output heat at various temperature lifts is shown in Fig. 5-
1. The PWA approximation is generated by taking a coarse grid with n = 3 and m = 2. The
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Fig. 5-1: Two-dimensional PWA approximation of the heat pump model and the resulting absolute
approximation error.

coarse grid keeps the amount of additional variables bounded, at the expense of increased
approximation error.

Some additional operational constraints on the heat pump and auxiliary thermal units are
introduced. As the heat pump can only operate in one mode at a time, a mutual exclusivity
constraint

δH(k) + δC(k) ≤ 1, (5-23)

is introduced to ensure consistency. The corresponding bounds on the heat pump electrical
input are then

Ẇ H(k) ≤ Ẇmax · δH(k), (5-24)
Ẇ C(k) ≤ Ẇmax · δC(k). (5-25)

Finally, the auxiliary boiler and chiller should be constrained to not operate simultaneously,
as this is considered thermodynamically wasteful. However, this would require introducing
2N additional binary variables as the auxiliary thermal unit power output can not be directly
tied to the operating mode. This is because rebalancing actions for the ATES system may
lead to cooling output even when there is heating demand in the building, hence requiring
auxiliary boiler heating to prevent the building temperature from leaving the comfort band.
Instead, a constraint is introduced to ensure that the amount of thermodynamically wasteful
operation is minimized

Q̇b(k)
Q̇b,max

+ Q̇c(k)
Q̇c,max

≤ 1, (5-26)

which ensures that the most simultaneous heating and cooling is limited to half of the max
power output, with simultaneous operation becoming less likely as the boiler or chiller output
increases beyond 50% of the maximum thermal output.

5-1-5 ATES

The dynamics of the ATES system described in Section 2-2-3 is bound by the same operational
heating and cooling modes as the heat pump. To rewrite the dynamics of Eqs. (2-13) to (2-16)
in a single unified model, the auxiliary variables zH

h (k) = δH(k)hh(k), zH
c (k) = δH(k)hc(k),
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zC
h (k) = δC(k)hh(k), and zC

c (k) = δC(k)hc(k) are introduced, which can be linearized through
the usage of big-M constraints. For brevity, the full list of the four sets big-M constraints are
not explicitly stated here, but the reader is referred to Section 4-3-3 or Bemporad and Morari
[67] for the procedure on how to construct these constraints. Additional auxiliary variables
for the heat exchanger enthalpy output in heating and cooling mode are also introduced as a
linear combination of existing variables

zH
out(k) = zH

h (k) − 1
ṁ

Q̇H
in(k), (5-27)

zC
out(k) = zC

h (k) − 1
ṁ

Q̇C
out(k). (5-28)

The resulting unified dynamical model is then written as

hh(k + 1) = hh(k) + ∆t

mh

(
ṁ
(
−zH

h (k) + cwTgwδH(k) + zC
out(k) − zC

h (k)
)

− Q̇h,l(k)
)

, (5-29)

hc(k + 1) = hc(k) + ∆t

mc

(
ṁ
(
zH

out(k) − zH
c (k) − zC

c (k) + cp,wTgwδC(k)
)

+ Q̇c,l(k)
)

, (5-30)

which are 2 equations unifying the heating and cooling mode dynamic models from Section 2-
2-3 into the MLD format.

Additional constraints are required on the heat exchanger output enthalpy in both operating
modes. In heating mode, the heat exchanger output mixes with the cold well; if its specific
enthalpy exceeds that of the cold well, the cold well is heated rather than charged, effectively
discharging both wells simultaneously. Since no cost or value is directly associated with the
stored energy in the wells, the controller would otherwise exploit these operating points freely.
Constraints are therefore added to prevent this:

zH
out(k) ≥ hc,minδH(k), (5-31)

zH
out(k) ≤ zH

c (k), (5-32)
zC

out(k) ≥ hh,maxδC(k), (5-33)
zC

out(k) ≤ zC
h (k). (5-34)

Note that no additional big-M constraints on zH
out and zC

out are needed, as the activation of
these constraints is implicitly handled through the dependence on δH , δC , zH

c , and zC
h .

A key challenge in the ATES system is ensuring that the thermal balance is maintained over
a full seasonal cycle. That is, the net heat injected into the system over a year should be zero
as described in Eq. (2-17). Since this constraint spans a timescale far longer than the MPC
horizon, it cannot be enforced directly as a hard constraint. Instead, an auxiliary state b(k)
is introduced to track the cumulative net heat injection into the ATES over the horizon

b(k + 1) = b(k) + ∆t
(
Q̇H

in(k) − Q̇C
out(k)

)
, (5-35)

where Q̇H
in is the heat pump input heat, extracted from the ATES, and Q̇C

out is the heat pump
output heat, injected into the ATES. Note that the subscripts "in" and "out" refer to the heat
pump perspective: Q̇H

in denotes heat entering the heat pump (i.e., extracted from the ATES),
while Q̇C

out denotes heat leaving the heat pump (i.e., injected into the ATES).
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5-2 Cost Function Design

The cost function in the EMPC problem is primarily designed to minimize operational costs.
The operational costs of the microgrid can be divided into two main components: (i) the
cost of importing and exporting electricity to the utility grid, and (ii) the degradation cost
of the battery. The grid costs are captured in the variable cg(k) defined in Eq. (5-2) and
can be directly minimized to minimize operational costs. The battery degradation cost from
Eq. (2-4) is also incorporated, resulting in the economic stage cost

ℓecon(cg, Pb) = cg + OMb|Pb|. (5-36)

The stage-cost also accounts for the constraint violation cost from the relaxed comfort band
constraints. This cost term is given as

ℓrel(sl, su) = βc(sl + su), (5-37)

where βc > 0 is a constant picked arbitrarily large such that Eq. (5-37) behaves similarly to
enforcing the comfort band as a hard constraint. The total stage cost is therefore the sum of
the economic and relaxation terms

ℓ(cg, Pb, sl, su) = ℓecon(cg, Pb) + ℓrel(sl, su), (5-38)

which is minimized at each time step subject to the constraints of the EMPC problem stated
in Eq. (5-44).

5-2-1 Full EMPC Optimization Problem

Before stating the full optimization problem, it is convenient to collect all the constraints
from the preceding sections into compact notation. The binary and auxiliary variables can
be collected in the vectors

δ(k) =



δb(k)
δg(k)
δH(k)
δC(k)
δH

PWA
δC

PWA


, z(k) =



zb(k)
zg(k)
cg(k)

zH
out(k)
zH

h (k)
zH

c (k)
zC

out(k)
zC

h (k)
zC

c (k)


, (5-39)

where δH
PWA and δC

PWA encompass all the binary variables introduced in heat pump PWA
approximations. The system dynamics in Eqs. (5-4), (5-7) to (5-9), (5-29), (5-30) and (5-35)
can then be collected into the generic map

x(k + 1) = f(x(k), x(k + 1), u(k), d(k), δ(k), z(k)). (5-40)

Recall that this mapping depends on both x(k) and x(k + 1), as the thermal dynamics in
Eqs. (5-7) to (5-9) are integrated via implicit Euler, whereas the rest of the system is integrated
via forward Euler.
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The auxiliary constraints in Eqs. (5-2), (5-3) and (5-6), the heat exchanger constraints in
Eqs. (5-27), (5-28) and (5-31) to (5-34), the mutual exclusivity constraints in Eq. (5-26), and
the unlabeled big-M constraints on zH

h , zH
c , zC

h , and zC
c can all be collected into the MLD

format as
E2δ(k) + E3z(k) ≤ E1u(k) + E4x(k) + E6d(k) + E5 (5-41)

in which E1, · · · , E6 are real matrices of appropriate dimension encoding all of the aforemen-
tioned constraints.

The heat pump PWA constraints stated in Eqs. (5-16) to (5-22) along with the corresponding
versions of Eqs. (4-19) and (4-20), as well as the other heat pump constraint in Eqs. (5-12),
(5-13), (5-24) and (5-25) can be collected into

CH(λH(k), Q̇H
out(k), ∆T H(k), Ẇ H(k), δH(k)) ≤ 0, (5-42)

for heating mode, and the corresponding

CC(λC(k), Q̇C
out(k), ∆T C(k), Ẇ C(k), δC(k)) ≤ 0, (5-43)

for cooling mode, with λ(·) = (λ(·)
1,1, λ

(·)
1,2, · · · , λ

(·)
i,j , · · · , λ

(·)
n,m)⊤.

Using the above definitions the EMPC optimization problem in full is then stated as

PE(t, xinit, dt) :



min
u,δ,z

N−1∑
k=0

ℓ(cg,k, Pb,k, sl,k, su,k) + Vf (t + N, xN )

s.t. xk+1 = f(xk, xk+1, uk, dk, δk, zk) ∀k ∈ I+
N−1

E2δk + E3zk ≤ E1uk + E4xk + E6wk + E5, ∀k ∈ I+
N−1,

CH(λH
k , Q̇H

out,k, ∆T H
k , Ẇ H

k , δH
k ) ≤ 0, ∀k ∈ I+

N ,

CC(λC
k , Q̇C

out,k, ∆T C
k , Ẇ C

k , δC
k ) ≤ 0, ∀k ∈ I+

N ,

x0 = xinit,

xN ∈ Xf (N),

(5-44)

where the constraint with matrices E1, · · · , E6 incorporates all the constraints which are not
explicitly referenced by label, such as the big-M constraints on zH

h and zC
c .

5-3 Terminal Constraint Set and Terminal Cost Construction

The EMPC formulation in Eq. (5-44) optimizes over a finite receding horizon and therefore
cannot, on its own, account for the seasonal objective of the ATES subsystem, whose charging
and discharging dynamics evolve over timescales far exceeding any practically implementable
prediction horizon. The purpose of this section is to construct terminal ingredients that encode
this long-term thermal balance requirement into the short-horizon optimization problem,
ensuring that the annual ATES balance constraint is satisfied while retaining the tractability
of receding-horizon control.
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Fig. 5-2: ATES temperatures (a) and energy balance (b) when controlling the system using
EMPC without terminal ingredients.

5-3-1 The Need for Terminal Ingredients

The EMPC formulation in Eq. (5-44) minimizes a finite-horizon economic objective over a
receding window of length N . Without terminal ingredients, the controller accounts for no
information beyond this horizon, resulting in myopic behavior with respect to economic con-
sequences past the optimization horizon. This is particularly problematic for CHP microgrid
EMS designs incorporating seasonal energy storage, where effective load shifting requires plan-
ning over timescales far exceeding the availability of meaningful electricity price and weather
forecasts [74]. For ATES systems this limitation is especially pronounced: the ratio of stored
thermal energy capacity to maximum charge/discharge power yields time constants of sev-
eral weeks to months [39], well beyond any practically implementable prediction horizon for
on-line optimization.

The myopic behavior is demonstrated in Fig. 5-2, which shows the ATES temperatures and
cumulative energy balance when the EMPC controller is applied without terminal ingredients
over an entire operational year. As Fig. 5-2b clearly shows, a substantial thermal imbalance
remains by the end of the year, violating the ATES operational constraint in Eq. (2-17).
This can be attributed to the controller consistently preferring heat pump operation over
the auxiliary boiler on economic grounds. The warm well is depleted until empty, with the
seasonal asymmetry in heating and cooling not providing sufficient heat injection into the
ATES to cause balanced yearly operation. Thus, without any mechanism to account for
satisfaction of the ATES operational constraint, balanced operation is not achieved. These
results motivate the construction of appropriate terminal ingredients to ensure that the ATES
balance constraint is satisfied.

Notably, no terminal constraint set is imposed on the battery state-of-charge. The time
constant of battery storage is typically on the order of hours rather than weeks or months,
and hence the relevant charging and discharging dynamics evolve well within the typical
EMS planning horizon. Consequently, the controller can adequately capture the long-term
impact of battery operation directly within the finite-horizon optimization problem, without
requiring additional terminal ingredients. The terminal constraint set and terminal cost are
therefore constructed specifically for the ATES subsystem only.
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Fig. 5-3: The control architecture used for the EMPC controller.

5-3-2 Surrogate Optimization Problem

In order to construct the terminal ingredients for the time-varying EMPC controller, a sur-
rogate optimization is introduced. This surrogate problem is based on a simplified version
of Eq. (5-44), in which the time step is taken to be a full day rather than 15 minutes. The
solution of the surrogate problem will then be used to inform the design of the terminal con-
straint set. The control architecture that will be used is also shown in Fig. 5-3. Notably,
because of the lack of accurate year-ahead forecasts, this planning is done in an open-loop
fashion, based on Typical Meteorological Year (TMY) data.

To accurately represent building heating and cooling demand over the course of an entire day,
the concepts of Heating Degree Days (HDD) and Cooling Degree Days (CDD) are applied
[75]. HDD and CDD convert hourly ambient temperature profiles into daily thermal energy
demand by aggregating the difference between the ambient temperature and a reference base
temperature, thereby quantifying the cumulative heating or cooling load required to maintain
a comfortable indoor temperature. For a given day, HDD and CDD are computed as

HDD = 1
24

24∑
h=1

max
(
Tbase − Td(h), 0

)
, (5-45)

CDD = 1
24

24∑
h=1

max
(
Tsol-air(h) − Tbase, 0

)
, (5-46)

where Td(h) is the ambient temperature at hour h, Tbase is a base temperature determined
by the building characteristics, and Tsol-air(h) is the sol-air temperature, which augments the
ambient temperature with a solar irradiance correction to account for solar heat gains through
the building envelope:

Tsol-air(h) = Td(h) + α

ho
s(h), (5-47)

where s(h) is the solar irradiance at hour h in W/m2, α is the solar absorptivity of the
building’s exterior surface, and ho is the external convective heat transfer coefficient. The
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ratio α/ho characterizes the thermal interaction between the building envelope and incident
solar radiation [76]. The solar irradiance correction is only applied to CDD, as solar heat
gains act to reduce heating demand rather than increase it, and are therefore neglected in the
HDD formulation to obtain a more conservative estimate of the heating demand.
All of the detailed thermal dynamics described in Eq. (3-5), and by extension the variable heat
pump COP model, will be ignored in the surrogate problem. Instead, these will be replaced
with a constraint on the daily thermal energy balance consisting of the heating, cooling, and
thermal demand. This is added as a soft constraint on the imbalance state ∆Q(t), defined as

∆Q(t) = Qdem(t) + (Q̇b(t) − Q̇c(t) + Q̇H
out(t) − Q̇C

in(t))∆t. (5-48)

The thermal demand Qdem(t) is positive when there is a heating demand and negative when
there is a cooling demand. The absolute value of ∆Q(t) is penalized, where the absolute value
can be implemented via linearization of absolute values as described in Section 4-3-2. The
cost term then becomes

ℓs
imb(∆Q) = βQ|∆Q|. (5-49)

Where βQ is a constant penalty term chosen arbitrarily large so that the relaxed constraint
is behaviorally identical to a hard constraint. As the ambient temperature profile cannot
be accurately forecasted one year ahead, TMY data is used to generate a thermal demand
profile. EnergyPlus Weather (EPW) files provide hourly meteorological data, including dry-
bulb temperature, and solar radiation, in a standardised format originally developed for
building energy simulation [77], making them well-suited for generating representative annual
thermal demand profiles. The EPW file used corresponds to De Bilt, Netherlands (WMO
station 062600), with records spanning 1949–2023 [78].
Because of the coarse time step, the electrical subsystem will be ignored. The time constant of
an electrical battery, defined in Eq. (2-5), is typically on the order of one to a few hours. Since
this time constant is much shorter than the time step of 24 hours, the battery dynamics are
ignored. It is assumed that all electricity will be bought from the grid against the historical
daily average electricity price. The resulting stage cost only consists of the electrical costs of
buying electricity to run the heating and cooling units to satisfy the thermal demand:

ℓs
cost(t, u) = c̃el(t)

(∆t

ηch
Q̇c + ∆t

ηb
Q̇b + ∆t

COPH Q̇H
out + ∆t

COPC Q̇C
out

)
, (5-50)

where c̃el(t) is the historical daily average electricity price in the Netherlands computed based
on data from the ENTSO-E API [1]. The disturbance signals for the electrical price and
thermal demand profile used when solving the surrogate problem are shown in Fig. 5-4.
Since the surrogate problem optimizes over a full operational year, the balance constraint
from Eq. (2-17) can be added explicitly in form

365∑
t=0

(Q̇H
in(t) − Q̇C

out(t))∆t = 0. (5-51)

In practice, enforcing this as a strict equality is both numerically undesirable and physically
unrealistic. A 24 hour time step introduces discretization errors that make exact annual
balance unattainable, so a tolerance ∆bmax is introduced such that∣∣∣∣∣

365∑
t=0

(
Q̇H

in(t) − Q̇C
out(t)

)
∆t

∣∣∣∣∣ ≤ ∆bmax, (5-52)
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Fig. 5-4: The disturbance signals used when solving the surrogate optimization problem.

where the absolute value can again be linearized to obtain a constraint compatible with the
MILP formulation.

The reduced set of states, inputs and disturbances for the surrogate problem are then

xs(k) =

hh(k)
hc(k)
b(k)

 , us(k) =


Ẇ H(k)
Ẇ C(k)
Q̇b(k)
Q̇c(k)

 , ds(k) =
[

c̃el(k)
Qdem(k)

]
, (5-53)

and the reduced set of binary and auxiliary variables are

δs(k) =
[
δH(k)
δC(k)

]
, zs(k) =



zH
out(k)
zH

h (k)
zH

c (k)
zC

out(k)
zC

h (k)
zC

c (k)


. (5-54)

These can then be used to express the constraints of the surrogate problem compactly. The
heat exchanger constraints in Eqs. (5-24), (5-27), (5-31) and (5-32) as well as their cooling
mode counterparts, the mutual exclusivity constraints in Eqs. (5-23) and (5-26), and the
heat pump first law constraints in Eqs. (5-12) and (5-13) are collected in the standard MLD
constraint representation

Es
2δs(k) + Es

3zs(k) ≤ Es
1us(k) + Es

4xs(k) + Es
6ds(k) + Es

5. (5-55)

The system dynamics from Eqs. (5-29), (5-30) and (5-35) can be represented compactly as

xs(k + 1) = fs(xs(k), us(k), ds(k), δs(k), zs(k)). (5-56)

Combining the above elements, the surrogate optimization problem is formulated as an MILP
over a horizon of 365 days. The problem takes as inputs the initial system state xs

init and
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sequence of disturbance vectors ds, and optimizes the daily dispatch of all thermal units over
the full year:

Psur(xs
init, ds) :



min
us,δs,zs

365∑
k=0

ℓs
imb(∆Qk) + ℓs

cost(k, uk)

s.t. xs
k+1 = fs(xs

k, us
k, ds

k, δs
k, zs

k), ∀k ∈ I+
364

Es
2δs

k + Es
3zs

k ≤ Es
1us

k + Es
4xs

k + Es
6ds

k + Es
5, ∀k ∈ I+

365,∣∣∣∣∣
365∑
k=0

(
Q̇H

in,k − Q̇C
out,k

)
∆t

∣∣∣∣∣ ≤ ∆bmax,

xs
0 = xs

init.

(5-57)

The decision variables are the continuous inputs us, comprising the heat pump power, boiler,
and chiller outputs, the binary variables δs encoding the discrete operating mode selec-
tions, and the auxiliary variables zs introduced by auxiliary constraints. The solution to
Psur yields an optimal annual operating trajectory under TMY conditions denoted b∗(t) =
arg minPsur(x, ds). This trajectory is subsequently used to construct the terminal constraint
set for the EMPC controller, which is defined as a neighbourhood of the optimal imbalance
trajectory. Notably, this trajectory is planned in an open-loop fashion, meaning the optimiza-
tion problem in Eq. (5-57) is solved once a priori, rather than being dynamically replanned
on-line.

5-3-3 Terminal Constraint Set

Solving Eq. (5-57) using historical average daily electricity price and a thermal demand profile
based on TMY data results in optimal trajectory b∗(t), shown in Fig. 5-5. This trajectory
is interpolated and used to construct the terminal trajectory for the EMPC problem. Theo-
retically, this should be added as a terminal equality constraint, as the aim is to satisfy the
thermal balance by the end of the year exactly. However, since the surrogate solves a simpli-
fied version of the problem, b∗(t) is not guaranteed to be reachable by the EMPC controller
at time t. To ensure feasibility, a relaxation is introduced as a tube around the target state:

Xf (t) = {b ∈ R | b∗(t) − ε ≤ b ≤ b∗(t) + ε}, (5-58)

where ε ≥ 0 is a tuning parameter controlling the tube width. As discussed in Section 4-2, it
is desirable to establish recursive feasibility of the EMPC problem. However, since the state
b∗(t) is not guaranteed to be reachable, the theory presented in Section 4-2 and McAllister
[58] cannot be applied directly, and recursive feasibility cannot be established via the usual
method of showing positive invariance of Xf . As a practical alternative, ε is tuned by trial-
and-error methods to find values that ensure Eq. (5-44) does not go infeasible during the
simulation.

5-3-4 Terminal Cost

Ideally the terminal cost Vf satisfies a Lyapunov decrease property on Xf under the terminal
control law, as this ensures that the problem remains feasible and has bounded degradation in
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the nominal economic performance when subject to bounded disturbances [58]. As discussed
in Section 4-2, constructing a terminal control law and terminal cost-to-go approximation
satisfying Eq. (4-7) is not straightforward. As mentioned in Section 5-3-3, b∗(t) is derived
from a simplified surrogate problem and is not guaranteed to be reachable by the EMPC
controller, and hence, the robustness argument from McAllister [58] does not apply in this
case. This also applies to the dissipativity results discussed in Section 4-2

In view of these difficulties, a pragmatic alternative is adopted, following approaches used in
the economic MPC literature for energy systems with storage states [45], [79]. The terminal
cost is chosen as a linear penalty on deviation of the terminal ATES imbalance from the
center of the terminal constraint set:

Vf (t, b) = γ |b − b∗(t)| . (5-59)

Since γ is chosen sufficiently large relative to the stage cost, it serves as an upper bound on the
marginal value of stored energy, ensuring the terminal cost dominates any remaining cost-to-
go. Furthermore, given the linear dynamics and stage cost, the Dynamic Programming (DP)
principle suggests the true cost-to-go is piecewise linear in b, lending further support to the
choice Eq. (5-59).

Without this terminal cost, the economic objective provides no incentive for the controller to
track b∗(t) closely within the terminal constraint set Xf (t): operating near the boundary of
the set may be economically cheap over the finite horizon, yet a terminal state at the boundary
of Xf (t) can easily lead to model mismatch or disturbances rendering Xf (t + 1) unreachable
after disturbance realisation at timestep t. The linear penalty Eq. (5-59) counteracts this
by imposing a cost that increases with deviation from b∗(t). When γ is chosen sufficiently
large, this penalty dominates the economic stage cost near the boundary of Xf (t), biasing the
terminal state toward the interior of the terminal constraint set and thereby increasing the
robustness to disturbances and model mismatch.

While this terminal cost does not satisfy the Lyapunov decrease condition required for formal
guarantees on robust recursive feasibility and economic performance degradation, it provides a
practical mechanism for discouraging boundary operation without requiring the construction
of a terminal control law. The weight γ is treated as a tuning parameter alongside ε, and is
selected such that the closed-loop simulation remains feasible and the annual ATES balance
constraint is satisfied over the full evaluation horizon.

5-4 Forecast Signal Generation

Acquisition of disturbance signals was discussed in Section 3-4. Practically speaking, the
MPC controller will not have perfect forecasting information available. In real-time appli-
cations, forecasts of disturbance signals are generated based on current and past weather
measurements and climate data [80]. The design and implementation of real-time forecasting
is considered outside the scope of this work. Instead, the focus of this work lies on the con-
troller design and its robustness to forecast imperfections. Providing the MPC controller with
exact, perfect disturbance forecasts would constitute an unrealistic benchmark that does not
reflect real-world conditions. Therefore, a deliberate mismatch is introduced by supplying the
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Fig. 5-5: Solution to the surrogate optimization problem, with (a) showing the ATES well
temperatures and (b) showing the imbalance state as well as cumulative heating and cooling
done by the heat pump.

controller with transformed versions of the true disturbance signals, so that the signals used
by MPC for planning differ from those actually experienced by the system.

In contrast to the weather-dependent disturbance signals, electricity prices do not require
forecasting in the context of the Dutch energy market. Day-ahead electricity prices for the
Netherlands are determined through the EPEX SPOT auction and published by 12:40 each
day for all hours of the following day [81], making the full price profile available at least
11 hours, and up to 35 hours, in advance. The price signal used by MPC can therefore be
treated as known exactly over the planning horizon, and no mismatch is introduced for this
disturbance.

Of the disturbance signals that do require forecasting, the electrical load forecast is arguably
the least realistic, as it is identical to the true load profile, but with no additive noise applied.
However, the implications of this simplification are limited. In a grid-connected microgrid,
any imbalance between supply and demand that arises from a load forecast error is absorbed
instantaneously by the grid interconnection, which acts as a slack resource. Consequently,
load forecast accuracy has a comparatively minor effect on controller performance in this
setting, and the idealization introduced here is not expected to significantly affect the validity
of the results.

The forecast mismatch for ambient temperature is introduced by applying a moving average
filter with window size W to the true temperature signal, which attenuates high-frequency
fluctuations while preserving the overall diurnal trend. For solar irradiance, the forecast
is constructed by applying a Gaussian filter (σ = 5) to smooth the signal, followed by a
time shift of k = 4 samples, which introduces a phase offset intended to reflect the imper-
fect temporal alignment typical of real-world irradiance forecasts. A notable limitation of
this approach is that the combination of smoothing and phase shift causes the forecast to
systematically lag behind the true signal, resulting in a one-sided mismatch: irradiance is
consistently underestimated, and overestimation does not occur. This is reflected in the neg-
ative Mean Bias Error (MBE) of −6.1 W/m2. In practice, real-world irradiance forecasts
exhibit errors in both directions, and this asymmetry represents a limitation of the chosen
signal transformation approach.
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Fig. 5-6: Comparison of forecasted disturbance signals given to MPC and the real disturbance
signals.

The resulting forecast errors are reported in Table 5-1 and are based on the same scenario
data used for the optimization problem in Section 5-3. Representative samples are also shown
in Fig. 5-6, showing this mismatch between the real signals and the artificially created forecast
signals. For temperature, the Mean Absolute Error (MAE) is 1.15 ◦C and the Root Mean
Squared Error (RMSE) is 1.51 ◦C, with an Normalized Root Mean Squared Error (nRMSE)
of 14.8% relative to the mean true temperature and a near-zero MBE of −0.001 ◦C, indicating
no systematic bias. These values are consistent with short-term outdoor temperature forecast
errors reported in the literature, where standard deviations of 1.2 ◦C to 2.2 ◦C are reported
for horizons ranging from 1-hour to 6-hours [82], [83]. For irradiance, computed over daytime
periods only to exclude the trivially accurate nighttime zeros, the MAE is 58.7 W/m2 and
the RMSE is 70.9 W/m2, yielding an nRMSE of 29.4% relative to mean daytime irradiance,
with a slight negative MBE of −6.1 W/m2. The irradiance nRMSE is consistent with values
reported in the literature for short-term Global Horizontal Irradiance (GHI) forecasting, where
nRMSE values in the range of 27%–37% are commonly observed across forecast horizons of
30 to 180 minutes [84], suggesting that the mismatch introduced here is representative of
realistic forecast uncertainty, despite being derived from signal transformations rather than
a dedicated forecasting model.

Table 5-1: Summary of forecast error metrics for ambient temperature and solar irradiance

Signal MAE RMSE nRMSE MBE
Temperature 1.15 ◦C 1.51 ◦C 14.8% −0.001 ◦C

Irradiance
(daytime)

58.7 W/m2 70.9 W/m2 29.4% −6.1 W/m2
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Chapter 6

Policy-Guided MPC Controller Design

This chapter presents the design of a PG-MPC controller for the microgrid presented in Chap-
ter 3. Conventional EMPC formulations, discussed in Section 4-2, characterize performance
relative to a steady state, which is ill-suited to the seasonal dynamics of the ATES system.
Additionally, as discussed in Sections 5-3-3 and 5-3-4, constructing appropriate terminal in-
gredients satisfying the required properties is difficult for the system under study. PG-MPC
addresses this by replacing the surrogate based terminal ingredients with ones derived from a
guiding policy, allowing performance to be characterized relative to a guiding policy instead.
The theoretical foundations of PG-MPC are first reviewed, covering recursive feasibility and
closed-loop performance guarantees, as well as the design of the terminal cost and terminal
constraint set. Building on this, a bang-bang dead-band guiding policy is designed to capture
the seasonal charging and discharging behavior of the ATES. The policy value function is then
approximated via Monte-Carlo rollouts and fitted using an artificial neural network (ANN),
from which time-varying Lipschitz constants are extracted to construct the terminal cost.

6-1 Policy-Guided MPC Fundamentals

This section will outline and discuss the important theory and results in PG-MPC that will
be used to justify the PG-MPC controller design. The algorithm will be described in detail, as
well as the theoretical properties that can be guaranteed. Design procedures for the terminal
constraint set and terminal value function will also be discussed. The theory presented in
Sections 6-1-1 and 6-1-2 is based on the work by Msaad and McAllister [23].

6-1-1 Introduction to PG-MPC

Conventional EMPC stability theory, discussed in Section 4-2, characterizes stability and
performance relative to a steady state (xs, us). This is problematic in EMS applications,
where a steady state may be suboptimal compared to other trajectories. PG-MPC addresses
this by constructing the terminal cost and terminal constraint set based on a guiding policy

Master of Science Thesis G.D. Voogt



52 Policy-Guided MPC Controller Design

π(·), so that performance is characterized relative to the guiding policy rather than a steady-
state solution.
The guiding policy must be admissible, but is otherwise unrestricted and can be obtained in
many ways: from domain knowledge (e.g., Rule Based Control (RBC)), data-driven methods
(e.g., RL or approximate dynamic programming (ADP)), or existing controllers such as a
PID-like policy. Notably, the guiding policy is not required to be optimal, nor even an
approximation of an optimal policy. However, one practical consideration is that the guiding
policy should be fast to evaluate relative to the MPC solver, as it is evaluated at every time
step.
At the first time step, the guiding policy is rolled out over the full MPC horizon N to determine
the terminal constraint set center xf . Specifically, xf = ϕπ(N ; x(0)), where ϕπ(k; x) denotes
the state reached after applying policy π(·) for k steps starting from the initial state x. The
MPC problem from Eq. (4-2) is then solved with Xf (xf ) some compact set centered at xf ,
yielding a terminal state x0(N ; x, xf ) ∈ Xf (xf ). At the next time step, the terminal constraint
set center is updated by rolling out the policy for a single step from the previous MPC
terminal state x0(N ; x, xf ). The next terminal constraint set center is thus not dependent on
the previous terminal constraint set center, but instead based on the previous terminal state:

x+
f = π(x0(N ; x, xf )). (6-1)

This procedure is also shown in Fig. 6-1, illustrating the propagation of the terminal constraint
set over time relative to both the policy and MPC trajectories. Because MPC is free to select
any x ∈ Xf (xf ), and the next center propagates from x0(N ; x, xf ) rather than xf , the center
can drift over time relative to the pure policy rollout trajectory. The extent of this drift at
each step is governed by the size of Xf (xf ), which bounds the per-step deviation, and by the
terminal cost Vf (x, xf ), which penalizes off-policy terminal states.
Two limiting cases recover on-policy behavior at the terminal time. First, if Xf (xf ) is a
singleton, i.e., the terminal constraint x(N) = xf is enforced exactly, the optimizer has no
freedom and always acts on-policy. Second, if Vf (x, xf ) is sufficiently large such that no cost
savings over the horizon can offset the cost of deviating from xf , the optimizer will again
choose x(N) = xf regardless of the constraint set size. In the microgrid EMS context, this
second condition means that no amount of load shifting or input allocation over the horizon
justifies acting off-policy at the end of the horizon.

6-1-2 Theoretical Properties

The construction of terminal ingredients in PG-MPC differs fundamentally from conventional
EMPC. In conventional EMPC, discussed in Section 4-2, the terminal set is rendered positive
invariant by the terminal control law, under which the terminal cost also satisfies a Lyapunov
decrease property. Because these arguments do not apply to PG-MPC, new theory is required
to establish guarantees on recursive feasibility and closed-loop performance relative to the
guiding policy.
In PG-MPC the terminal constraint set is typically defined to be an n-sphere or box around
the terminal state xf , but in principle can be any compact set centered at xf . Explicitly, the
terminal constraint set can be given as

Xf (xf ) = {x ∈ X | |x − xf | ≤ τ}, (6-2)
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Fig. 6-1: An example of two time steps using the PG-MPC controller.

where | · | denotes any p-norm. Remarkably, the terminal constraint set in the context of
PG-MPC is not required to be positive invariant with respect to a terminal control law.
Despite this, recursive feasibility of the PG-MPC optimization problem can be established.
Under the standard MPC assumptions [57, Assumption. 2.2-2.3] and admissibility of the
policy, it can be shown that the PG-MPC optimization problem is recursively feasible [23,
Lemma. 1]. Intuitively, this property holds because the terminal constraint set center x+

f is
propagated from the MPC terminal state x0(N ; x, xf ) ∈ Xf (xf ) via the admissible guiding
policy, ensuring that a feasible solution always exists at the next time step by following the
policy over the remainder of the horizon.

Performance guarantees of the PG-MPC algorithm can be established relative to the guiding
policy. Consider the policy value function Jπ(x) defined as the infinite horizon cost of the
policy

Jπ(x) =
∞∑

k=0
ℓ(ϕπ(k, x), π(ϕπ(k; x))). (6-3)

Under the assumption that Jπ(x) < ∞, and provided that the terminal cost satisfies [23,
Lemma. 2]

Vf (x, xf ) ≥ Jπ(x) − Jπ(xf ), (6-4)

along with Vf (xf , xf ) = 0, it can be shown that the PG-MPC closed-loop transient perfor-
mance satisfies

T −1∑
k=0

ℓ(x(k), u(k)) ≤ Jπ(x), (6-5)

for all T ≥ 1 [23, Theorem. 1]. Here, x(k) and u(k) denote the state and input at time
k resulting from the PG-MPC control law in the closed loop. Hence, Eq. (6-5) states that
the PG-MPC closed-loop cost is upper-bounded by the cost of the policy rollout. The key
condition for this result is that the terminal cost Vf (x) serves as an over-approximation of
the cost increase resulting from acting off-policy, as expressed in Eq. (6-4).

The case that x is scalar will be considered moving forward, but it should be kept in mind
that the stated theory generalizes to x ∈ Rn. In the case that Jπ(x) is Lipschitz continuous,
a sufficient condition for satisfying Eq. (6-4) globally is to choose the terminal cost as

Vf (x) = ρ|x − xf |, (6-6)
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Xf
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xf

x
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Jπ(x)− Jπ(xf )Vf (x) = L+(x − xf )
+

+ L−(x − xf )
−

xf

x

Fig. 6-2: Two examples of construction of terminal cost that satisfies Eq. (6-4), with left based
on the global Lipschitz constant, and right based on the directional Lipschitz constants L+ and
L− relative to xf . Notation: (x − xf )+ = max(x − xf , 0), (x − xf )− = max(−(x − xf ), 0).

with ρ ≥ L, where L is the Lipschitz constant of Jπ(x). This suffices for Eq. (6-4) since Jπ(xf )
is constant in x, and Lipschitz constants are invariant under the addition of constants. Note
that, as illustrated in Fig. 6-2, the Lipschitz constant might be a conservative approximation
in particular directions of the state-space. In the context of microgrid energy management
this might occur when the costs associated with having more or less charge in energy storage
systems are asymmetric. To construct a terminal cost that still satisfies Eq. (6-4) the Lipschitz
constants can be defined in the negative and positive direction relative to xf . This is also
shown in the right panel of Fig. 6-2. In this case, the terminal cost is given as the piecewise-
linear function

Vf (x, xf ) =
{

L+(x − xf ), x ≥ xf ,

L−(xf − x), x < xf .
(6-7)

Here, L− represents the worst-case marginal cost increase in the negative direction relative
to xf , while L+ does the same in the positive direction. Because the Lipschitz constants
represent the worst-case cost increase, it directly follows that Eq. (6-7) over-approximates the
true marginal cost increase Jπ(x)−Jπ(xf ) in either direction and therefore satisfies Eq. (6-4).
Thus, Eq. (6-7) can be used as a terminal cost in the PG-MPC algorithm, providing a less
conservative alternative to Eq. (6-6).

As an alternative, the terminal cost can be constructed on-line as a local linearization of Jπ(x)
centered at xf , yielding a structure similar to Eq. (6-7). The advantage of this approach is that
it exploits the local properties of Jπ(x), leading to less conservative performance compared to
the Lipschitz bound. In particular, the Lipschitz constant based terminal cost by definition
associates an increase in cost with all direction in the state-space, whereas local linearization
can account for directions in the state-space having a zero (or negative) gradient. However,
care should be taken as the role of the terminal constraint set changes in when using this
approach. Rather than acting purely as a design parameter governing the allowable drift
from the on-policy trajectory, it must be designed carefully to ensure that terminal states are
constrained to a region where Eq. (6-4) is known to be satisfied.
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Fig. 6-3: A block diagram showing the PG-MPC control architecture.

6-2 Policy-Guided MPC Controller

The controller design discussed in Chapter 5, along with the optimization problem stated in
Eq. (5-44) remain identical for the PG-MPC controller. The key difference relative to the
EMPC controller is the design of the terminal ingredients. The design of these ingredients
in the context of PG-MPC is discussed in Section 6-1. This section proceeds with the design
of the guiding policy and corresponding terminal ingredients for the CHP microgrid system
described in Chapter 3, the overall architecture of which is shown in Fig. 6-3.

6-2-1 Policy Design

Fundamentally, the guiding policy will be designed to achieve the same task as the terminal
constraints for the EMPC controller as discussed in Section 5-3-1. The guiding policy should
be designed to ensure that the thermal balance is satisfied by the end of the year. There are
a multitude of possible approaches for devising a policy which manages the ATES system,
including methods such as RL and ADP to construct approximations of the optimal control
policy. An example of this is given by Msaad et al. [24] in a greenhouse climate control
setting, who apply an RL-guided MPC scheme that follows the same structure as PG-MPC,
including the use of the learned policy for terminal constraint set construction. The results
indicate performance gains relative to MPC at shorter horizons despite the authors remarking
that the RL policy underperforms relative to the other controller evaluated. However, for the
purpose of this thesis, a deliberately simple RBC will be used as this is both straightforward
to design and implement, easy to interpret, and sufficient in showing the key advantages of
the PG-MPC framework.

Inspecting the solution to the surrogate optimization problem in Fig. 5-5 reveals there is a
clear seasonal trend in the charging and discharging of the thermal storage. Ideally, the policy
design should reflect this seasonal trend, motivating the usage of reference tracking policy that
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Fig. 6-4: Representation of dead-band policy behavior over time at different values of the imbal-
ance state b.

attempts to track a sinusoidal trajectory on the imbalance. The ATES dynamics have both
an upper- and lower-bound to the amount of heat that can be extracted. Because of this,
the simplest possible policy design is a bang-bang dead-band controller, with the dead-band
being around a time-varying trajectory b̃(t). The policy is then a function π : T × R →
{Q̇H

in,max, 0, Q̇C
out,max}, such that the policy always pushes the imbalance state b back to the

dead-band with maximum control effort. The dead-band will be defined as b̃(t) ± ∆, with
∆ ≥ 0 the dead-band width. The reference signal b̃(t) is taken as a sinusoid

b̃(t) = A sin
(

2π

Nyear
t

)
, (6-8)

where A is the design amplitude and Nyear is the number of time steps in a year. The policy
can then be written as:

π(t, b) =


Q̇H

max, if b < b̃(t) − ∆,

Q̇C
max, if b > b̃(t) + ∆,

0, otherwise .

(6-9)

A schematic representation of the policy behavior over an operational year is shown in Fig. 6-4,
illustrating how the (t, b) space is partitioned into regions relative to the dead-band. Outside
the dead-band, the policy applies maximum effort to drive b back towards it: maximum
cooling above and maximum heating below.

6-2-2 Terminal Value Function Construction

As discussed in Section 6-1-2, the terminal value function Vf should be chosen such that
it is an over-approximation of Jπ(x) − Jπ(xf ), which is the additional cost incurred from
acting off-policy. An approximation of Jπ can be constructed via Monte-Carlo rollouts of
policy π(t, b) for a random sample of initial conditions {(t(i)

0 , b
(i)
0 )}m

i=0, yielding a dataset
D = {(t(i)

0 , b
(i)
0 , Jπ(t(i)

0 , b
(i)
0 ))}m

i=0 of initial conditions and their associated rollout costs. The
rollout cost is determined by a stage cost ℓ(t, Ẇ H , Ẇ C), capturing instantaneous operational
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costs, and a terminal cost ℓT (b), capturing the cost of remaining imbalance on the final day
of the year. The stage cost captures the electrical costs of injecting and extracting energy
from the ATES system as

ℓ(t, Ẇ H , Ẇ C) = c̃el(t)(Ẇ H + Ẇ C)∆t, (6-10)

where Ẇ H and Ẇ C are obtained from the policy actions Q̇H
max and Q̇C

max via the constant
COP approximation, and c̃el(t) is taken as the hourly average electricity price over the period
2020–2025.
The terminal cost ℓT (b) reflects the economic cost of ending the year with a non-zero im-
balance. Any remaining imbalance must be resolved by supplying thermal energy from an
auxiliary source. Here, the boiler is assumed to supply the heating required to discharge
remaining cooling imbalance, and the chiller is assumed to supply the cooling required to
discharge remaining heating imbalance. The associated cost consists of two parts: (i) the
electrical cost of running the heat pump to rebalance the ATES, and (ii) the additional cost
of operating the boiler or chiller to provide the required thermal energy. Note that there is
also an opportunity cost arising from the ATES being unavailable for heating during January
while rebalancing, which is not explicitly accounted for. Instead, the maximum observed
electricity price is used as a conservative proxy for the true cost of imbalance, giving

ℓT (b) = max
t

(c̃el(t))
(

b−
( COPH

COPH − 1 + 1
ηch

)
+ b+

( COPC

COPC − 1 + 1
ηb

))
, (6-11)

where b+ = max(b(T ), 0) and b− = max(−b(T ), 0) denote the remaining heating and cooling
imbalance respectively. The COP

COP−1 terms convert imbalance to electrical energy via the ATES
heat pump, while 1

ηb
and 1

ηch
capture the additional electrical cost of operating the boiler and

chiller to supply the rebalancing thermal energy. The empirical policy value function is then
given by the sum of the stage and terminal costs accumulated along the policy rollout:

Jπ(t0, b0) =
T −1∑
k=t0

ℓ(k, Ẇ H(k), Ẇ C(k)) + ℓT (b(T )). (6-12)

Note that Jπ(t0, b0) is finite by construction, and hence satisfies the property Jπ(x) < ∞, as
the policy rollout is defined over a finite horizon.
Value function approximation has been studied extensively, with methods ranging from radial
basis functions and spline interpolation to Gaussian processes and linear basis function archi-
tectures [85, Ch. 7]. Here, the approximation is formulated as a supervised learning problem,
training an ANN with parameters θ to map initial conditions to an approximation of their
associated empirical cost such that J̃θ

π(t, b) ≈ Jπ(t, b). The resulting loss function is then

L(θ, D) = 1
Ns

Ns∑
i=1

(
J̃θ

π(t(i)
0 , b

(i)
0 ) − Jπ(t(i)

0 , b
(i)
0

)2
, (6-13)

which is minimized using the ADAM optimizer [86]. A neural network is chosen primarily
because the Lipschitz constants of this surface will be needed for construction of the time-
varying terminal cost. The time-varying Lipschitz constants can be found as the upper-bound
on the gradient of the value function at fixed t:

L(t) = max
b

∂J̃θ
π(t, b)
∂b

∣∣∣∣∣
t

, (6-14)
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which is easily obtained efficiently and exactly via automatic differentiation [87].

Since the heat pump COP differs between heating and cooling modes, it is desirable to
incorporate this asymmetry into the terminal cost structure. Several approaches exist for
achieving this. One option is to embed the ANN directly into the MILP, which is possible
when using a multilayer perceptron with ReLU activations [88], [89]. However, this approach
is computationally intractable even for small networks, as each neuron introduces a binary
variable and a big-M constraint [90]. A second option is to replace the ReLU activations with
tanh and construct an online local linearization of J̃θ

π(t, b). While this better captures local
properties of the value function, it requires careful tuning of the terminal constraint set to
ensure that Eq. (6-4) remains satisfied within this set.

The simplest approach, and the one adopted here, is to use directional Lipschitz constants
relative to the reference trajectory b̃(t). Define

L+(t) = max
b̃(t)≤b≤bmax

∂J̃θ
π(t, b)
∂b

∣∣∣∣∣
t

, L−(t) = max
bmin≤b≤b̃(t)

∂J̃θ
π(t, b)
∂b

∣∣∣∣∣
t

, (6-15)

where L+(t) and L−(t) are the Lipschitz constants associated with deviating from b̃(t) in
the positive (excess heating) and negative (excess cooling) directions, respectively. These
constants have a natural economic interpretation: L+(t) and L−(t) represent the worst-case
marginal cost of increasing the imbalance in either direction at time t relative to the reference
trajectory. This approach conveys more local information about the value function than a
single global Lipschitz constant, while preserving the PG-MPC guarantees. A further practical
advantage is that L+(t) and L−(t) can be computed off-line, avoiding any additional online
computation.

Using the directional Lipschitz constants, the terminal cost can be constructed following
Eq. (6-7), resulting in

Vf (b, bf ) =
{

L+(b − bf ), b ≥ bf ,

L−(bf − b), b < bf ,
(6-16)

which captures the economic cost associated with deviating from the on-policy terminal state
bf in either direction.

The approximate value function surface and the resulting time-varying directional Lipschitz
constants are shown in Fig. 6-5. For interpretability, the surface displayed is the shifted
value function J̃θ

π(t, b) − J̃θ
π(t, ϕπ(t; b̃(t))), which subtracts the on-policy cost at each time

step. Since J̃θ
π(t, b̃(t)) is constant in b, this shift does not affect the Lipschitz constants and

therefore leaves the terminal cost construction unchanged. The shifted surface is zero along
the reference trajectory b̃(t) by construction, making deviations from the on-policy behavior
directly visible.

6-2-3 Terminal Constraint Set Design

The terminal constraint set Xf (bf ) is defined as a box constraint around the terminal con-
straint set center xf :

Xf (bf ) = {b ∈ R | |b − bf | ≤ ∆f }, (6-17)
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Fig. 6-5: The approximate value function surface along with its time-varying directional Lipschitz
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where ∆f ≥ 0 is the half-width of the terminal constraint set. As discussed in Section 6-1-2,
Xf is not required to be positive invariant, and can be treated as a pure design parameter
limiting the allowable drift of the terminal state away from the on-policy trajectory. A larger
∆f grants the PG-MPC controller more freedom to deviate from the guiding policy at the
end of the horizon, potentially improving short-horizon performance at the cost of acting
less on-policy. Conversely, a smaller ∆f more closely constrains the optimizer to follow the
guiding policy, resulting in overall slower drift from the on-policy trajectory. It should also
be noted that ∆f interacts directly with the terminal cost Vf : a large terminal cost relative
to ∆f will naturally discourage the optimizer from exploiting the full extent of the terminal
constraint set, while a small terminal cost may allow excessive drift.

6-2-4 Full PG-MPC Problem

The additional constraints introduced for modeling the piecewise terminal cost using the
procedure outlined in Section 4-3-3 are collected into the full set of MLD constraints given in
Eq. (5-41). All other constraints discussed in Section 5-2-1 remain identical for the PG-MPC
controller. The full statement of the PG-MPC problem is identical to Eq. (5-44), where in
the PG-MPC case, Vf and Xf correspond to Eqs. (6-6) and (6-17) respectively.

Master of Science Thesis G.D. Voogt



60 Policy-Guided MPC Controller Design

G.D. Voogt Master of Science Thesis



Chapter 7

Case Study

This chapter presents the experimental setup, simulation results, and discussion for the eval-
uation of the PG-MPC controller against the EMPC baseline. The chapter is structured
as follows. Section 7-1 describes the experimental setup, including the weather scenarios
and electricity price profiles used to evaluate controller performance. Section 7-2 defines the
performance metrics used for the comparative analysis. Section 7-3 presents the simulation
results across all four scenarios, and Section 7-4 discusses the results in terms of operational
cost, constraint satisfaction, and controller behavior, concluding with a reflection on the role
of policy design and the robustness of the PG-MPC framework.

7-1 Experimental Setup and Scenarios

This section describes the simulation scenarios and performance metrics used to evaluate both
controllers. The scenarios are constructed to span a representative range of climatological
and electricity market conditions relevant to the Netherlands, allowing the sensitivity of both
controllers to year-specific variability to be assessed.

7-1-1 Weather

To evaluate the performance of the EMS under a range of climatological conditions represen-
tative of the Netherlands, four annual simulation scenarios are considered. The scenarios are
constructed using weather data retrieved from the KNMI EDR API [53]. The scenarios are
selected to span a range of summer thermal conditions relevant to the building cooling loads
and photovoltaic generation profiles.

Although the scenarios are evaluated over a full operational year, the summer profile is the
main driver for inter-scenario variability. The thermal balance of the ATES system requires
that energy extracted when heating in winter and injected during cooling in summer must
remain balanced. In the Netherlands, this annual balance is asymmetric. Heating demand in
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the winter is reliably larger than cooling demand in summer. The summer cooling introduces
uncertainty as the magnitude of cooling demand varies substantially from year to year. As the
heating from thermal storage is cheap compared to using the auxiliary boiler, the operational
costs are mainly impacted by the cooling demand profile during summer, as this is the main
driver for available heating during the winter season. The four scenarios are therefore selected
to systematically span varying summer conditions observed in the Netherlands.

The reference scenario uses a TMY sourced from EPW data [78]. This scenario represents
statistically average conditions based on measurements from De Bilt in the Netherlands during
the period 1949–2023 and serves as the baseline against which all other scenarios will be
compared. The EPW is used to characterise nominal controller behavior. Additionally, the
EPW data will be used to generate thermal demand profiles for the baseline EMPC controller.
As forecasting the temperature profile a year ahead is not feasible, it is standard practice to
use TMY data for assessing building thermal demand [91].

The weather data from the year 2021 is used to represent a year with a near-average to
mild summer. With a mean temperature close to the long term, this scenario produces
moderate cooling demand and serves as a test case which approaches TMY conditions while
still capturing realistic, year-specific variability in solar irradiance and thermal load profiles.

The 2025 scenario represents a moderately warm year, with two official heatwaves recorded
and above-average temperatures across multiple months, providing an intermediate scenario
between the average and extreme cases. Given projections of increasing heat extremes in
the Netherlands across all emission scenarios [92], [93], conditions such as those observed in
2025 are likely to become increasingly representative of future Dutch summers, making it a
relevant scenario for evaluating controller performance.

Finally, the 2018 scenario is used to represent a year with a particularly hot summer. The
summer of 2018 is the warmest meteorological summer on the record in the Netherlands,
resulting in sustained elevated cooling loads. This scenario is used to assess robustness under
high thermal demand.

Table 7-1 shows a summary of the scenarios discussed above. The difference in scenarios is
also shown in Figs. 7-2a and 7-2b, showing the amount of cumulative CDD and the cumulative
solar irradiance. It is worth noting that, as presented in Fig. 7-2a, 2025 started as hot as 2018,
particularly in the months April up until July. However, this heat was not sustained beyond
July, justifying the categorization of 2025 as a moderate scenario rather than an extreme
scenario. These trends can also be observed in Fig. 7-1, showing the 2018 and 2025 scenarios
reach monthly average temperatures higher than 10 ◦C by April.

Table 7-1: Overview of the discussed assessment scenarios to be used to evaluate controller
performance.

Scenario Year Summer Character Role Seasonal Mismatch
TMY - Climatological average Nominal baseline 329 MWh

Mild 2021 Near-average Low cooling demand 322 MWh

Moderate 2025 Moderately hot, two heat
waves

Moderate to high cooling de-
mand

252 MWh

Extreme 2018 Hottest summer on record High cooling demand 260 MWh
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Fig. 7-1: The monthly average temperature across all four scenarios.
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Fig. 7-2: Cumulative solar irradiation across the four scenarios, highlighting inter-scenario vari-
ability in cooling demand (a) and PV generation potential (b).

7-1-2 Energy Prices

Another important aspect distinguishing the scenarios is the electricity price profiles. As
discussed in Section 3-4, the prices are obtained from historical spot market data for the
Netherlands. The TMY scenario uses a price profile constructed as the hourly average over
the preceding five years. Table 7-2 summarises the key statistics by scenario, Fig. 7-4 shows
the corresponding price duration curves, and Fig. 7-3 shows the monthly average electricity
prices.

The TMY scenario shows the highest mean price but a low coefficient of variation, with limited
mean daily spread and few negative price hours. The relatively stable character of this profile
is a direct consequence of multi-year averaging, which smooths out the year-specific volatility
present in the historical scenarios.

The 2021 scenario has a high mean price and the highest coefficient of variation across all
scenarios, reflecting the energy market turbulence driven by rising gas prices during this period
[94]. Fig. 7-3 shows that the electricity mean monthly electricity price remained constant up to
and including June. After this period, both the mean and standard deviation of the monthly
electricity price start to increase. Despite the volatility, negative price hours remain limited.
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Fig. 7-3: The monthly average electricity price across all four scenarios, showing the temporal
trends of the statistics listed in Table 7-2

Renewable penetration, in particular wind, was comparatively lower in 2021 [2], and as wind
power is identified as the primary driver of negative electricity prices [95], this is consistent
with renewable curtailment not yet being a dominant market feature at the time.

The 2025 price profile is characterised by a moderate mean price and coefficient of variation,
yet exhibits by far the highest mean daily spread and number of negative price hours across
all scenarios. This divergence highlights that Coefficient of Variation (CV) alone does not
fully capture the structure of price volatility relevant to EMSs. The 2025 profile features large
intraday price swings driven by periods of near-zero or negative midday prices, followed by
elevated evening prices. This pattern is consistent with the substantial growth in renewable
generation capacity in the Netherlands between 2019 and 2025, rising from 19% to over 50%
[2], which increasingly suppresses midday spot prices while leaving peak demand periods un-
affected. This further reinforces 2025 as a scenario representative of expected future operating
conditions.

The 2018 scenario has the lowest mean price and lowest volatility across all metrics. With
a limited share of renewable generation, dispatchable gas-fired plant set the marginal price
for the majority of hours, resulting in a price profile that closely mirrors gas price dynamics,
which is a well-documented relationship in liberalised European power markets [94].

Table 7-2: Summary of electricity price profile statistics for each scenario

Scenario Year Mean Price CV Mean Daily Spread Negative Price Hours
[€/kWh] [%] [€/kWh] [h]

TMY - 0.109 38.1 0.096 13.0

Mild 2021 0.101 73.3 0.108 94.75

Moderate 2025 0.087 56.7 0.146 521.75

Extreme 2018 0.052 33.5 0.064 7.0
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Fig. 7-4: The price duration curves for all four scenarios. The 2018 and TMY scenarios showing
stable electricity prices compared to the more volatile 2021 and 2025 scenarios.

7-2 Performance Metrics

The performance of both controllers is evaluated across three main metrics. The first is
operational cost, capturing the total economic cost incurred over the simulation year. The
second is temperature comfort constraint satisfaction, measuring the extent to which the
building zone temperature remains within the prescribed comfort band. The third is thermal
balance constraint satisfaction, assessing whether the ATES system achieves the required
end-of-year heat balance. These three metrics are evaluated jointly rather than in isolation,
since improvements in one may come at the expense of another.

The operational costs capture the total economic cost incurred over the simulation year.
This comprises two components: the net cost of exchanging power with the electricity grid,
determined by a time-varying import and export cost, and the battery degradation cost, which
accumulates as a function of charging and discharging power over the year. Together, these
represent the primary economic objective that both controllers are designed to minimize.
Operational costs are reported as cumulative costs over the simulation year, allowing the
relative performance of both controllers to be assessed not only at year-end, but also in terms
of the timing of cost accumulation throughout the year, which can reveal differences in control
strategy that a single end-of-year figure would otherwise obscure.

Comfort constraint satisfaction is assessed by examining the cumulative constraint violation
penalty incurred over the simulation year. A penalty is incurred at each timestep at which
the building zone temperature falls outside the comfort band of 20–21 ◦C, proportional to
the magnitude of the violation. Reporting the cumulative violation penalty alongside the
operational cost allows the cost savings of one controller relative to the other to be assessed
in the context of whether those savings are achieved at the expense of comfort constraint
satisfaction, rather than from a genuine improvement in operational efficiency.

Thermal balance constraint satisfaction is assessed by examining the cumulative heat injected
and extracted from the ATES system over the full operational year. A thermally balanced
system requires that the balance between extracted and injected heat sums to zero by the
end of the year, as expressed in Eq. (5-52). Rather than reporting only the end-of-year
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balance, the full cumulative trajectory is examined for each scenario, as the path by which
both controllers achieve the final balance is informative of the underlying control strategy
and its interaction with the seasonal demand profile.

7-3 Simulation Results

This section presents the simulation results for both the EMPC and PG-MPC controllers
across the four scenarios defined in Section 7-1. The results are first presented for the TMY
scenario as a representative overview of nominal system behavior, before proceeding to the
comparative analysis across all scenarios. The comparative analysis presents the metrics
discussed in Section 7-2 for both the EMPC controller designed in Chapter 5 and the PG-MPC
controller designed in Chapter 6, allowing the two controllers to be compared directly under
identical disturbance conditions.

7-3-1 Nominal System Trajectory

This subsection presents the full system state and input trajectories of both the EMPC
baseline controller and the PG-MPC controller under the TMY scenario, serving as a repre-
sentative overview of nominal system behavior. The TMY scenario is chosen for this purpose
as it represents statistically average climatological conditions. These results are not meant
as a performance index, but rather to establish that the simulated system exhibits physically
plausible behavior for both controllers before proceeding with the comparative analysis. This
step is a necessary precursor to the comparative analysis, since any quantitative compari-
son would be of limited value if the underlying system behavior were not first shown to be
physically sound.

Figs. 7-5a and 7-5b shows the evolution of all relevant system states and control inputs over
the simulation year. Particularly, the temperatures, battery state of charge, thermal inputs,
and electrical inputs are shown. The expected seasonal structure of the Dutch climate is
clearly visible in the charging and discharging of the ATES wells. This seasonal trend can be
seen in Fig. 7-5a, with the well temperatures decreasing in winter at the start and end of the
year, and increasing during the summer in the middle of the year. The battery state of charge
follows a diurnal pattern in response to the available PV generation. The observed patterns
indicate that the system simulation behaves as expected and is physically consistent.

Figs. 7-6a and 7-6b show the corresponding system trajectories for the PG-MPC controller
under the same TMY scenario. The overall system behavior is qualitatively similar, with the
ATES well temperatures showing a similar seasonal trajectory, and the battery showing a
similar diurnal cycle. This is as expected, as both controllers are operating using the same
disturbance signals and the main difference between the two controllers is in the design of
the terminal ingredients, which only affects the ATES charging and discharging behavior.
The PG-MPC controller can therefore also be considered physically consistent, and both
controllers are taken forward for the purpose of comparative analysis in the next subsection.
Any quantitative differences observed in that analysis can therefore be attributed primarily to
the terminal ingredient design, rather than to differences in the underlying system response.
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Fig. 7-5: Nominal system states and inputs using the time-varying EMPC baseline controller
using the TMY disturbance signals.
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Fig. 7-6: Nominal system states and inputs using the PGM-MPC controller using the TMY
disturbance signals.
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Fig. 7-7: Cumulative operational cost and cumulative constraint violation penalties for both the
EMPC and PG-MPC controllers for the TMY scenario.

7-3-2 Comparative Analysis

Section 7-3-1 shows the baseline simulation results for an entire year. This section will analyze
comparatively the performance of both controllers under the metrics defined in Section 7-2
for each scenario.

Scenario - TMY

Fig. 7-7a shows the cumulative operational cost for both controllers under the TMY scenario.
The PG-MPC controller shows a different trajectory compared to the EMPC controller, with
the PG-MPC controller exhibiting lower operational costs throughout the year, but seeing
a sharp increase at the start of November. The PG-MPC controller achieves a final cost of
€18,580, compared to EMPC achieving a final cost of €17,945. Hence, the operational cost
of the PG-MPC controller is higher by 3.54% compared to the baseline EMPC controller for
this scenario. Fig. 7-7b shows that similar initial penalties for both EMPC and PG-MPC at
the start of the year due to initialization outside of the comfort band. PG-MPC incurs more
violation penalties across the operational year compared to EMPC. Particularly, from March
forward with substantially more constraint violation penalty accumulated in September.

The trajectories for the well temperatures and thermal imbalance are shown in Fig. 7-8. Both
controllers end the year with no remaining imbalance. The EMPC controller perfectly tracks
the surrogate solution, as the surrogate solution for this scenario and the trajectory used
for the EMPC controller are the same. The PG-MPC shows significant deviation from the
surrogate trajectory throughout the entire year. Particularly early in the year, the PG-MPC
controller closely follows the policy trajectory, but from March forward the PG-MPC con-
troller shows significant deviation from the policy trajectory. The well temperature trajec-
tories reflect the expected seasonal trajectories for both controllers throughout January up
until November. From the November through to the end of December, the PG-MPC shows
deviation from the expected discharging of the hot well and charging of the cold well during
the winter months. This is also supported by the imbalance trajectory indicating that the
PG-MPC controller is injecting thermal energy into the ATES (i.e., cooling the reservoir)
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Fig. 7-8: Hot and cold well temperatures, as well as thermal imbalance trajectories for both
EMPC and PGMPC for the TMY scenario.
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Fig. 7-9: Building temperature for both EMPC (left) and PGMPC (right) over the operational
year for the TMY scenario.

during the months of November and December.

The increase in the amount of energy extracted from the building when cooling can also be
clearly observed in the temperature profile in Fig. 7-9, showing that the PG-MPC controller
tends to stay around 20 ◦C, compared to the EMPC controller observing spikes up to almost
21 ◦C in the cooling months of May to September. Neither controllers show significant
violations of the comfort band of 20-21 ◦C except for at the very start of the year when the
initial building temperature is initialized outside of this comfort band.

Scenario - 2021 (Mild)

The 2021 scenario represents a mild summer with near-average cooling demand and a moder-
ate amount of negative price hours. Fig. 7-10a shows the cumulative operational cost for both
controllers. Compared to the TMY scenario, this scenario shows similar operational costs.
However, in this case, the PG-MPC method shows a lower operational cost of €14,869 com-
pared to the EMPC controller which has an operational cost that is 8.7% higher at €16,164.
In particular, Fig. 7-10a shows that the main cost savings of PG-MPC relative to EMPC hap-
pen during the periods January through March and October through December. Fig. 7-10b
indicates that both algorithms incur similar penalties throughout most of the year for slight
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Fig. 7-10: Cumulative operational cost and cumulative constraint violation penalties for both
the EMPC and PG-MPC controllers for the 2021 (Mild) scenario.

constraint violations of the comfort band, with large spikes happening at the end of the year
due to EMPC violating the comfort band around mid-to-late December shown in Fig. 7-12.

The well temperature and imbalance trajectories for the 2021 scenario are shown in Fig. 7-11.
The results for the EMPC controller indicate that the terminal constraint set trajectory based
on the TMY solution to the surrogate problem is similar in both shape and magnitude to
the solution of the surrogate problem for the 2021 scenario, with only slight deviations hap-
pening around June and December. The PG-MPC controller shows a substantially different
trajectory compared to the EMPC controller, with more aggressive extraction of heat from
the ATES system during the January to March period. The PG-MPC controller also starts
cooling slightly earlier in the year at around April, compared to the EMPC controller, which
starts around mid to late May. The earlier start of cooling coincides with PG-MPC overtak-
ing EMPC in terms of operational cost in the early March to late April period. Overall, the
PG-MPC injects more heat into the ATES system during summer, allowing for deployment
of more heating in the November and December winter period. Near the end of the year,
the PG-MPC shows significant deviation from the policy trajectory, particularly from July
forward, the magnitude of the imbalance is higher by about 10 MWh compared to the policy
trajectory.

In terms of well temperatures, both controllers leave the thermal storage at nearly identical
temperatures on the final day of the year. Additionally, early cooling by the PG-MPC con-
troller is observed, with cooling starting slightly earlier compared to the EMPC controller.
The PG-MPC controller shows larger temperature ranges in both the hot and cold wells,
indicating deeper charging and discharging cycles of the ATES system.

The building temperatures in Fig. 7-12 indicate slight comfort band constraint violation for
the EMPC controller at around mid December. Again, higher temperatures in the building
are observed near the summer period for the EMPC controller compared to the PG-MPC,
which tends to stick closer to the lower bound of 20 ◦C comparatively.
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Fig. 7-11: Hot and cold well temperatures, as well as thermal imbalance trajectories for both
EMPC and PGMPC for the 2021 (Mild) scenario.

20
21

-01

20
21

-03

20
21

-05

20
21

-07

20
21

-09

20
21

-11

20
22

-01

Time

19.00

19.25

19.50

19.75

20.00

20.25

20.50

20.75

21.00

Te
m

pe
ra

tu
re

 [°
C]

Building Temperature - EMPC (2021)

20
21

-01

20
21

-03

20
21

-05

20
21

-07

20
21

-09

20
21

-11

20
22

-01

Time

Te
m

pe
ra

tu
re

 [°
C]

Building Temperature - PGMPC (2021)

Fig. 7-12: Building temperature for both EMPC (left) and PGMPC (right) over the operational
year for the 2021 (Mild) scenario.

Scenario - 2025 (Moderate)

The 2025 scenario introduces an early summer with 2 recorded heat-waves and significantly
more negative price hours. Together, these conditions create a year that departs substantially
from the climatological average underlying the TMY scenario, making it a useful test of how
each controller adapts to atypical seasonal and pricing conditions. Fig. 7-13a shows the cu-
mulative operational cost, showing lower operational cost of €7,917 for PG-MPC compared
to €12,035, amounting to a 34.2% decrease in operational cost for the PG-MPC algorithm.
Fig. 7-13b again shows similar accumulation of constraint violation over the year for both
algorithms, with PG-MPC ending slightly higher compared to EMPC. Notably, the addi-
tional cost incurred from constraint violation by PG-MPC is less than the economic cost
savings relative to EMPC, indicating that PG-MPC has a lower total cost in this scenario.
This combination of lower operational cost alongside marginally higher constraint violation
is consistent with the trend observed across the other scenarios, in which PG-MPC achieves
its cost advantage in part by operating closer to the boundary of the comfort band.

The surrogate solution in Fig. 7-14 indicates that for this scenario, there is significant de-
viation between the TMY trajectory that EMPC tracks and the solution to the surrogate
problem for the 2025 scenario. In particular, the cooling period starts earlier then expected
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Fig. 7-13: Cumulative operational cost and cumulative constraint violation penalties for both
the EMPC and PG-MPC controllers for the 2025 (Moderate) scenario.
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Fig. 7-14: Hot and cold well temperatures, as well as thermal imbalance trajectories for both
EMPC and PGMPC for the 2025 (Moderate) scenario.

in around late April for the 2025 scenario, compared to the mid March in the TMY trajectory.
There is also significantly more cooling demand than expected in the months May through
September. PG-MPC shows a trajectory that closely matches the surrogate solution in terms
of magnitude early in the year, but there is a temporal mismatch throughout the year be-
tween the start of the heating and cooling seasons. Additionally, PG-MPC shows a higher
amount of cooling deployed compared to the surrogate solution, particularly in September.
The Well temperatures at the final day of the year are similar across both methods again,
but PG-MPC shows a very minor deviation, with both the hot and cold wells being slightly
lower temperature compared to the EMPC solution.

The building temperatures in Fig. 7-15 reflect the higher overall temperatures during the
summer period, with both the EMPC and PG-MPC controllers frequently operating near the
upper-bound of the comfort band. Again, the only constraint violations throughout the year
are due to minor ambient temperature disturbance signal driving the building temperature
above or below the comfort band. The PG-MPC also shows higher temperatures in Novem-
ber, coinciding with the higher amount of ATES heating deployment relative to the EMPC
controller during the same period.
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Fig. 7-15: Building temperature for both EMPC (left) and PGMPC (right) over the operational
year for the 2025 (Moderate) scenario.
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Fig. 7-16: Cumulative operational cost and cumulative constraint violation penalties for both
the EMPC and PG-MPC controllers for the 2018 (Extreme) scenario.

Scenario - 2018 (Extreme)

The 2018 scenario represents the most extreme scenario in terms of temperatures, with this
scenario having the hottest recorded summer in the Netherlands. However, in terms of elec-
tricity pricing, this scenario is the least volatile, with the lowest coefficient of variation, mean
daily spread, and negative price hours. In the 2018 scenario, Fig. 7-16a shows that both
controllers present similar operational costs across the year. The EMPC controller has an op-
erational cost of €6,924 compared to the very slightly higher cost of €6,953 for the PG-MPC
controller. The constraint violation again indicates that by the end of the year, PG-MPC has
incurred slightly higher constraint violation penalties compared to EMPC.

The surrogate solution in Fig. 7-17 suggest that the magnitude of cooling demand for this
year is larger than the TMY predicts. However, the trajectory planned on TMY data com-
pared shows similar magnitude and timing of heating and cooling compared to the surrogate
solution. The PG-MPC controller in this case closely follows the sinusoidal trajectory. The
well temperatures, as well as the heating and cooling curves again show that PG-MPC has
deeper charging and discharging of the thermal storage system.

Master of Science Thesis G.D. Voogt



74 Case Study

16

18

Te
m

pe
ra

tu
re

 [°
C]

ATES Hot Well

20
18

-01

20
18

-03

20
18

-05

20
18

-07

20
18

-09

20
18

-11

20
19

-01
7

8

9

Te
m

pe
ra

tu
re

 [°
C]

ATES Cold Well

PGMPC EMPC

20
18

-01

20
18

-03

20
18

-05

20
18

-07

20
18

-09

20
18

-11

20
19

-01

60

40

20

0

20

40

60

Im
ba

la
nc

e 
[M

W
h]

EMPC Controller

20
18

-01

20
18

-03

20
18

-05

20
18

-07

20
18

-09

20
18

-11

20
19

-01

Im
ba

la
nc

e 
[M

W
h]

PGMPC Controller

Surrogate Solution
Policy Trajectory

Cumulative Heating Output
Cumulative Heating Input

Thermal Balance

Fig. 7-17: Hot and cold well temperatures, as well as thermal imbalance trajectories for both
EMPC and PG-MPC for the 2018 (Extreme) scenario.
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Fig. 7-18: Building temperature for both EMPC (left) and PGMPC (right) over the operational
year for the 2018 (Extreme) scenario.

The hot summer temperatures of the 2018 scenario are clearly observed in Fig. 7-18, showing
frequent operation near the upper-bound of the comfort band. The PG-MPC instead deploys
more cooling as shown in Fig. 7-17, and tends to operate closer to the lower-bound instead.

7-4 Discussion

This section discusses the results presented in Section 7-3 and the analysis across the four
scenarios. The discussion is structured around the performance metrics and constraints dis-
cussed in Section 7-2: operational cost, comfort constraint satisfaction, and thermal balance
constraint satisfaction. This is followed by a discussion of the observed controller behavior
and its implications for the design of the PG-MPC controller.

7-4-1 Closed-Loop Cost

Across the four scenarios, the PG-MPC and EMPC controllers show comparable operational
cost, with the exception of the 2025 (Moderate) scenario, in which PG-MPC achieves a
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substantially lower operational cost. The PG-MPC controller also shows slightly lower oper-
ational cost in the 2021 scenario. In the TMY and 2018 scenarios, the PG-MPC controller
incurs marginally higher operational costs, though the difference in the 2018 scenario is neg-
ligible at less than 0.40%, and both controllers can be considered to perform equivalently in
terms of economic cost in these scenarios. It is worth noting that the TMY scenario repre-
sents the most favourable conditions for the EMPC controller, as the time-varying terminal
constraint set is derived directly from the TMY surrogate solution, giving EMPC an a priori
informational advantage that would not be available in practice. Despite this, the PG-MPC
controller achieves competitive operational cost, albeit via a substantially different imbalance
trajectory.
The large performance gap between the two controllers in the 2025 scenario can be explained
by a couple of factors. First, the surrogate solution for the 2025 scenario shows significant
deviation from the EMPC terminal constraint trajectory from the start of January. This leads
to unmet heating demand which needs to be satisfied by deploying boiler heat, as the ATES
heating deployment is limited by the terminal constraint. 2025 also had a particularly early
summer, as shown in Fig. 7-2a, resulting in EMPC forcing deployment of heating around
early May even though there was no heating demand. The TMY trajectory also significantly
underestimates the 2025 cooling demand by nearly 10 MWh, resulting in under-utilization of
the ATES system. The PG-MPC controller better adapts to the particularly hot and early
summer, leading to more aggressive cooling, which is also reflected in the building temperature
trajectories shown in Fig. 7-15, where PG-MPC operates at lower average temperatures during
these months. This aggressive cooling between May and September allows for more ATES
heating to be deployed in November, leading to substantially lower economic operational cost
during this period as seen in Fig. 7-13a. It should be noted that Figs. 7-13a and 7-13b together
indicate that the total closed-loop cost of the full year is lower for the PG-MPC controller
compared to the EMPC controller.
While the 2021 scenario also saw substantial price volatility, the difference in operational cost
between the two controllers is smaller. This can be attributed to the TMY surrogate solution
already being a close approximation of the optimal solution for 2021, which is supported by the
similar cumulative CDD and solar irradiance shown in Figs. 7-2a and 7-2b. In the period July
to September, the PG-MPC controller shows significant deviation from the policy trajectory,
as the lower-than-expected cooling demand leads it to consistently choose off-policy actions
whose stage-cost reduction outweighs the additional terminal cost incurred. Despite the lower
cooling demand, PG-MPC still injects substantially more heat into the ATES system during
May to September compared to EMPC, leaving more ATES heating available for deployment
later in the year and reducing costs in the October to December period.
In terms of comfort constraint satisfaction, all controllers show a large initial spike corre-
sponding to initialization outside of the comfort band. Across all scenarios, PG-MPC incurs
slightly higher cumulative constraint violation cost compared to EMPC. Inspection of the
building temperature trajectories reveals that PG-MPC consistently operates closer to the
bounds of the comfort band, which increases exposure to disturbances and forecast mismatch
that can push the temperature state outside the comfort band. It should therefore be noted
that the operational cost savings of PG-MPC in the 2021 scenario, and its competitive per-
formance in the TMY and 2018 scenarios, are partly achieved by exploiting this margin:
PG-MPC implicitly trades a modest increase in constraint violations for reduced energy cost
by consistently operating near the boundary of the comfort band. The increased operation
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near particularly the bottom of the comfort band during summer in the TMY, 2025, and
2021 scenarios, can be attributed to the guiding policy pushing for more cooling compared to
the EMPC terminal trajectory during this period. Hence, the building temperature operates
closer to the lower-bound of the comfort band as a direct consequence of the increased cooling.

7-4-2 Thermal Balance Constraint Satisfaction

Both controllers satisfy the thermal energy balance constraint by the final date of the year in
all scenarios. Across the three scenarios based on historical weather data, that is the 2021,
2025, and 2018 scenarios, the PG-MPC controller follows the expected seasonal pattern, with
net heat injection during the cooling months of May through September and net heat extrac-
tion during the heating months of January through April and October through December.
The notable exception is the TMY scenario, in which the PG-MPC controller exhibits sub-
stantial deviation from this behavior. As shown in Fig. 7-8, the imbalance trajectory diverges
significantly from the policy trajectory from March onward. Due to the low cooling demand
in this scenario, the cumulative imbalance stays strictly positive throughout the entire year,
leaving no extraction available for the November and December period. With the system at
positive imbalance at the start of November, the terminal cost penalty is substantial, as illus-
trated in Fig. 6-5, driving the controller toward active cooling to restore the thermal balance
by year-end. This rebalancing behavior is a desirable property of the algorithm, as it guar-
antees thermal balance constraint satisfaction. However, as a trade-off, it leads to non-ideal
operation in December, where the boiler must be relied upon not only to satisfy building
thermal demand, but also to compensate for the additional load imposed by rebalancing the
thermal storage, resulting in elevated operational costs. The underlying cause of this diver-
gence is not fully understood: the 2021 scenario exhibits similarly low cooling demand yet
does not produce the same behavior, suggesting the difference is not driven by cooling de-
mand alone, but more likely by some interaction between the realized price trajectory and
the dead-band policy’s response to it.

7-4-3 Controller behavior and Policy Deviation

The PG-MPC shows minimal deviation compared to the sinusoidal policy trajectory in the
2018 (Extreme) scenario. This can be attributed to interaction between the lower mean price,
and lower volatility of electricity prices in 2018 and the design of the terminal cost penalty
used in the PG-MPC controller. The Lipschitz constant used in construction of the terminal
cost represents the worst case marginal cost increase from acting off-policy based on the
historically average electricity price in the last five years. As discussed in Section 7-1-2 and
partially shown in Table 7-2, electricity price volatility, as well as mean price, saw a substantial
increase post-2020, leading to the historical average in the last five year being a significant
over-estimation of the true cost of acting off-policy for the 2018 scenario. Due to the large
over-estimation, and low amount of volatility to exploit in the electricity pricing, there is little
room left for PG-MPC to find solutions which save sufficient cost over the horizon to offset
the terminal cost incurred from acting off-policy, and as a result, PG-MPC will always pick
either the next on-policy terminal state, or states very close to the next on-policy terminal
state.
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The TMY scenario, shown in Fig. 7-8, saw substantial deviation from the on-policy trajectory,
particularly from March forward. The deviation from policy around March can partially be
explained by Fig. 7-2a showing that cooling demand only starts around mid-to-late April,
whereas the policy trajectory is pushing to cool starting from late March to early April.
This pushes the controller to cool in the period mid May through to the start of September.
However, due to the low cooling demand, building temperature gets pushed to the lower-
bound of the comfort band, with large costs associated with the controller cooling more
beyond this point. Fig. 7-3 shows an increase in both the mean and variance of the electricity
prices during the months August and September, further compounding the effect and causing
the controller to act off-policy to save on costs further in this period. Fig. 7-7a also suggest
this, as at this point in time, the cost gap between the controllers is largest. These short
term savings by PG-MPC ultimately lead to an increase in operational cost by the end of the
year, as the thermal storage is left in a bad state by November. As a result, the PG-MPC
supplies cooling to the building which needs to be paid for and compensated for with extra
boiler heat during the November to December period in order to meet the thermal balance
constraint by the end of the year.

7-4-4 Policy Design

A key consideration in interpreting the PG-MPC simulation results is the role of the policy
design in shaping performance outcomes. Many observed limitations, particularly the mist-
iming between the heating and cooling season transitions, are not inherent weaknesses of the
PG-MPC framework itself, but rather artifacts of the design of the underlying policy.

The policy employed in this work is intentionally kept simple to serve as a baseline. By
construction, the sinusoidal trajectory is suboptimal for any particular year, as it does not
reflect the true climate conditions. The framework relies on the PG-MPC controller finding
solutions that locally save cost by drifting away from the policy trajectory, resulting in cost
savings and constraint satisfaction over the operational year. This is most strongly observed
in the TMY and 2021 scenarios, in which the PG-MPC trajectories significantly drift away
from the policy trajectories. If the electricity prices are low relative to the terminal cost
constructed, such as in the 2018 scenario, the PG-MPC controller reduces to reference tracking
of the policy trajectory.

The degree to which the policy limits performance depends directly on how well the policy
is designed, providing a natural direction for improving the economic performance. The
only practical requirements on the policy are that it produces feasible inputs and states, and
that it is fast to evaluate. Beyond these, a wide range of alternatives could be substituted
without any modification to the underlying controller structure. For instance, an RL or ADP-
derived policy could directly address long-horizon cost reduction; a more sophisticated RBC
could better account for building-specific complexities and adapt to particular climate years
rather than relying on a one-size-fits-all trajectory; and a PI-controller could provide more
contextually appropriate control actions by naturally scaling its response to the deviation from
the reference. These are but a few examples, and the results presented here establish a baseline
from which further policy improvements are expected to yield meaningful performance gains.
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7-4-5 Scenario Robustness

The results across all four scenarios demonstrates that the PG-MPC controller is robust to the
scenario variability in the sense that the thermal balance constraint and building temperature
comfort constraints are satisfied in all cases, with the controller achieving competitive or
superior operational cost. However, as discussed in Section 7-4-3 the 2018 scenario and TMY
scenario reveal that the performance of the PG-MPC controller is sensitive to the interaction
between electricity price and terminal ingredient design.
The PG-MPC controller performed best relative to the EMPC controller under conditions of
above average cooling demand and high price volatility. The 2025 scenario exemplifies this,
in which price volatility, particularly the mean daily spread, was highest. These conditions
allow the PG-MPC controller to exploit price volatility that the EMPC, constrained to its
TMY trajectory, cannot. The 2021 scenarios also shows moderate improvements relative to
the EMPC baseline controller.
The PG-MPC performs comparable or slightly worse relative to the EMPC controller in the
scenarios for which the TMY solution provides a reasonable approximation of the surrogate
solution for that particular year. This is most clearly shown in the 2018 and 2021 scenarios.
The EMPC controller also outperforms the PG-MPC controller in the TMY scenario, but this
cannot be considered a fair comparison, given that the EMPC controller has an informational
advantage in that it tracks an approximation of the optimal solution.

7-4-6 Limitations

Several limitations of this study should be acknowledged. The results presented in this chapter
are based only on simulation. The performance of both controllers under real-operating
conditions may differ due to increased model mismatch, sensor noise, and communication
latency.
The ATES used in this study is also subject to simplifying assumptions. As discussed in
Section 2-2-3, the ATES model assumes a constant volume ATES well model. While there is
justification for such assumptions, modeling the ATES as variable volume allows for more ac-
curately capturing the amount of energy stored in the ATES wells. Additionally, the constant
volume assumption fixes the thermal storage capacity of each well as a function of the param-
eters Vh and Vc, whereas in a variable volume model, the effective storage capacity evolves
in response to the history of heat injected and extracted. However, as the storage capacity
constraints are never observed to be binding across any of the four scenarios considered in this
study, this simplification is not expected to have a material impact on the presented results.
The building model described in Chapter 3 assumes a single-zone simplification, in which the
entire building is represented by a single thermal mass and a single temperature state. In
practice, a multi-zone building model would capture spatial temperature gradients and room-
level dynamics that may influence the comfort constraint satisfaction results. However, for the
purpose of evaluating EMS at the system level, the single-zone approximation is considered
appropriate, as the primary interest lies in the building’s aggregate thermal demand, rather
than controlling the intra-building temperature distribution.
The policy used in the PG-MPC controller is based on a dead-band controller tracking a
sinusoidal reference signal, representing an intentionally simple baseline choice. As discussed
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in Sections 7-4-3 and 7-4-4, many of the observed limitations in controller performance can be
attributed to the simple policy design rather than to fundamental limitations of the PG-MPC
framework itself. More sophisticated policy designs, whether through more complex rule-
based logic, RL methods, or fuzzy logic, could better capture the relationship between seasonal
storage state, price volatility, and optimal control actions, potentially yielding substantial
performance improvements at the cost of increased policy design complexity.

The Lipschitz constants are constructed based on an approximation of the policy value func-
tion. This approximation is constructed based on the electricity profile used for the TMY
scenario. Demonstrably, this terminal cost was unsuited for the 2018 scenario, in which the
low volatility and low mean of electricity prices resulted in PG-MPC effectively tracking the
sinusoidal reference signal for the entire year, with little to no deviations. The TMY scenario
suggests that during the summer months, the cost of deviating in the direction of positive im-
balance was also not sufficient to prevent active rebalancing by the end of the year. However,
the thermal balance constraint was satisfied by the end of the year.

All PG-MPC and EMPC simulations were carried out with a prediction horizon of four hours
(16 steps), kept short to limit computational time over year-long simulations. Extending the
horizon length is expected to improve performance for both controllers, as a longer horizon
provides greater opportunity for cost savings through battery load shifting and more informed
ATES dispatch decisions. For the PG-MPC controller in particular, a longer horizon allows
the controller to identify and exploit off-policy opportunities that are not visible over a four-
hour window. However, the benefits of a longer horizon are not unconditional. A horizon that
consistently surfaces short-term cost savings from off-policy actions may progressively drive
the system toward imbalance states from which recovery is costly, particularly if the terminal
cost penalty is insufficiently weighted relative to the stage cost savings accumulated over the
extended horizon. The interaction between horizon length and terminal cost design therefore
warrants careful consideration.

Finally, the four scenarios considered in this thesis, while spanning a wide range of climato-
logical and electricity pricing conditions, do not constitute an exhaustive evaluation. None of
the scenarios considered represent the combination of a particularly cold winter coupled with
a mild summer. In terms of electricity pricing, a scenario considering a moderate or extreme
summer, combined with high price volatility is also not considered.
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Chapter 8

Conclusion and Future Work

This thesis investigated the application of PG-MPC to the energy management of CHP mi-
crogrids equipped with hybrid electrical and seasonal thermal energy storage. The central
difficulty in such systems is the separation of time scales: the seasonal charging and discharg-
ing of an ATES system imposes operational objectives that extend far beyond the prediction
horizons that remain computationally tractable for MPC. Conventional EMPC addresses this
through either heuristic terminal costs or surrogate-derived terminal constraint sets, both of
which require careful tuning and design, with theoretical guarantees being difficult to provide.
PG-MPC instead embeds a guiding policy within the short-horizon optimisation problem, al-
lowing long-term objectives such as the end-of-year thermal balance to be encoded through
this policy. A baseline EMPC controller and a PG-MPC controller were designed for an
identical microgrid model and benchmarked across four scenarios spanning a wide range of
climatological and electricity-pricing conditions, with both controllers operating under im-
perfect predictions of the disturbance signals. The remainder of this chapter answers the
research questions posed in Chapter 1 and sets out recommendations for future work.

8-1 Answering the Research Questions

1. How can Policy-Guided MPC be formulated for a CHP microgrid with hybrid electrical
and thermal energy storage?

The first subquestion was addressed in Chapters 5 and 6. The microgrid model described in
Chapter 3 was modelled in the MLD framework so that the discrete actuation of the heat
pump, boiler, and chiller, together with the PWA of the nonlinear heat pump, could be repre-
sented as linear constraints. On this shared model, the PG-MPC controller was obtained by
replacing the EMPC terminal ingredients rather than by altering the underlying optimisation
problem. A deliberately simple bang-bang dead-band guiding policy was designed to track
a sinusoidal imbalance reference that reflects the seasonal charging and discharging pattern
observed in the solution of a surrogate optimization problem. The terminal value function
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was constructed as a Lipschitz-based linear over-approximation of the policy value function,
estimated from Monte-Carlo rollouts, and the terminal constraint set was defined as a box
around the policy-propagated terminal state. This construction inherits the theoretical prop-
erties of the PG-MPC framework: under the standard MPC assumptions and admissibility
of the policy, the PG-MPC optimization problem is recursively feasible, and closed-loop cost
is upper-bounded by the policy cost. The simulation results indicate that in all scenarios, the
PG-MPC controller manages to achieve the primary objective of satisfying the yearly thermal
balance constraint. The formulation therefore demonstrates that a seasonal thermal-balance
objective can be encoded directly through a guiding policy, without imposing a precomputed
year-long terminal trajectory on the controller.

2. How does the long-term operational performance of PG-MPC compare with a conven-
tional EMPC controller?

The second subquestion was addressed through the case study of Chapter 7. Both controllers
satisfied the end-of-year thermal balance constraint in every scenario, confirming that the
seasonal objective is reliably enforced by both terminal-ingredient designs. In terms of oper-
ational cost, performance was strongly scenario-dependent. PG-MPC achieved substantially
lower cost in the 2025 (Moderate) scenario (€7,917 against €12,035, a reduction of 34.2%)
and a clear improvement in the 2021 (Mild) scenario in both operational cost (€14,869 against
€16,164, a reduction of 8.7%) as well as constraint satisfaction. In the 2018 (Extreme) scenario
the two controllers were effectively equivalent, with PG-MPC marginally higher by less than
0.4%. In the TMY scenario PG-MPC was higher by 3.5%; however, this comparison favours
EMPC by construction, since its terminal constraint set is derived directly from the TMY
surrogate solution and so has an a priori informational advantage that would not be available
in practice. The largest gains arose under conditions of above-average cooling demand and
high price volatility, where PG-MPC showed deeper charging and discharging of the ther-
mal storage compared to EMPC, which was constrained to its fixed TMY trajectory. Across
all scenarios, the cost savings are partly obtained by operating closer to the comfort-band
boundary, and PG-MPC consequently incurred higher cumulative comfort-violation penal-
ties. Overall, PG-MPC matched or outperformed the conventional EMPC controller in the
realistic, non-idealised scenarios while never relying on a precomputed optimal trajectory.

3. What are the advantages and limitations of Policy-Guided MPC for practical microgrid
energy management?

The principal advantage of PG-MPC is that it can encode the long-term seasonal objective
through a guiding policy rather than a precomputed reference trajectory, freeing the controller
to adapt to the realized weather and price conditions of a given year while retaining recursive
feasibility and a performance guarantee relative to that policy. This adaptivity is the direct
source of its cost advantage in the volatile scenarios. A second advantage is modularity:
the only practical requirements on the policy are that it produces feasible states and inputs
and is fast to evaluate, so the guiding policy can be replaced, for instance by an RL, ADP,
rule-based, or PI policy, without any change to the controller structure.

The limitations fall into two categories. The first concerns the design of the terminal ingredi-
ents. The terminal cost is built from a Lipschitz constant estimated on the TMY price profile,
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which substantially over-estimates the cost of acting off-policy under the low-volatility, low-
mean prices of the 2018 scenario. In this case PG-MPC effectively collapsed to tracking the
sinusoidal reference. Conversely, in the TMY scenario the penalty for deviating in the positive-
imbalance direction was insufficient to prevent the controller from not cooling enough during
the summer months, forcing costly end-of-year rebalancing through the auxiliary chiller. The
interaction between price conditions and terminal-ingredient design is therefore the dominant
sensitivity of the method. The second category concerns the guiding policy itself: the inten-
tionally simple sinusoidal dead-band policy is sub-optimal for any specific year, and several
observed shortcomings, most notably the mistiming of the heating-to-cooling season transi-
tions, are artefacts of this policy rather than of the framework. Finally, the study is based
entirely on simulation with a simplified single-zone building, a constant-volume ATES model,
and a short four-hour prediction horizon, so the quantitative results should be read as a proof
of concept rather than as predictions of real-world performance.

How can Policy-Guided Economic Model Predictive Control improve the energy man-
agement of CHP microgrids with seasonal thermal energy storage compared with con-
ventional Economic Model Predictive Control?

The results show that PG-MPC can improve microgrid energy management by replacing
a fixed, surrogate-derived terminal trajectory of conventional EMPC with a guiding policy.
The PG-MPC framework allows for preserving guaranteed recursive feasibility, whereas the
designed EMPC controller cannot due to the terminal constraint trajectory potentially being
unreachable. Using a guiding policy along with properly designed terminal cost allows the
controller to respond to the actual conditions of a given operating year, yielding comparable
operational cost in the realistic scenarios and substantial savings when conditions deviate from
the climatological average and when price volatility is high. The improvement is thus best
understood as a gain in robustness and adaptivity rather than a uniform reduction in cost:
PG-MPC removes the dependence on an accurate precomputed annual trajectory, and even
with a deliberately naive guiding policy it remains competitive with the EMPC controller.
The framework therefore offers a tractable and theoretically grounded route to embedding
seasonal storage objectives in receding-horizon microgrid control, with the realized benefit
governed by the quality of the guiding policy and the calibration of the terminal ingredients.

8-2 Recommendation for Future Work

Based on the finding in this thesis, several directions for future research naturally follow.
The most immediate is the design of the guiding policy. Because the framework is agnostic
to the policy, replacing the sinusoidal dead-band controller with more capable alternatives,
such as richer rule-based controllers, fuzzy-logic based controllers, or a learned RL policy. RL
in particular provides an interesting direction as this provides a comprehensive set of tools to
both construct a policy that accounts for long-horizon behavior, as well as the accompanying
value function, providing an excellent surrogate for the cost-to-go. This is expected to yield
meaningful performance gains, while reusing the existing controller.
A second direction would be more calibration of the PG-MPC terminal ingredients. The
Lipschitz cost based on averaged electricity prices over the last five years provided both an
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estimate which was too conservative in the 2018 scenario, and one which was not conservative
enough in the TMY scenario. Constructing terminal cost based on a local linearization, or
adapting the Lipschitz constant based on the electricity price regime observed during oper-
ation could reduce conservatism and better balance stage-cost savings against the terminal
penalty. The coupling between prediction horizon length and terminal cost weighting also
warrants further study, since longer horizons provide more opportunities to save operational
costs in the short term, the interaction between the horizon length and terminal cost design
should be carefully considered. A controller repeatedly surfacing short-term savings may
lead to more off-policy actions, drifting further from the on-policy trajectory, and potentially
recovering some of the myopic behavior that PG-MPC attempts to address.

A third direction concerns the system model. Lifting the simplifying assumptions of the
present study: a variable-volume, variable mass flow rate ATES model, a multi-zone building
representation, and longer prediction horizons would all narrow the gap between the simulated
and the achievable real-world performance.

Finally, a broader and experimental evaluation is recommended. The four scenarios, while
diverse, omit important combinations. Notably a cold winter with a mild summer, and an
extreme summer coupled with high price volatility were not considered. Additionally, the
entire study remains in simulation. Extending the scenario set and, in due course, validating
PG-MPC on a hardware or hardware-in-the-loop setup under model mismatch, sensor noise,
and communication latency would be the decisive test of its practical value.
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List of Acronyms

ADP approximate dynamic programming
ANN artificial neural network
API Application Programming Interface
ATES Aquifer Thermal Energy Storage
BES Battery Energy Storage
BRP balancing responsible party
CDD Cooling Degree Days
CHP combined heat and power
COP Coefficient of Performance
DP Dynamic Programming
EDR Environmental Data Retrieval
ED economic dispatch
EMPC economic model predictive control
EMS energy management system
ENTSO-E European Network of Transmission System Operators for Electricity
EPW EnergyPlus Weather
GHI Global Horizontal Irradiance
HDD Heating Degree Days
KNMI Royal Netherlands Meteorological Institute
LP Linear Program
LQR Linear Quadratic Regulator
MAE Mean Absolute Error
MBE Mean Bias Error
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MILP mixed-integer linear program
MINLP mixed-integer non-linear program
MLD-MPC mixed logical dynamical model predictive control
MLD mixed logical dynamics
MPC model predictive control
OCP optimal control problem
PG-MPC Policy-Guided MPC
PV photovoltaic
PWA piece-wise affine
RBC Rule Based Control
RES renewable energy sources
RL reinforcement learning
RMSE Root Mean Squared Error
TES Thermal Energy Storage
TMY Typical Meteorological Year
UC unit commitment
nRMSE Normalized Root Mean Squared Error
CV Coefficient of Variation
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Nomenclature

CV Coefficient of variation of the electricity price
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