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Day-ahead microgrid optimization has been extensively studied in recent technical literature, which predomi-
nantly focuses on microgrids comprised of loads, renewable energy systems (RES), and energy storage systems
(ESS). However, many microgrids are only composed of loads (such as homes in buildings). This work studies
microgrid optimization through a specific focus on thermostatically controllable loads (TCLs), prevalent com-
ponents in such microgrids. The optimization objectives are tailored to account for the unique characteristics of
each microgrid’s composition. Additionally, the study considers the TCLs’ ability to participate in demand
response programs within the power system and addresses challenges stemming from discrepancies between day-
ahead dispatch and real-time operation. Importantly, the optimization process employs a genetic algorithm (GA)
to derive optimal on/off sequences and corresponding temperature profiles for each TCL, instead of adjusting
variable temperature setpoints. Furthermore, the GA initial population is generated using a novel method called
stratified random sampling, proposed in this work. The study presents a procedure for TCL optimization aimed at
maximizing each microgrid’s performance relative to its composition. Results demonstrate a reduction in the
targeted metric ranging from 2.4% to 18%.

1. Introduction One promising approach to address these issues are the demand

response programs [5], which involve intelligently managing electricity

In recent years, there has been a notable shift in the global energy
landscape towards increasing reliance on renewable energy sources,
driven by efforts to address the challenges posed by traditional power
generation methods [1]. The rise of renewables is evident in significant
milestones, such as Europe’s substantial increase in renewable energy
generation, accounting for nearly 41 % of total power generation in
2022 [2]. According to projections from the International Energy
Agency, solar photovoltaic (PV) and wind power are expected to
contribute substantially to global power generation by 2030, accounting
for about 40 % of building electricity usage [3]. However, the integra-
tion of intermittent renewable energy sources, such as solar and wind,
into the power system presents new challenges. The rapid variability of
renewable energy generation can lead to mismatches between supply
and demand, resulting in potential disruptions to the grid, including
voltage fluctuations and power outages [4]. These challenges under-
score the importance of implementing strategies to enhance grid resil-
ience and ensure reliable electricity supply.

consumption to align with supply dynamics or grid requirements [6].
Within the framework of demand response, Thermostatically Controlled
Loads (TCLs) emerge as a valuable tool due to their inherent flexibility in
adjusting energy consumption patterns [7 8]. The deployment of TCLs
not only aids in balancing grid demand and supply but also presents an
opportunity to optimize overall installation performance, particularly
within microgrids framework. By implementing tailored optimization
objectives based on the specific composition of the microgrid, TCLs can
not only respond to grid dynamics but also contribute to enhancing the
overall efficiency [9] and stability of the microgrid.

This study aims to underscore the significance of TCLs in optimizing
energy consumption and reducing costs within a microgrid, while
ensuring their availability for system supervision and responsiveness to
demand-side management.
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Table 1
Comparison table of related works.
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Ref. TCL used Microgrid Optimization algorithm Control variable DR consideration
contain
AC  Fridge Freezer EWH ESS RES
This work v v v v v v GA ON/OFF sequence v
[7] v b 4 X x v v MILP? cooling capacity, Qc v
[9] v X X b 4 v v PSO? load shifting & curtailment logic v
[10] v v v v X X MILP* VESS model ON/OFF v
[11] v X X X X X Rule-based control (price-responsive thermostat) ~ Temperature setpoint v
[12] v X X v v v Linear Programming Heating power v
[13] b 4 v v b 4 v v MIQF‘3 + Decentralized Gradient Descent ON/OFF sequence v
[18] v X X v X X NSGA* 111 Temperature setpoint X
[24] v X X v v v MILP? Heating power v
[50]1 X X X v X X Linear Programming Temperature setpoint X
[51] v X X X v v Approx. Dynamic Programming Temperature setpoint X
[52] v X X v v v Quadratic Programming Temperature setpoint v
[53] v x x x x X MILP? ON/OFF sequence v

2 Mixed-Integer Linear Programming, 2 Particle Swarm Optimization, > Mixed-Integer Quadratic Programming, * Non-dominated Sorting Genetic Algorithm.

1.1. State of art

Papers published in the technical literature can be divided in two
approaches: those which present methods to optimize the consumption/
expense of TCLs and those other which study the possible use of TCLs to
balance offer and demand in the power system. Table 1 shows a com-
parison between the different studies similar to this presented work.

Prior to the use of TCLs in any of the approaches indicated above,
their model is an important step addressed by many studies in the
technical literature. These models typically involve differential equa-
tions that capture heat transfer dynamics between the appliance, the
enclosed space it regulates, and the surrounding environment. Among
the most common TCLs, which constitute approximately 90 % of those
found in typical installations, are the fridge, the freezer, the electric
water heater (EWH), and the air conditioner. In Section 2, models are
presented for each of these TCLs, explaining the rationale behind their
selection and highlighting their adaptability to different scenarios.

On the one hand, within the approach of optimizing the consump-
tion/expense of the TCLs, they can serve as versatile tools for energy
optimization within microgrids due to their inherent flexibility, allow-
ing them to be adjusted [10]. The strategies, established in advance
(day-ahead), enable these systems to follow pre-defined dynamics,
thereby achieving efficient energy utilization. Day-ahead scheduling is
widely used for optimal TCL dispatch, considering energy prices [11],
user comfort [12] and appliance power profile [13 14]. Several studies
have addressed the problem formulation using various algorithms, as
discussed in Section 4.4. To address uncertainties stemming from RES,
electricity prices, and human behaviour factors, researchers are
exploring stochastic programming methods, which offer robust solu-
tions to optimize TCL operation in dynamic and uncertain environ-
ments. [15 16 17 18]. Emerging optimization techniques, including
machine learning algorithms [19] or hybrid Fuzzy/Markov Chain-based
[20 211, hold promise for further enhancing TCL optimization strategies.
During operation, disturbances in the systems are best corrected to
maintain optimization using tools such as Predictive Control techniques
[22]. Particularly, Model Predictive Control (MPC) [23 24] enables
proactive optimization by utilizing TCL dynamic models to predict
future behaviour under various control settings. Most previously pub-
lished provide an optimization based on the temperature.

On the other hand, the use of TCLs in demand response (DR) pro-
grams could play a pivotal role in the dynamic management of elec-
tricity consumption, allowing grid operators to actively engage with
consumers to adjust their electricity usage in response to grid conditions
and market signals [25 26]. TCLs are well-suited to participate in de-
mand response programs due to their inherent characteristics:

- Versatility/flexibility in adjusting their energy consumption pat-
terns without compromising user comfort [27].

Large-Scale Deployment, enabling substantial aggregate capacity
via aggregators and hierarchical coordinated control methods [28]:
centralized [29] and decentralized [30 31].

Predictable Behaviour based on predefined models as previous
commented [32].

Cost-Effectiveness, enabling grid operators to reduce peak demand
without significant infrastructure investments [33], automatically
and remotely control [34] while also providing users with rewards
[35].

One of the most common approaches to manage TCLs in DR scenarios
is through their modelling [36], often likened to virtual energy storage
systems known as Virtual Energy Storage Systems (VESS) [37 38].
Within this framework, TCLs are effectively represented as energy
storage units, where charging and discharging actions are manifested by
adjusting the setpoint temperature of the targeted TCL. This temperature
modulation corresponds to the processes of increasing or decreasing
energy consumption, thereby facilitating controlled energy release or
absorption in alignment with grid demand dynamics. Although this
approach removes users’ direct control over their own TCLs, the energy
handling capabilities of TCLs have been extensively investigated in the
literature, as well as their equivalence in aggregation [37]: direct ag-
gregation methods [39], temperature priority list algorithm [40] and
state space method [41].

From the state of art carried out, it can be concluded these research

gaps:

- The lack of integrated methods that simultaneously address both
optimization and demand response requirements.

The existing research primarily focuses on optimizing microgrid
Energy Management Systems (EMS), overlooking the dedicated
optimization of TCLs as standalone entities within those microgrids
that invariably incorporate them.

The absence of adaptive objective functions in optimization formu-
lations tailored to the specific microgrid context of TCLs, failing to
differentiate between microgrid compositions, including microgrids
solely composed of TCLs.

The limited consideration of the collective operation of multiple
TCLs (such as fridge, freezer, AC, and EWH) within the optimization
framework.

The no scalability of TCL models used in optimization to different
scenarios, characterized by the opaque nature of parameters hin-
dering their adaptability to diverse users’ installations.
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Fig. 1. Thermal network chosen for the electric space heating/cooling.
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Table 2

Electric space heating/cooling parameters.
Parameter Unit Value
Rinia Kw-! 7x 1073
Rigex Kw! 7x 1073
Rexea Kw-! 1x 107!
Rigea Kw-1 1x 102
e JK! 5x 102
Cex JK! 2 x 10%
Cia JK! 8 x 10!

1.2. Work contributions

Compared with previous studies, the main contributions of this work
are summarized below:

e A day-ahead optimization strategy based on a novel ON/OFF profile

generation approach, leveraging an integer GA.

Tailored objective functions formulated to address the specific

composition of the microgrid (TCLs and/or RES/ESS), as presented

in Section 3. This optimization approach considers the collective

operation of multiple validated and state-of-the-art TCL models (such

as fridge, freezer, AC, and EWH).

A novel initial population creation strategy in the GA, employing

stratified sampling, is proposed, providing improved results

(detailed in Section 4).

Implementation of the proposed double-band temperature concept,

which includes the operating temperature hysteresis band (THB) and

the comfort THB, to keep the microgrid available for participation in

DR programs (detailed in Section 5).

e This ON/OFF approach facilitates the design of a supervisor
(explained in Section 6), capable of addressing mismatches arising
from unforeseen events.

1.3. Paper organization

The paper is organized as follows: Section 2 discusses the theoretical
foundations of thermostatically controlled load models considered in the
optimization framework and their significance. Section 3 outlines the
problem framework. Section 4 presents the optimization problem along
with its constraints, objective functions, etc. Sections 5 and 6 address the
consideration of demand-response strategy and real-time mismatches,
respectively. In Section 7, a scenario is proposed for optimization,
covering various compositions that may exist within the microgrid,
comparing them with the unoptimized baseline case. Finally, Section 8
outlines the conclusions drawn from the study.
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2. Thermostatically controlled load models

Our research adopts an approach to selecting models for TCLs which
emphasize their suitability for optimization problems. Rather than
employing complex models prevalent in the literature [42,43,44],
models of reduced order and fewer parameters are prioritized, striking a
balance between accuracy and interpretability. This choice not only
simplifies implementation but also minimizes the computational re-
sources required for model execution. Moreover, by following a grey-
box approach, where parameters are approximated based on physical
principles and refined through experimental data, the models offer
enhanced interpretability compared to a black-box model approach
[45,46]. In this way, the gap between theoretical understanding and
empirical validation is bridged, resulting in parameter estimation
closely aligned with real-world values. For example, to show that ac-
curacy is important to choose the different models, note that the order of
fridge and freezer models are different even though the composition of
both TCLs is quite similar, and a high order model has been used to
represent the freezer, [47,48].

A hybrid modelling approach that combines two complementary
models is presented. On the one hand, the operation of the TCL is rep-
resented as a binary on/off model, which simplifies the modelling pro-
cess. On the other hand, a more detailed representation of TCL
behaviour is achieved by employing a model that integrates thermal
resistances (R) to represent impediments to heat transfer (e.g., the
thermal insulation between the room and the building wall), and ther-
mal capacities (C) to denote the ability to retain energy in form of heat in
a thermal node (e.g., the room’s capacity to absorb heat). Therefore,
each TCL considered in this study is modelled following the grey-box
hybrid approach based on RC circuits. The models are formulated
using the discrete time state-space representation.

x(k) = A(0)x(k) +B(0)u(k) 1)
y(k) = Cx(k) 2

Equation (1) outlines the thermodynamic analysis of the TCL, resulting
in a system with many first-order differential equations, corresponding
to the number of energy storage elements in the model, i.e., thermal
capacities. As for the Equation (2), it represents the output equations of
the state-space model and can be observed that it is not dynamic and is
determined by the designer, typically using an output vector y(k), which
contains coordinates corresponding to the measurable variables of
interest.

In detail, k represents the sampling, x € R" is the state vector, where
n is the order of the model (the number of first-order differential
equations) and is constituted by the temperature of the nodes considered
in the model, u € R? is the input vector, where p is the number of inputs,
and includes external parameters that affect the TCL behaviour as the
ambient temperature Tamb, the power consumed by the TCL, the solar
irradiance Is in the case of the air conditioner, or the water ambient
temperature Tw in the case of the EWH. A € R™" is the state matrix, B €
R"*P is the input matrix, and 6 € R™ is the vector of m model parame-
ters. Regarding the Equation (2), y € R? is the output vector, where g is
the number of outputs, and C € R?*" is the output matrix.

Subsequently, utilizing the established physical principles, state-
space models for each TCL included in the proposed study will be
developed, as described below.

2.1. Air conditioner
This model is developed based on [49]. Three nodes are considered

with each corresponding temperature, as shown in Fig. 1. The value of
the different parameters is the shown in Table 2, according to [49].
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Fig. 2. Thermal network chosen for the fridge.

Table 3
Frigde parameters.
Parameter Unit Value
Revin Kw! 9.0348 x 10!
Rina Kw-! 9.0188 x 107!
Cev JK! 3.4342 x 102
Cin JK! 1.1600 x 10*
HEAT
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T
a
Rhe,in Rin,ex Rex,a
Che Cin Cex
Fig. 3. Thermal network chosen for the freezer.
Table 4
Freezer parameters.
Parameter Unit Value
Rhen Kw! 1.12x 107!
Rinex Kw! 4.97 x 107!
Rexa Kw-1! 1.28 x 107!
Che JK! 1.05 x 10°
Cin JK! 4.76 x 10°
Cex JK! 8.11 x 10°
Table 5
Electric water heater parameters.
Parameter Unit Value
Ry Kw-1 1.52x 1073
Cyw JK! 863.4 x 10°
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Fig. 4. Thermal network chosen for the electric water heater when there is no
hot water consumption.

2.2. Fridge

The development of this model is based on [47]. In [47] several
models for a fridge are presented and compared. The authors conclude
that the best results are the provided by the linear- second order model,
which is the chosen in the present work. The equivalent RC circuit is
shown in Fig. 2, with the corresponding parameter values listed in
Table 3.

2.3. Freezer

In this case, the model has been chosen based on [48]. As in the case
of the fridge, in [48] a comparison between several freezer models are
presented and the linear three order model is chosen as the best. That is
the elected in the present work as shown in Fig. 3. The values of the
different parameters are presented in Table 4.

2.4. Electric water heater (EWH)

In this system, two scenarios are considered: one without hot water
consumption and one with hot water consumption. As a result, two
different models are developed based on [18] and [50]. In the first
scenario, when there is not hot water consumption, two external vari-
ables are considered: the exterior temperature of the water heater
housing and the electrical power used for heating. In the second sce-
nario, when there is hot water consumption, only one external param-
eter is considered: the volume of hot water consumed. Model parameters
values are listed in Table 5. The RC model for the electric water heater,
when there is not hot water consumption, is shown in Fig. 4.

3. Problem Overview

The objective of this study is to optimize TCL operation while
ensuring certain power reserve to participate in the demand response
process at any time. The optimization is established through a
comprehensive ON/OFF sequence for the following day. To achieve this,
a total of 1440 operational instructions (24 h x 60 min) will be assigned
for each TCL. This is made possible through the utilization of system
models encompassing AC-rooms, Fridge-room, Freezer-room, and EWH-
room, and their response to changes in temperature and the other
external variables, by adapting every TCL model parameter presented in
section 2. As can be observed in the models, these systems are influenced
by parameters that can be reliably estimated for the following day, such
as ambient temperature and irradiance. Another crucial factor affecting
the optimization process is the electricity tariff for the subsequent day, a
parameter that is typically known in advance in the European context.
This pricing information plays a pivotal role in determining the optimal
operation strategy for the TCLs, as it directly influences their scheduling



J. Clavijo-Camacho et al.

Table 6
ugrid composition influence into optimization objectives.
Microgrid Objective Description
composition pursued
TCL Obj. 1 Minimizing TCLs energy cost
TCL + ESS Obj. 2 Reducing TCLs power consumption
TCL + RES Obj. 3 Optimizing a trade-off between cost and
power consumption based on the production
of RES.
TCL + ESS + RES ~ Obj. 4 = Ob;j. Reducing TCLs power consumption
2

decisions and overall energy consumption pattern.

For effective optimization, understanding the composition nature of
the microgrid is imperative, as it can influence the optimization mode of
the TCL, or equivalently, the objective pursued by this problem.

Hence, if TCL is the sole entity used to optimize the microgrid per-
formance, it becomes essential to customize the objective function of the
problem based on the microgrid’s composition. Four combinations must
be considered: microgrids consisting solely of TCLs, those with TCLs and
ESS, those with TCLs and RES, and those with TCLs, RES, and ESS.
Table 6 summarizes the issue.

4. Optimization problem formulation
The optimization problem is formulated as follows:
4.1. Decision variable

The decision variables for this optimization problem consist of the
ON/OFF states of the different TCLs considered in the microgrid. This
approach is preferred over altering the hysteresis bands repeatedly, as it
offers a more stable and predictable control strategy. Unlike adjusting
hysteresis bands, which can lead to frequent fluctuations in operation,
maintaining predetermined ON/OFF sequences ensures consistent and
efficient operation of the TCLs. In addition, the chosen procedure fa-
cilitates the correction of mismatches caused by forecast errors. There-
fore, the value of this variable can only be 0 or 1.

Uridge ()
U, eezer (t)
UAc(t)
erh (t)

3

DecisionVariables

4.2. Objectives

The objectives of the optimization problem are formulated based on
the specific composition of the microgrid, as detailed in Section 3. These
objectives encompass minimizing TCL energy costs, reducing TCL power
consumption, or optimizing a trade-off between cost and power con-
sumption based on the production of RES, such as photovoltaics, which
are directly influenced by irradiance levels. By leveraging this rela-
tionship, the optimization process can effectively consider the opera-
tional costs during periods of abundant RES production, thereby
enhancing energy efficiency and cost-effectiveness. Each objective is
quantified as following.

Obj. 1 — minimizing TCLs energy cost

The objective function for minimizing TCLs energy costs is formu-
lated as:

N
Minimize C = Py, @ Urcy(t) @ price(t) o At (€))
n=1

Where C is the total energy cost over the optimization horizon from n =
1 to N. N represents the total number of time intervals in the optimi-
zation horizon. This value is calculated by multiplying 24 h by 60 min,
resulting in 1440 intervals. At represents the time step (discretization
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between each interval) and remains 60 s, indicating the duration of each
time interval as it considers a minute-by-minute approach. Pr¢, is the
power consumption of the TCL that Urc(t) ON/OFF sequence over the
time is going to be optimize. Price(t) is the electricity price at time t.

Obj. 2 — reducing TCLs power consumption

The objective function for reducing TCLs power consumption over
the optimization is formulated similarly to the energy cost minimization
objective, but without considering the electricity price component.

N
Minimize C = Prq; o Urai(t) ® At 5)
n=1
Obj. 3 — optimizing a trade-off between cost and power consumption
based on the production of RES
The objective function for optimizing the trade-off between cost and
power consumption based on RES production, is formulated as:

N
Minimize C =% P ® Urc,(t) @ price(t)  f(Pres(t), Powrcs ) @ At (6)

n=1
Where:

P, — Pres(t
f(Pres(t), Puotarrer ) = Proarrcr — Pras(t) @

P total TCL

This function quantifies the proportion of energy that can be self-
supplied by the RES and can be proportionally discounted from the
grid price for the optimization consideration, where Py, rc; denotes the
total TCLs, power installed in the microgrid. Prgs(t) is:

Pres(t) =Is(t)e Aep (8)

The power generated by the PV RES considered Pgrgs(t) at time t is
proportional to the irradiance Is(t), the area of PV panels A and its
performance 7.

The function f(Pggs(t), Prorcy ) from eq (7) serves as a cost adjust-
ment factor within the optimization problem. It reflects the degree to
which energy consumption costs can be offset by self-generated RES. At
its core, this function determines the portion of TCL energy consumption
costs that can be discounted based on the availability of RES. When RES
generation is sufficient to cover the entirety or a portion of TCL power
demand, f(Pres(t), Protarcr ) Will appropriately reduce the effective en-
ergy cost associated with TCL operation during that time of period.

In mathematical terms, the optimization function adjusts the total
energy cost C by multiplying it with f(Pgrgs(t), Porarrcr, ) at each time step
t along with the electricity price for that specific time of period. This
adjustment ensures that the optimization process prioritizes the utili-
zation of self-generated power from RES, thus minimizing reliance on
external grid energy and enhancing cost-effectiveness.

By integrating this cost adjustment mechanism into the optimization
framework, the algorithm can dynamically optimize TCL operation
strategies to leverage available renewable energy resources effectively,
ultimately contributing to improved energy efficiency and economic
savings within the microgrid system.

4.3. Constraints
The next constrains must be imposed:

- The decision variable (states of TCLs) is constrained to take on only
binary integer values, eq (9).

Urer(t) € {0,1} 9

- The system’s temperatures from TCLs, as described in Section 2,
plays a critical role influenced significantly by the decision variable,
which substantially impacts the system’s thermal behaviour. It dic-
tates the calculation of the system temperature at each discrete time
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Fig. 5. Flowchart of the Genetic Algorithm applied in this study.

step t. It is imperative that at every time step t, the system temper-
ature remains within the predefined operating temperature hyster-
esis band specific to each TCL.
e _OmaL o < e Oran 10
TCL; _T = TCL.-(t) = trcr; +T (10)
Where T3, is the setpoint temperature for the TCL i, drcy, is the
weight of the operating temperature hysteresis band for the TCL i and
Trcr, (t) is the temperature of the system modelled by the TCL i at the
time step t.

4.4. Solver: Integer genetic algorithm

Since the optimization of the state of TCLs over the next 24 h, minute
by minute, requires discrete integer values—specifically binary values of
1 or O—the problem inherently assumes an integer character. While
various optimization algorithms such as linear programming, local
search, branch-and-bound algorithms, as well as particle swarm opti-
mization, are commonly used, they often prove ineffective when
handling integer decision variables. Therefore, algorithms designed
specifically to handle integer decision variables, such as genetic algo-
rithms (GAs), become particularly relevant. Although algorithms like
the Non-dominated Sorting Genetic Algorithm (NSGA) are well-known
choices for multi-objective optimizations, the problem raised entails
optimizing a single objective at a time. Hence, the basic GA emerges as
the preferred choice for addressing this optimization problem. However,
like all metaheuristics, GAs do not guarantee finding the global mini-
mum; instead, they converge to a local minimum. This is primarily due
to the theoretical proof that reaching the global minimum is an NP-hard
problem.

Additionally, it is worth noting that optimization of this type of
problem can also be achieved using dynamic programming [15 51]. In
fact, the authors have successfully employed dynamic programming
techniques for systems of first order (i.e., involving a single state vari-
able). However, when dealing with systems of higher order complexity,
such as the freezer system (order three), dynamic programming becomes
computationally prohibitive due to the substantial computational
memory it demands. This is primarily attributed to the exponentially
growing state space associated with higher-order systems, which esca-
lates computational complexity. Therefore, while dynamic program-
ming may offer an alternative approach for optimization in certain
cases, its practical applicability is limited by computational constraints,

particularly in systems requiring high precision and involving multiple
state variables.

Considering the inherent challenges associated with the discussed
optimization problems, genetic algorithms (GAs) emerge as the
preferred choice for addressing such complexities.

4.4.1. Genetic algorithm workflow

A Genetic Algorithm is a population-based optimization method
inspired by natural selection, commonly employed in solving combi-
natorial problems. Each individual in the population encodes a potential
ON/OFF sequence for a TCL as a binary chromosome. The GA iteratively
improves solution quality through selection, crossover, and mutation,
guided by a fitness function defined as the inverse of the objective
function:

1

flx) :m an

where € is a small positive constant to prevent division by zero. The
algorithm continues until convergence criteria are met or a maximum
number of generations is reached. The overall workflow of the Genetic
Algorithm and its specific adaptation to the proposed optimization
problem are illustrated in Fig. 5.

Following the framework illustrated in Fig. 5, the first phase-
—Initialization Phase—is particularly relevant as it introduces a strati-
fied sampling method for generating the initial population. Unlike
conventional random initialization, the novel approach proposed in this
work considers variations in electricity prices throughout the optimi-
zation horizon, ensuring that ON/OFF sequences are structured
accordingly. This methodology is elaborated in detail in the subsequent
section 4.4.1.1, where the stratified sampling process is thoroughly
explained.

4.4.1.1. Initial population: Stratified randomness sampling. The estab-
lishment of the initial population is a crucial step in the Integer Genetic
Algorithm (IGA) framework, as it sets the foundation for subsequent
evolutionary processes. In this work, a stratified sampling approach has
been adopted to generate the initial population for the IGA.

1. Data Preparation: The algorithm utilized the anticipated electricity
prices for each hour of the following day, resulting in a total of 24
price values representing the 24-hour period.
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2. Stratification Process: Within each population, the probability of
setting the TCLs to ON or OFF at each time step was determined
based on the corresponding electricity price. Specifically, when the
electricity price was lower (indicating cheaper electricity), there was
a higher probability of setting the TCLs to ON. Conversely, when the
electricity price was higher, there was a higher probability of setting
the TCLs to OFF. This stratification ensured that the initial popula-
tion encompassed a diverse range of potential solutions that
considered variations in electricity prices throughout the day.

3. Population Generation: Following the indicated in the item 2, 200
populations were randomly generated, each representing a potential
input space for the optimization problem. These probabilities
ensured that each population was generated considering the varying
electricity prices throughout the day because, although random, they
followed the stratification process. This approach guaranteed that
each population contained unique configurations of ON/OFF se-
quences tailored to different price scenarios.

By incorporating the stratification process into the initial population
generation, the optimization algorithm was equipped with a compre-
hensive set of starting solutions that effectively captured the influence of
electricity prices on TCL operation. This approach facilitated a more
robust and adaptive optimization process, enabling the algorithm to
explore a diverse range of potential solutions.

4.5. Algorithm implementation

The proposed optimization algorithm has been implemented in
MATLAB® to generate day-ahead sequential ON/OFF profiles for each
TCL in the microgrid. Based on forecast data for ambient temperature,
solar irradiance, water temperature, and electricity price, the algorithm
optimizes TCL operation to minimize the selected objective functions

Irradiance/Temperature vs time
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T T T T T T T T T T
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according to the microgrid configuration. The optimization is performed
using a genetic algorithm with scenario-based constraints and binary
decision variables. The process is summarized in Algorithm 1.

Algorithm 1 Pseudocode of the Optimization algorithm

BEGIN

Load forecast data (Irradiance, Ambient Temperature, Water Temperature, Electricity
Price)

Define TCL models (AC, fridge, freezer, EWH) and each parameter [Section 2]

Define microgrid composition scenario (TCL only, TCL + RES, TCL + ESS, TCL + RES +
ESS) [Table 6]

Define optimization problem structure (24-hour horizon, 1-minute resolution, 1440 states):

— Decision variables: ON/OFF states [Eq.(3)]

— Choose objective functions depending on ugrid composition [Eq.(4), Eq.(5), or Eq.(6)&
1]

— Constraints on thermal behaviour and binary variables [Eq.(9)&(10)]

— Initial population generated via stratified sampling based on electricity prices

FOR each TCL (starting with AC, followed by fridge, freezer, and EWH):

Apply GA optimizer with defined problem structure

Store optimized ON/OFF profile and resulting temperature dynamics

// Note: AC optimization result provides indoor temperature used by subsequent TCL models

END

Calculate cumulative energy consumption and cost for optimized solution

Display results (temperature profiles, ON/OFF sequences, cumulative cost/energy plots)

END

5. Demand Response considerations

The TCL optimization system presented in this study is designed to
ensure that any microgrid containing it remains consistently available to
participation in demand response programs, including load shifting,
peak shaving, and demand flexibility. This work introduces and distin-
guishes two novel terms regarding TCLs: the operating temperature
hysteresis band and the comfort temperature hysteresis band. The
operating temperature hysteresis band refers to the range within which
optimization occurs, and TCLs operate under normal conditions. This
band is contained within the comfort temperature hysteresis band,
which represents the less restrictive range for TCLs. TCLs can only
operate within this band if a command is issued by the system operator
to participate in a demand response event upon receipt of a grid request.
The comfort temperature hysteresis band is imposed by the TCL user, as
exceeding these temperature limits would compromise user comfort.

Fig. 6 illustrates the temperature dynamics within a system governed
by a TCL. Following a designated demand response period, initially
marked as tpg, and tpg, indicating the commencement and conclusion of
the demand response, respectively, the TCL reverts to its optimization
schedule. The restoration of the optimization schedule after the demand
response is ensured by the supervisor described in section 6. The time at
which it reaches the pre-defined on/off sequence for optimization is

termed as the optimization recovery time t,,. Furthermore, each THB
mentioned previously is delineated by dashed lines in different colours.

To accurately anticipate the available resources for engaging in a
demand response (DR) event upon receiving a grid request, and to
ensure the consistent delivery of the committed load reduction or load
increase services during the DR periods, several indices have been pre-
viously established in the literature [52 53]. These indices take into
account factors such as the operating temperature of the system, which
varies across the different TCLs, as well as the availability of energy
resources (power and duration over time). This available energy is
shaded in green in Fig. 6.

6. Mismatches in the real-time operation: TCLs supervisor

In real-time operation, mismatches between predicted and actual
energy consumption of TCLs can arise due to various factors, such as
uncertainties in environmental conditions and deviations from antici-
pated user behaviour, as well as DR periods described in the previous
section. These discrepancies pose significant challenges to the effective
management of TCLs’ ON/OFF sequences, as they can result in subop-
timal performance and uncontrolled and unoptimized ON/OFF se-
quences. The supervisor, equipped with real-time monitoring
capabilities and advanced control algorithms, acts as a decision-making
entity responsible for adjusting TCL operation in response to those dy-
namic changes.

To address mismatches in real-time operation, the TCL supervisor
employs an adaptive strategy that dynamically adjusts TCL operation to
align with the established ON/OFF sequence. Specifically, when de-
viations occur due to human behaviour or environmental factors such as
changes in irradiance, resulting in temperatures not accounted for in the
predetermined sequence, the supervisory layer would intervene in real-
time. Its role would be to ensure that the TCL’s temperature adapts to the
target set by the preceding optimization sequence. Once the desired
temperature is reached, the TCL can resume following the established
ON/OFF sequence. This control strategy effectively ensures that the TCL
operates optimally according to the predetermined sequence, even in
the face of unforeseen deviations.

In Fig. 7, the graphical representation illustrates the dynamics
described earlier. Once a disturbance occurs, causing the system to
deviate from the proposed optimal dynamics, indicated as tp,, the su-
pervisor initiates operation. This disturbance persists for a duration
during which the supervisor may not be able to maintain full control
over the TCL. Upon the conclusion of the disturbance at tp,, the system
responds effectively to the supervisor’s control, swiftly guiding the
system back to the optimal temperature to resume following the optimal
sequence obtained from the problem. The time taken by the system to
recover and adhere to the proposed temperature is termed as the opti-
mization recovery time, denoted as t, ..
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Fig. 12. Scenario: TCL + RES. Temperature dynamics and it corresponds ON/OFF sequence of a) AC b) Fridge c) Freezer d) EWH.

After analysing Fig. 7 and its accompanying explanation, it becomes
evident that the optimization approach proposed in this work can
facilitate the task of a supervisor, by providing a clear optimal ON/OFF
sequence with the associated temperature profile. This optimized
sequence allows for a swift response to disturbances, ensuring efficient
control over the system dynamics. In contrast, if the optimization were
based on setting a setpoint temperature, the system’s response to mis-
matches would be significantly more complex and challenging to
manage.

10

7. Use case

This section presents the application of the proposed optimization
strategy to a representative residential microgrid, composed of the four
TCL described previously: an AC with a nominal power of 2,000 W, a
refrigerator consuming 50 W, a freezer with a rated input of 60 W, and
an EWH of 500 W. The microgrid is conceptually located in Huelva,
Spain (latitude 37°N), a region with a Mediterranean climate, charac-
terized by mild winters and high solar potential.

The simulation covers a full 24-hour period corresponding to
December 15, 2023 (day 338 of the year). The optimization is performed
on the previous day, using forecasts available on December 14 to
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determine the optimal ON/OFF switching sequence for the TCLs to be
applied throughout December 15. All external inputs—ambient tem-
perature, solar irradiance, and electricity prices—are based on day-
ahead forecasts, in line with real-world scenarios where this informa-
tion is published the day before operation. Weather data are sourced
from the Spanish State Meteorological Agency (AEMET) [54], while the
electricity price profile follows the official time-of-use (ToU) tariffs
offered to residential consumers by Spanish utility providers [55]. The
cold-water inlet temperature is dynamically estimated from the ambient
temperature, ensuring consistency with the thermal behaviour of do-
mestic appliances.

The optimization is applied to the microgrid composed of the four
TCLs, considering the different configurations outlined in Table 6, which
reflect varying levels of flexibility and resource integration. The
remainder of this section is structured as follows: Section 7.1 introduces
the external datasets used as inputs to the optimization; Section 7.2
presents the baseline scenario in which TCLs operate under fixed

11

hysteresis control; and Section 7.3 compares this baseline with the
optimized dispatch results across different microgrid configurations.

7.1. External Dataset Overview

The external inputs driving the optimization include irradiance (Is),
ambient temperature (Tamb), and water temperature (Tw), all based on
forecast data for the selected simulation day. These parameters are
interpolated to a one-minute resolution to match the time discretization
of the optimization algorithm and to capture the short-term dynamics of
TCL operation with higher fidelity. The three environmental variables
are shown in Fig. 8:

In addition to the weather-related inputs, electricity prices are
incorporated as a key economic driver of the optimization. It is impor-
tant to distinguish between the standard price signal, which reflects the
utility’s published ToU tariff, and the adjusted price, used in scenarios
that account for renewable energy (RES) self-generation within the
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microgrid. The adjusted price, illustrated in Fig. 9b, results from the

Table 7
Summary of optimization results for the use case under different microgrid
scenarios.
Scenario Objective Improvement Achieved
TCL only Energy cost minimization 3.3 % reduction in daily energy
cost
TCL + RES Energy cost minimization 18 % reduction in daily energy
considering RES cost
TCL + ESS (and/  Power consumption 2.4 % reduction in daily energy
or RES) minimization consumption

installations.

equivalence defined in Equation (7) (Section 4.2, Objective 3), which
reflects the economic value of self-consumed photovoltaic energy. In
this context, a rooftop PV system is assumed to be available with an area
of 24.2 m2 and an efficiency of 20 %, in line with typical residential

The colour scale of the bars in Fig. 9 is computed automatically based
on the range of electricity prices. Notably, even bars unaffected by RES
production may exhibit colour variation between Fig. 9a and b due to

dynamic rescaling.

7.2. Baseline case: Fixed thermostatically load

The TCLs operate within a base case scenario where the control
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consists of maintaining the temperature objective into a band around the
set point established by the user in each time. The band represents the
comfort temperature range. This base case serves as a fundamental
reference point for comparing against optimization scenarios because it
reflects the standard operational protocols inherent in these appliances
today.

7.3. Optimization cases

The optimization strategy flowchart used to optimize the ON/OFF
sequence profile of the TCLs within the microgrid is depicted in Fig. 11.
The evaluation primarily focuses on assessing the TCL’s performance in
terms of power consumption and energy costs. These two metrics
represent key areas for potential microgrid enhancement, and the var-
iables directly involved in the different objectives designed in section 3
and also exert a direct influence on the overall microgrid performance
and efficiency.

7.3.1. Scenario: TCL + RES

The chosen scenario for in-depth study is the most complete, as
previous scenarios only required specifying the microgrid’s composition
to the optimizer. In this case, it is necessary to specify the square meters
of photovoltaic panel surface area and their efficiency. Additionally, the
introduced prices are adjusted prices based on RES production, as
illustrated in Fig. 9 b). The results obtained applying this objective are
presented in Fig. 12 where can be seen temperature profiles very
different from those corresponding to the base case shown in Fig. 10.

The graphs shown in Fig. 12 showcase the temperature profiles and
ON/OFF sequences of each TCL, providing insights into their opera-
tional patterns and energy consumption behaviour. Fig. 13 illustrates a
comparison between the cumulative energy costs in the base case and
the TCL + RES optimization scenario.

This comparative graph highlights the significant reduction in en-
ergy costs achieved through optimization. As illustrated, by the end of
the day, the optimized scenario marked in colour green, exhibits a 18 %
decrease in costs compared to the base case.

7.3.2. All other scenarios

Only two other scenarios are considered for the other 3 cases of
microgrid composition, as explained in section 3: the cost optimization
in the case of a microgrid only composed of TCL and the energy con-
sumption optimization in the cases in which the microgrid contains ESS.
The results corresponding to the cost optimization in the cases of a
microgrid only composed of TCLs is presented in Fig. 14. As can be seen,
a perceptible decrease of the daily cost is obtained, which represents in
the assess day a 3,3 %.

The results corresponding to the energy consumption optimization
are presented in Fig. 15, where a decrease of 2,4 % in the daily energy
consumption is obtained.

Finally, Fig. 16 presents the comparison between the two cost opti-
mization algorithms presented, one of them without considering the RES
production and the other promoting the consume during the hours in
which the RES are generating energy. As can be seen the second opti-
mization objective obtain much better results.

To better illustrate the improvements achieved for the use case
through the proposed optimization strategy across the different micro-
grid compositions, Table 7 summarizes the key results. The reductions in
both energy costs and consumption demonstrate the effectiveness and
adaptability of the approach for various scenarios.

8. Conclusions

In this study, the optimization of microgrids has been explored, with
particular emphasis on the dispatch of thermostatically controllable
loads (TCLs) commonly found in residential settings. The optimization
objectives have been carefully crafted to accommodate the diverse
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compositions of microgrids, whether they include renewable energy
systems (RES), energy storage systems (ESS), or consist solely of loads.
Notably, the approach considers the TCLs’ potential contribution to
demand response programs within the broader power system context,
while also addressing the challenges stemming from discrepancies be-
tween day-ahead dispatch instructions and real-time operational
conditions.

A key element of this optimization process lies in the utilization of a
genetic algorithm (GA) to determine optimal on/off sequences and
corresponding temperature profiles for each TCL. Unlike traditional
approaches based on variable temperature setpoints, this method pri-
oritizes the optimization of energy consumption or energy costs,
enabling TCLs to seamlessly participate in demand response activities
and adapt to unforeseen events while maintaining optimized perfor-
mance profiles.

Future research endeavours will focus on enhancing the optimization
framework to incorporate representations of human behaviour within
smart-home settings. A key objective will be to transition from simula-
tion optimization to practical implementation by integrating a real-time
supervisor control system, deploying, and testing the proposed optimi-
zation algorithm directly within laboratory-scale microgrid networks.
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