POLITECNICO DI TORINO
Repository ISTITUZIONALE

Optimal Cogeneration Scheduling: A Comparison of Genetic and POMDP-Based Deep Reinforcement
Learning Approaches

Original

Optimal Cogeneration Scheduling: A Comparison of Genetic and POMDP-Based Deep Reinforcement Learning
Approaches / Ghione, Giorgia; Randazzo, Vincenzo; Pasero, Eros; Badami, Marco. - In: IEEE ACCESS. - ISSN 2169-
3536. - ELETTRONICO. - 13:(2025), pp. 128562-128581. [10.1109/access.2025.3590255]

Availability:
This version is available at: 11583/3002153 since: 2025-07-28T09:00:16Z

Publisher:
IEEE

Published
DOI:10.1109/access.2025.3590255

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

26 April 2026



IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 15 April 2025, accepted 28 June 2025, date of publication 17 July 2025, date of current version 25 July 2025.

Digital Object Identifier 10.1109/ACCESS.2025.3590255

== RESEARCH ARTICLE

Optimal Cogeneration Scheduling: A Comparison
of Genetic and POMDP-Based Deep
Reinforcement Learning Approaches

GIORGIA GHIONE ', (Graduate Student Member, IEEE),
VINCENZO RANDAZZO"!, (Member, IEEE),
EROS PASERO !, (Senior Member, IEEE), AND MARCO BADAMI?

lDepartment of Electronics and Telecommunications, Politecnico di Torino, 10129 Turin, Italy
2Department of Energy, Politecnico di Torino, 10129 Turin, Italy

Corresponding authors: Giorgia Ghione (giorgia.ghione @polito.it) and Vincenzo Randazzo (vincenzo.randazzo@polito.it)
The work of Giorgia Ghione was supported in part by the Programma Nazionale Ripresa e Resilienza - Next Generation EU
(PNRR-NGEU) from the Italian Ministry of University and Research (MUR) under Grant 38-033-32-DOT1332092-3353 (DM 352/2022)

and in part by Trigenia S.r.I. The work of Vincenzo Randazzo was supported within the Programma Operativo Nazionale (PON) Ricerca e
Innovazione of the Italian Ministry of University and Research (MUR) under the Contract 32-G-13427-2 (DM 1062/2021).

ABSTRACT Large processing facilities require multiple types of energy, such as electrical and thermal
(hot water or steam). Cogeneration, or Combined Heat and Power (CHP), can provide significant economic
and energy savings. However, scheduling its operation in real-time is challenging. This work compares
deep reinforcement learning (DRL) and genetic algorithm (GA) approaches to control a real CHP in a
processing facility. Traditionally, the CHP economic dispatch problem is modelled as a Markov Decision
Process (MDP) with the assumption of complete observability. Due to the uncertainty of future electric
and thermal demands, this assumption is unrealistic in real-world scenarios. Thus, this work proposes
using a partially observable MDP (POMDP) for hourly CHP dispatch scheduling to address this partial
observability. The selected DRL algorithms are Deep Q Network (DQN), Deep Deterministic Policy
Gradient (DDPG), and Soft Actor-Critic (SAC), along with six GA variants. Performance was evaluated
using multiple economic metrics, including Earnings Before Interest, Taxes, Depreciation, and Amortization
(EBITDA), an environmental analysis, and a sensitivity analysis under variable electric pricing. This work
shows that POMDP effectively models the hourly dispatch scheduling problem of CHPs. The insights
gained from this analysis offer multiple potential avenues for future research, including the development
more advanced DRL algorithms for CHP economic dispatch and the evaluation of their resilience when
inaccurate measurements and anomalous conditions occur.

INDEX TERMS CHP, cogeneration, deep reinforcement learning, EBITDA, economic dispatch, energy,
genetic algorithm, partially observable Markov decision process.

I. INTRODUCTION

Large processing facilities typically need several types of
energy, such as electrical, mechanical, or thermal energy (in
the form of hot water or steam). Frequently, these energy
outputs originate from diverse energy resources like steam
or gas turbine generators, internal combustion engines (ICEs)

The associate editor coordinating the review of this manuscript and

approving it for publication was Wencong Su

and boilers. Cogeneration, also known as Combined Heat and
Power (CHP), is widely utilized in industrial and residential
settings [2]. It involves the simultaneous generation of
thermal and electrical/mechanical energy from one primary
energy source [3]. The national power grid serves as an
additional electricity source for industries in case their plants
do not generate sufficient energy. Conversely, it functions as
a recipient for surplus electricity produced, when needed.
The range of interdependent energy sources, coupled with

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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the evolving technical and economic landscape, makes the
development of effective strategies for reducing energy costs
complex [4], given that they represent a primary component
of the overall cost of owning and operating a processing
facility. Cogeneration has the potential to provide significant
savings, both in terms of economics and energy [5], and it can
improve the flexibility of the overall power system [6]. The
feasibility, profitability, and sustainability of CHP systems in
manufacturing facilities have been widely studied [7], [8], [9],
[10]. Nevertheless, the scheduling of their operation is still a
challenging task nowadays [11], [12]: in particular, dynamic
uncertainties in the energy demands, caused by human
activities and weather conditions, make the optimization of
CHP dispatch scheduling complex.

Many studies exist on the optimization of the dispatch
strategy of CHP systems, seeking to minimize total pro-
duction costs, maximize operating income or minimize
carbon emissions while ensuring all constraints are met:
Reinforcement Learning (RL) has emerged as a technology
that is significantly impacting this field. Deep Reinforcement
Learning (DRL) is a subcategory of machine learning which
combines RL and deep learning. In these studies, the
control problem is modelled as a Markov Decision Process
(MDP), assuming the complete observability [13] of the
system: however, this assumption rarely holds in real-world
environments, which are subject to uncertainties and errors
especially regarding energy demands. In the broader context
of microgrids, multiple studies handled these challenges by
describing the energy management optimization problem as
a Partially Observable Markov Decision Process (POMDP),
enhancing the robustness and adaptability of decision-
making strategies. For example, [14] presented a DRL-
based finite-horizon POMDP approach for energy dispatch
in IoT-enabled smart isolated microgrids; [15] proposed a
bi-level cooperative RL-based framework to address adaptive
decision-making under incomplete information in distribu-
tion systems with multiple microgrids; in [16] a multiagent
Bayesian DRL approach was introduced for microgrid energy
management under communication failures; in [17] the
residential energy trading and demand-side management
problem was modelled as a POMDP and a DRL approach was
adopted; [18] proposed a distributed energy management
approach for multimicrogrids, formulating the problem as a
decentralized POMDP; [19] adopted a POMDP approach
to model customer response uncertainties for the optimal
dispatch of residential distributed energy resources. However,
the POMDP framework has not yet been explored in the field
of optimal CHP dispatch scheduling to the best of authors’
knowledge.

The contributions of this work are the following.

o This work proposes the novel application of the POMDP
framework to the hourly CHP control problem based
on the energy demands of a processing facility, and
multiple DRL and genetic algorithm (GA) approaches
are compared.

VOLUME 13, 2025

o The case study of this work involves the cogeneration
unit of a factory situated in Italy: the real energy
demands of the factory of the year 2021 were collected
for this work.

o The DRL models compared in this work are Deep
Q Network (DQN) [20], Deep Deterministic Policy
Gradient (DDPG) [21] and Soft Actor-Critic (SAC) [22]
and the influence of the size of the POMDP time horizon
was assessed for each of them. Six different variants
of the GA were tested. Multiple deterministic strategies
were taken as a benchmark to evaluate the results.

o The performance of the algorithms was evaluated via
multiple economic metrics, including the Earnings
Before Interest, Taxes, Depreciation, and Amortization
(EBITDA). Also, an environmental analysis and a sen-
sitivity analysis under variable electric energy pricing
conditions were performed.

The remainder of this paper is organized as follows.
In Section II a comprehensive review of the literature
regarding the optimization of CHP dispatch strategies is
presented. In Section III the main characteristics of the
case study, the objective function and the constraints of
the CHP scheduling problem are described, followed by
an explanation of the GA and DRL methods utilized
and the POMDP approach adopted. Section IV includes a
description of the dataset which was employed for training
and testing purposes, the baselines for evaluation, and, finally,
a discussion of the results of each experiment. Lastly, the
conclusion on this work is drawn and future works are
explained in Section V.

II. LITERATURE REVIEW

Currently, various methods are employed for the control
of energy systems, typically characterized by non-linearity,
multi-modal objective functions, and a mix of discrete and
continuous variables. Two main categories can be found:
model-based control strategies and data-driven models.

Model-based control techniques leverage a mathematical
model of physical phenomena to develop an effective control
procedure [23]. On the other hand, data-driven models rely on
insights gained from data which are processed in either offline
or online mode, rather than relying on information derived
from a mathematical model [24]: some methods which fall
into this category are Reinforcement Learning (RL) [25] and
evolutionary algorithms [26].

Table 1 provides a comprehensive overview of the
methodologies utilized for the optimization of Combined
Heat and Power (CHP) dispatch strategies. The studies were
classified based on multiple aspects: the technologies in
the energy system, the optimization or control methods
employed, the type of energy demand data used (real-world
or from simulations), whether variable energy prices (e.g.,
electricity prices) were considered, whether comparative
analyses were conducted against other methods, whether
uncertainty handling or partial observability (PO) were
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addressed in the study and, lastly, whether a Partially
Observable Markov Decision Process (POMDP) was used in
modelling.

The reviewed studies encompass a wide range of tech-
nologies including CHP systems, renewable sources, energy
storage solutions, and heating technologies such as gas
boilers and electric boilers. As regards the methodologies
utilized, the studies employ various optimization techniques
such as SAC, PID, DDPG, GA, among others, leveraging
real-world or simulation-based data. Variable energy prices
are considered in many studies, emphasizing the importance
of economic feasibility. Additionally, comparative analyses
against alternative methodologies emerge as a necessary step
in the validation of proposed strategies. The literature shows
that a promising research avenue is the development of meth-
ods addressing the inherent complexities and uncertainties in
energy system operations: uncertainty handling techniques
were incorporated in several studies. However, literature
lacks in the application of the POMDP framework in RL
solutions for CHP dispatch scheduling. Indeed, as detailed
in Section III-D1, real case applications cannot be fully
modelled using MDP; therefore, this paper tries to overcome
the literature limitations by applying POMDP.

This work aims to contribute to bridging these gaps by
comparing RL, evolutionary and deterministic approaches for
the optimization of the dispatch scheduling of a CHP in a real-
world scenario, assessing the performance of POMDP against
the traditional MDP framework. Furthermore, a sensitivity
analysis is performed considering real variable energy prices.
The basic approach was presented in [1] by the authors.
Here, the framework is refined and extended by means of
additional theoretical analysis of the working principles of
the Reinforcement learning and Genetic Algorithm. Also, the
proposed approach has been compared to three traditional
CHP scheduling benchmarks, such as electric load following,
three versions of the Genetic algorithm, and two additional
deep reinforcement learning algorithms, namely DDPG and
SAC.

lll. METHODOLOGY
This section describes the case study, as well as the CHP
scheduling problem and the methods utilized.

A. DESCRIPTION OF THE CASE STUDY
A real thermal power plant (TPP) in the Lombardy region
of Italy is the case study of this work. The plant consists of a
cogenerator powered by an internal combustion engine (ICE),
which provides heat and power to a factory that produces
adhesive solutions.

Table 2 summarizes the main characteristics of the
presented CHP and Fig. 1 shows a scheme of the real system.

The factory presents a demand for both electric power and
heat in the form of steam, high-temperature hot water, and
low-temperature hot water, which will be aggregated into a
single thermal demand term. Fig. 2 represents the duration
curve of the electric and thermal load during the year 2021.
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FIGURE 1. Scheme of the energy production problem.

The cogeneration plant is made of a single cogeneration
unit, whereas the whole TPP is made of three boilers and
a reciprocating engine. The combined production of heat
and electricity is made using a reciprocating engine. The
cogeneration module functions with a four-stroke Otto cycle,
utilizes natural gas as fuel and is also connected in parallel to
the power supply network of the national power grid, with a
voltage amounting to 15 kV.

In the cogeneration unit, the heat recovery starts inside the
engine block (including a lubricating oil circuit, an engine
jacket water circuit, and an intercooler first stage circuit).
Approximately 774 kW can be recovered from it, according
to the design specifications. This power recovery, when
supplied together with the 97 kW provided by the preheating
coil, allows the generation of hot water at approximately
85 °C for the operational needs of the facility. The exhaust
gases yielded by the engine block are conveyed to a shell-and-
tube heat exchanger able to produce 396 kW (considering also
the 41 kW provided by the economizer) as saturated steam at
approximately 175 °C. This steam is completely self-utilized
by the facility. Lastly, the heat of the second intercooler
stage, which accounts for 118 kW, is recovered through an
additional exchanger as low-temperature hot water at around
29.5 °C. This thermal output is self-utilized by the facility as
well.

The cogenerator can only partially cover the electric power
and heat demands of the factory (Fig. 2). The remaining heat
demand is supplied by integration boilers with efficiency n;p
equal to 0.84, which is the experimental mean efficiency
value of the currently installed boilers in the TPP. The
remaining electric power demand is covered by purchasing
power from the national power grid.

The heat and electricity produced by the cogenerator are
almost completely self-utilized, thus the CHP plant can be
considered a highly efficient one, by the European Parliament
directive 2012/27/EU [47]. Given this consideration, it can be
also assumed that the CHP plant has dispatching priority on
the national power grid [47].

At present, plant technicians manually control the CHP
based on their experience. This control is operated by hourly
modifying the load of the CHP, which is denoted by the
parameter «, called load coefficient. The parameter « is
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TABLE 1. Literature review.

Article Technology Methods Data Variable prices ~ Comparative Uncertainty/PO  POMDP
analysis
Alabietal., 2024 CHP, AC, HP, SAC Real Yes - Yes -
[27] GB, EC, WT,
PV, BES, TES
Dongetal., 2021 CHP, EB, PV, A3C Real Yes - - -
[28] WT, BES, TES,
GS, PtG
Gao & Lin, 2023 CCHP DDQN Real Yes - Yes -
[29]
Ginidi et al., CHP HBOA Simulation - Yes - n.a
2021 [30]
Hu et al.,, 2024 CHP, GB, EB, MINLP Simulation Yes - - n.a
[31] BES, TES
Jia et al.,, 2024 CHP, BES, HP, TD3 Real Yes - Yes -
[32] TES, AC
Kim et al., 2020 CHP GA, FFNN Real Yes - - n.a
[33]
Liu et al., 2020 CHP, WT, MIQP Simulation - - - n.a
[34] CFTPU, EB,
TES
Lorestani & CHP, PVT, PV, PSO Simulation - Yes - n.a
Ardehali, 2018 WT, BES, TES,
[35] EH
Moretti et al., CHP, PV, WT, RO Real, Simulation  Yes - Yes n.a
2020 [36] BES, GB, HP
Moustafa et al., CHP MSA Simulation - Yes - n.a.
2024 [37]
Qiu et al., 2022 CHP, PV, WT, DDPG Real Yes Yes Yes -
[38] TES, HSS, HP,
GB
Ruan et al., 2023 CCHP, PV, BES, DDPG, TD3 Simulation Yes Yes Yes -
[39] TES
Sundaram, 2020 CHP NSGA II-  Simulation - Yes - n.a
[40] MOPSO
Tang, 2019 [41] CHP, GT, GB, MILP Real - - Yes n.a
BES, TES, EH,
PV, WT
Wu et al., CHP, HSS,HFC, Adaptive closed- Simulation - - - n.a
2024 [42] GB, MR loop control
Zhang et al, CHP, WT, HP, SAC Simulation - Yes Yes -
2021 [43] GT, BES
Zhou et al., 2020 CHP, WT, TES DPPO Simulation Yes - Yes -
[44]
Zhouet al., 2022 CHP, PV, WT, SAC Real Yes Yes Yes -
[45] BES, GB, HP
Zymetka & CHP GA Real Yes - - n.a.
Szega, 2021 [46]
This work CHP, GB SAC, DDPG, Real Yes Yes Yes Yes
DON, GA

Table 1 abbreviations: Absorption chiller: AC, Battery electric energy storage: BES, Coal-fired thermal power unit: CFTPU, Combined cooling, heating,
and power: CCHP, Electric boiler: EB, Electric chiller: EC, Electric heater: EH, Feed-forward artificial neural network: FFNN, Genetic algorithm: GA, Gas
boiler: GB, Gas turbine: GT, Gas storage: GS, Heap-based optimization algorithm: HBOA, Hydrogen fuel cell: HFC, Heat only: HO, Hydrogen storage
system: HSS, Heat pump: HP, Manta Ray Foraging Optimization Algorithm: MRFOA, Mantis Search Algorithm: MSA, Methane reactor: MR, Multi
Objective Particle Swarm Optimization: MOPSO, Nondominated Sorting Genetic Algorithm IT: NSGA 1I, Particle swarm optimization: PSO, Power only:
PO, Power to gas: PtG, Photovoltaic: PV, Photovoltaic-thermal panels: PVT, Reinforcement learning: RL, Soft actor-critic: SAC, Thermal energy storage:
TES, Wind turbine: WT, Genetic algorithm: GA, Deep Q-network: DQN, Deep deterministic policy gradient: DDPG, Twin delayed deep deterministic policy
gradient: TD3, Advantage actor-critic: A3C, Deep Q-network with experience replay: DDQN, Mixed-integer linear programming: MILP, Mixed-Integer
Nonlinear Programming: MINLP, Mixed-integer quadratic programming: MIQP, Proximal policy optimization: PPO, Dual proximal policy optimization:

DPPO, Model predictive control: MPC.

defined in Equation 1:

o= Pej crp )

P elnom
where P, cpp is the electric power to be generated by
the cogenerator and Py, is defined in Table 2. Thus, «
represents the fraction of the rated electric power to be

produced. At each time step ¢, the load coefficient can
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be increased or decreased by a value Acw;, as shown in
Equation 2.

ar =oy 1 + Aoy ()

The load coefficient can be set to 0 (the CHP is turned
off) or to any number between 0.5 (half load) and 1 (full
load): indeed, it is not possible to set o to values lower than

128565



IEEE Access

G. Ghione et al.: Optimal Cogeneration Scheduling: A Comparison of Genetic and POMDP-Based DRL Approaches

TABLE 2. Summary of the technical characteristics of the CHP.

TABLE 3. Summary of economic data.

Characteristic Value Notation  Description Value
Rated full-load electric power output (Pe;,,,,) [kW] 1203 FEEC Price of EECs [€/EEC] 2607
Rated full-load thermal power output (Py,,..) [kW] 1385 Tel Revenue per kilowatt-hour (kWh) from selling 0.052
Type of cycle Four-stroke Otto cycle electric energy to the grid [€/kWh]
Fuel type Natural gas Cel Per-kWh cost for the purchase of electric energy ~ 0.15%
Nominal electric efficiency [%] 40.2 from the grid [€/kWh]
Nominal maximum thermal efficiency [%] 47.8 NG Cost of natural gas [€/kWh] 0.0412
CO&M Cost of operation and maintenance [€/h] 142
1750 1750 4 Mean value in Italy before the 2021 global energy crisis.
1500 = 1500
5 1250 % 1250
g 1000 8 1000
g 750 E 750 included. In particular, the EBITDA is calculated as the sum
g 2‘5’2 2 igg of revenues R (due to EECs and the revenue derived from
- selling excess electricity back to the grid) and the avoided
0 20 40 60 8 100 0 20 40 60 8 100 . . . ..
Time [%] Time [%] costs AC from using the CHP (i.e. the savings from avoiding
(@) (b) the cost of natural gas utilized for heat production and the

FIGURE 2. (a) Duration curve of the electric load during the year 2021.
(b) Duration curve of the thermal load during the year 2021.

0.5 besides 0. This constraint is due to the minimum and
maximum modulation thresholds defined for the CHP: the
minimum modulation threshold is equal to half P and
the maximum modulation threshold is equal to P, . This
work focuses on the optimization of the scheduling of the load
coefficient « via the hourly control of Aw;: the optimization
concept presented in this work is graphically shown in Fig. 3,
where the CHP block is as Fig. 1.

elm,m >

CHP Electrictijty Optimization
eman i
. algorithm
Grid = Electric |Ean Eez, D g

. Powe Objective
oHp  Eusc User function

Heat demand
o a5 Ewn,p System
— .

ogaton Enn constraints

Load coefficient update Aa

—> State (historical data)
—> Control action

FIGURE 3. Scheme of the optimization concept. CHP block is as Fig. 1.

B. OBJECTIVE FUNCTION AND CONSTRAINTS

The Earnings Before Interest, Taxes, Depreciation, and
Amortization (EBITDA) metric [48] is the objective function
to be maximized. The formulation of the hourly EBITDA is
presented in Equation 3.

EBITDA = R+ AC — C 3)

All incentive criteria outlined in the Italian legislation
pertaining to the primary energy-saving directive have been
considered: the computation of Energy Efficiency Credits
(EECs), which are documents provided by the Italian state
to certify a specific reduction in energy consumption, was
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cost of electricity self-consumed), from which the costs of the
plant C were subtracted (considering the procurement of nat-
ural gas required to fuel the cogenerator, and operations and
maintenance, i.e. O&M, costs). The heat self-consumption
was factored into the EBITDA formulation in accordance
with the European Parliament directive 2012/27/EU [47]
regarding high-efficiency cogeneration, which pertains to the
primary energy savings calculation. Since the main interest
of this work is the economic return, the possible waste of
thermal energy caused by the electric load following mode
was not included as a cost in the EBITDA.

The detailed formulation of the EBITDA at each time ¢ is
the following:

EBITDA; = rgpc X EECy 4 1e; X Eo1,. 16,1

Eth,SC,t

+ cnG X + Cet X Ee1 5,1

niB
—¢NG X Eng,cHP,r — cogm X Hy  (4)

where E,; sc; is the self-consumed electric energy in the
1-hour interval A, equal to the electric energy demand;
Ew sc.; 1s the self-consumed heat in the 1-hour interval At,
equal to the heat demand; n;p is the efficiency of integration
boilers defined in Section III-A; the variable H; represents
the amount of operating hours of the cogenerator. The cost
terms cNG, Cel, Tel» YEEC and cogas are reported in Table 3: the
mean values in Italy before the 2021 global energy crisis were
utilized because this crisis introduced significant volatility
and anomalies that could skew the results. The other variables
are defined in Equations 5-7.

EEC; = keony X kharmon

Eeicup:  Emsc,
+ — Eng,cup: | ()
flel,qf nthmf
Ee1 76,1 = Eei,cHP,t — Eel,5C,t (6)
Eeichp,t
EnG,cupt = ———— @)
Nel,t
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TABLE 4. Summary of parameters for EEC calculation.

Notation  Description Value
Kharmon Harmonization coefficient 1.4
keony Conversion coefficient from MWh to tonnes of oil 0.086
equivalent (toe)
el Conventional average efficiency of the 0.46
Italian  electric power  generation fleet
(between 50% and 100% of P,y , defined in Table 2)
ihyep Conventional average efficiency of the Italian 0.90
thermal generation fleet
with
Ee,capt = ot X Pel,,,, X Hi ®
Nel,t = a+ b X Pe,cHp.1 ©))

Equation 5 provides the EEC calculation mandated by Italian
legislation: here, EEC; denotes the number of EECs assigned
for the operation of the CHP; the parameters kcony, knarmons
Nels» and 7, are defined in Table 4 ; E. cup, is the
total electric energy output of the cogenerator calculated in
Equation 8, where «; and P, are defined in Equation
2 and Table 2, respectively. In Equation 6, E.; 76, is the
electric energy sold to the grid. In Equation 7, Eng,crp, is
the primary energy input and the term 7, is the electric
efficiency. Since the electric power generation of the CHP
can be regulated between 50% (« equal to 0.50) and
100% (o equal to 1) of the rated full-load electric power
output, as described in Section III-A, the electric efficiency
Nel,; Was simulated with a linear regression computed over
real experimental data of the plant: the curve that was
selected is reported in Equation 9 (where a = 0.354 and
b = 4.0e — 5 were empirically computed, and P,; cpp is the
generated electric power). The maximum thermal efficiency
of the CHP is computed based on the electric efficiency
and a constant energy utilization factor equal to 0.88,
as experimentally established by the CHP manufacturer.

The parameters of the EBITDA equation affected by the
CHP scheduling via the load coefficient «; and its change
Aa are E sc.t Eer, 16,15 ENG,cHP,t» Em,sc,t» Hy, and EEC;.
Therefore, the optimization function is subject to constraints
regarding the load coefficient «; and its change Ac«, due
to the technical specifications of the system explained in
Section III-A. The following constraint on the load coefficient
o, must be satisfied:

Amin < 0t < Umax (10)

where i, is the lower bound for the load coefficient, equal
to 0.50, and oy is the upper bound for the load coefficient,
equal to 1. Additionally, ; can be equal to zero to turn off the
CHP.

An additional constraint must be satisfied, regarding the
change in the load coefficient Ag;:

Adpin < Aoty < Adtpax (11)

VOLUME 13, 2025

where A, is the lower bound for the change in «;, equal
to —0.50, and A4y is the upper bound for the change in o,
equal to +0.50.

C. GENETIC ALGORITHM

Genetic algorithm (GAs) are metaheuristic techniques
exploiting principles inspired by biological evolution pro-
cesses to address optimization problems [49]. The points
of the solution space are represented using a population of
individuals, also called chromosomes, which evolve towards
the optimum point. For this purpose, a fitness function is
designed to attribute a score to individuals. The best ones are
selected and recombined via mutation and crossover for the
creation of offsprings.

In this work, multiple versions of the GA were developed.
The first version, denoted as GA-LAST, is fitted on the
previous 6-hour window of data and only the last element of
the output individual is used as the Aoy, i.e. as the update of
the load coefficient at the current time step ¢ as defined in
Equation 2. A short analysis of the GA used in this work is
given in the following:

o An individual is an array of dimiugividuar = 6 values
extracted from the set 8 = {0, 0.50, 0.55, 0.60, ..., 0.95,
1}, which represents an array of load coefficient updates
A« of the CHP: [Aat, . . . AUdimyividua -

e The population includes 100 individuals, which are
randomly initialized at the beginning of the algorithm.

o The fitness function is the EBITDA value computed
after averaging the 6-element long individual into a
single value.

o Offsprings are obtained via the one-point crossover of
the two candidates with the highest fitness and random
mutations on these novel individuals. The mutation rate
and one-point crossover rate are both set to 0.02.

o At each generation, the candidates with the two least
fitting values are removed from the previous population
and substituted with the newly generated chromosomes.

o The stopping criterion for the algorithm is twofold:
the GA stops when a maximum number of generations
set to 200 is reached, or the standard deviation of the
maximum fitnesses in a time window comprising the
latest 30 generations is lower than a threshold, set to
0.00s.

All the mentioned hyperparameters were tuned via a manual
search, evaluating the model on a subset of the training
dataset, and the ones that yielded the best performance were
selected. In particular, the values of the mutation rate and
the one-point crossover rate which were tested were 0.02 and
0.05; the values of the population size were 50, 100, and 200;
the values of the individual length were 2 and 6; the values of
the maximum number of generations were 50, 100, 200, and
500.

The individuals generated by the GA may be invalid, i.e.
they may violate the constraints of the system defined in Sec.
III-B. Thus, each solution proposed by the GA is corrected
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based on the constraints explained in Section I1I-B. However,
since the minimization of such violations is desirable, two
variants of the previously described GA algorithms were
tested in order to increase the ability of the GA to satisfy the
constraints:

1) GA with penalty (GA-LAST-penalty): a penalty term
was subtracted from the EBITDA (EBITDA,) in the
fitness function, as shown in Equation 12.

dimindividual

z EBITDAt - ]]-Violatiuns, Xp (12)
t=0

fitness =

where p is the penalty amount and Violations is a
sequence variable which stores the presence or absence
of violations at each time f. The penalty p was
subtracted from the EBITDA at each time ¢ where a
violation of the constraints occurred. Multiple penalties
p were tested on a subset of the training dataset (€ 50,
€ 100, and € 150) and the value which yielded the best
result is € 50.

2) GA with domain knowledge correction (GA-LAST-
DK): in this case, the population was initialized ran-
domly only with valid individuals, and the offsprings
were corrected to make each individual valid before
computing its fitness.

Fig. 4 details the flowchart of GA, with the two variants
highlighted in red.

End
Generation 0: Yes !
andor IR Maximum
Start population computation GG
initialization (PEN: penalty) generatio:s
(DK: only valid reached?
individuals) No ‘
Offspring creation: F——

Find two parents
(highest fitness)

N 1) One-point

crossover
2) Mutation

individuals with
lowest fitness

v
Add the offspring
to the population.
Increment

Fitness
computation
(PEN: penalty)

generation number

FIGURE 4. The GA flowchart.

Finally, another version of the GA was tested, called GA-
AVG, which was fitted on the previous 6-hour window of data
and the 6 elements of the output individual were averaged
to compute the Acw; for the current time step, instead of
selecting only the last element. Also in this case, the GA-
AVG-PEN and GA-AVG-DK variants were tested. The set
of hyperparameters and the main implementation of the GA-
AVG, GA-AVG-PEN, and GA-AVG-DK variants are the
same as the GA-LAST, GA-LAST-PEN, and GA-LAST-DK

ones.
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D. DRL ALGORITHMS

The reinforcement learning (RL) paradigm is centred on
discovering learning strategies that aim for the maximization
of a numerical reward as an agent engages with and explores
its environment [50]. The key components comprising a RL
algorithm include: a policy, which dictates the computations
determining the action taken by the agent in each time
slot; a reward signal, representing the objective of the
optimization problem; an optional environment model to
facilitate predictions about future scenarios; and a value
function, signifying the potential reward achievable from a
particular state.

Within the realm of CHP dispatch scheduling, the math-
ematical model of the CHP system and the control system
represent the environment and the agent, respectively. The
agent actions denote changes in the load coefficient of the
cogenerator. The reward at each step is determined by the
EBITDA, depending on the actions taken by the agent within
the environment.

1) PROBLEM MODELING: A NOVEL APPROACH FOR CHP
DISPATCH SCHEDULING

Usually, RL problems are formulated as a Markov decision
process (MDP). The MDP is a discrete-time stochastic
control process which provides a mathematical framework to
model decision-making problems. The MDP is defined by the
tuple (S, A, no, T, r, ¥, H), where S is the state space, i.e. the
set of environment states that can be observed by the agent; A
is the action space, i.e. the set of actions that can be performed
by the agent, no € A(S) is the initial state distribution;
T : S xA — A(S) is the transition dynamics, where,
for each state s and action a, T'(s, a) yields a probability
distribution over states that the system may transition into
when taking action a from state s; 7 = S x A x § — R
is the reward function; y € [0, 1] is the discount factor,
representing how much future rewards should be discounted
when making decisions; H is the horizon, i.e. the maximum
possible number of time steps in each episode.

The definition of MDP explicitly assumes that the Markov
property in Equation 13 holds. The Markov property states
that the distribution of the next state s, of the environment
depends only on the current state s; and action a;, rather than
on the whole sequence of states and actions encountered up
to time 7, i.e.:

Ve, p(silsi,an, ..., Si—1, a—1) = p(selsi—1, ar—1)  (13)

where s; and a; denote the state and action at time f,
respectively.

However, this property rarely holds in real-world environ-
ments since the full state cannot be provided or includes
uncertainty. Such problems are called partially observable
problems [13] and they are commonly formulated as a
partially observable Markov Decision Process (POMDP)
[51]. A POMDP can be formally defined by a 6-tuple
S,A, T,r,Q2,0), where S, A, T, and r represent the
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MDP states, actions, transition dynamics, and rewards,
respectively. In a POMDP, the agent does not have access
to the true system state: instead, it receives an observation
o € Q, where 2 is the observation space. This observation is
derived from the actual system state based on the probability
distribution o ~ O(s).

Vanilla Deep Q-Learning lacks explicit methods to infer
the true state of a POMDP and only works well if the
observations closely match the underlying system states,
i.e. if the Markov Property holds. Generally, estimating
a Q-value from an observation can be highly inaccurate
because Q(o,alf) # Q(s, alf). Two primary methods to
address partial observability can be found in the literature.
The first involves simply incorporating historical information
(defined as history) in the agent’s observation to approximate
the hidden state of the environment, thereby enabling more
informed decision-making. For example, in [52] four consec-
utive Atari frames are stacked to mitigate partial observability
in a DQN application. The second approach utilizes recurrent
neural networks within the agent to process the history
and detect relevant hidden state information. This second
approach requires more computational resources and data to
be trained due to its increased complexity. Reference [53]
employ this method with DQN, demonstrating that the
recurrent version can achieve comparable performance in
Atari games even when provided with only a single frame as
input. In this article, the first approach will be explored since
it is less resource-intensive and, therefore, can be more easily
adopted in a real-world context.

The RL task of the optimal CHP dispatch scheduling can
be modelled as a POMDP, as explained in the following.
The mathematical model of the CHP system and the control
system represent the environment and the agent, respectively.
The agent’s action a at each time 7 is the change in the load
coefficient of the CHP also denoted as Ac;:

a; €A (14)
ay = AO([ (15)
where A is the action space, which is discrete for the DQN
algorithm and continuous for the DDPG and SAC algorithms,

as detailed in Sections III-D2-III-D4. The reward function r
is the EBITDA.

r¢(s¢, a;) = EBITDA; (16)

The state s of the environment at each time tvVt € 1,2, ..., T
is defined as:

s; €8 a7

sy = (dy, Pel,D,t, Plh,D,tv 1) (18)

where S is the state space containing the variables that
characterize the environment, namely the day of the week
d;, the electric demand P, p;, the thermal demand Py p ;.
and the previous load coefficient o;—1. Due to the intrinsic
uncertainty of future electric and thermal demands, the agent
cannot observe P, p ; and Py, p s at the start of the time step
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t. Instead, it receives the observation o, at the beginning of
time step ¢, defined as follows:

0 € 0] (19)
o; = (d;, Pel,D,t—l» Pth,D,t—l» or—1) (20)

where P, p:—1 and Py p—1 represent the electric and
thermal demands at time step r — 1, respectively, which are
readily available to the agent at the beginning of time step 7.
The terms d; and oy are the same as in s; since the agent
knows them without uncertainty. The state space S and the
observation space O are defined by § = O = [d™", d"™*] x
[PZ}‘;’}_), D] X [P’;’l’;'l’), D] X [N, o], Where d™™ and
d™* are the first and last day of the week, P};"}, and Py}, are
the minimum and maximum electric demand values, P;’;l{’}')
and PZ‘;‘B are the minimum and maximum thermal demand
values, and " max
load coefficients.

Since only the observation o is available instead of s,
the agent receives the history A; from the environment
to select the action a;. In a POMDP problem, history is
typically defined as h; = (o1, a1, 02, a2, ...,0i—1,a;—1, 01),
i.e. it consists of the whole sequence of past observations.
However, in order to reduce the complexity of the problem,
in this work the history is defined as:

'701—170l) (21)

where 7 is the time horizon hyperparameter, i.e. the size
of the past observation window (called history size).This
definition includes only the observation history and not the
action history since the latter does not contribute to the
estimation of the state variables P,; p ; and Py p ;. Multiple
time horizons v were considered and their effects were
analysed in this article. The first one is t = 1, which is
comparable to the MDP approach proposed in most of the
CHP dispatch scheduling literature. The second and third
ones are T = 2, and T = 6, which provide two different
trade-offs between computational complexity and degree of
information provided by the history.

The action a at each time ¢ is the change in the load
coefficient of the CHP also denoted as Ac;:

a: € A (22)
ar = Aat (23)

and o are the minimum and maximum

hy = (0r—z41, - -

where A is the action space, which is discrete for the DQN
algorithm and continuous for the DDPG and SAC algorithms,
as detailed in Sections III-D2-11I-D4.

The reward function r is the EBITDA.

r((st, a;) = EBITDA, (24)

To summarize, at each time ¢, the agent, which represents
the control system, obtains the history /,: based on h, and
the learned policy function m, it selects an action a;. The
environment then reacts to the action and outputs a new
observation 0,41 and the reward value r;. The agent receives
such information and repeats the previous steps until the

128569



IEEE Access

G. Ghione et al.: Optimal Cogeneration Scheduling: A Comparison of Genetic and POMDP-Based DRL Approaches

end of the optimization episode. A schematic of the RL
framework is shown in Fig. 5, where the Environment block
is as Fig. 1.

Environment Observation| Objective
erid Euro function
Electric |Ea,0
Power
EoLr
an U Reward
E, E,
“22” Heat |©
ntegration  Eq,is Action
‘ ‘Bogile‘rs £ Age nt

FIGURE 5. Scheme of the RL framework. Environment block is as Fig. 1.

2) DQN ALGORITHM

The initial DRL model chosen for this analysis is a DQN.
DQN, originally presented in [20], is a DRL technique that
combines Q-learning [54] with deep neural networks and
experience replay for the maximization of the reward an agent
obtained as it interacts with the environment. The off-policy,
model-free approach called Q-learning integrated into DQN
is suitable for RL problems that do not necessitate an explicit
model of the environment [54]. The DQN model estimates
the optimal Q value Q*(s, @) = max = Q7 (s, a) by learning a
parameterized value function Q(s, a; ;) via Q-learning. The
Q-learning update of the 6 parameters is expressed in [20]
as:

Orp1 =0 +a (Yr — Os, a; 01)) Vg, O(s, a5 6;)  (25)

where state s action a (together with an observed reward
r) have been sampled from a replay memory storing past
experiences to ensure off-policy learning of the greedy
strategy a, = maxaQ(s;, A; 6;) where s, has been observed
by sampling an emulator of the system; « represents a step
size; and Y; is the target value, computed in [20] as:

Y =r+ymaxQ(s, a;0,) (26)
a

where 6, are the weights of the target network, and y €
[0, 1] is the discount factor, representing how much future
rewards should be discounted when making decisions. The
target network is initially a copy of the main network, and its
weights 6, are periodically updated by copying the weights
of the main network.

In this work, the DQN algorithm is fed with input data
representing the observation history of the system from the
preceding t hours, concatenated to form a single array of
T+d, length, where d,, is the dimensionality of the observation
0:, i.e. 4. Leveraging this information, it can output the
optimal load coefficient update for the forthcoming hour,
aiming to maximize the reward function, i.e. the EBITDA.
The three values of the history size 7 (1, 2, and 6) were tested
in three separate experiments, denoted as DQN-1, DQN-2,
and DQN-6.

By utilizing the Q policy, the algorithm iteratively updates
the weights of the neural network during training at each hour.
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This continual adjustment enables the refinement of the load
coefficient scheduling to optimize performance.

In the initial history, the load coefficient is set as two
adjacent values selected from the set {0, 0.50, 0.55, 0.60,
..., 0.95%, 1}, where a load coefficient set to O denotes
the cogenerator engine being turned off). The action space
comprises 21 possible changes to the load coefficient Ac,
ranging from —0.50 to 40.50 with a step equal to 0.05.
These changes are constrained within the limits specified in
Section III-B. The states, actions and rewards at each time ¢
were re-scaled to the interval [—1, 1], to improve the stability
of gradients: a variant of the Min-Max scaling method was
used, defined in Equation 27.

=2 (m) _1 27)

Xmax — Xmin

where x; is the original value, xni, 1S the minimum possible
value, xpax 1S the maximum possible value, and z; is the scaled
value. The xmin and xpmax values were set to -200 and 300,
respectively, based on the reward formulation.

The objective is to maximize the EBITDA, which serves as
the reward function. The neural network architecture utilized
in this model is a Multi-Layer Perceptron (MLP) [55] with
two hidden layers with 256 units each, Rectified Linear Unit
(ReLU) activation functions [56], and Adam optimization
with a learning rate set to 0.005. The agent employs an e-
greedy Q exploration policy to choose actions, coupled with
the exponential decay strategy of the hyperparameter € shown
in Equation 28.

steps_done

€threshold = €end + (Estart — €end) X € ps-decay (28)

The threshold for exploration €mreshold 1S calculated by
exponentially decreasing the value of epsilon from €y, =
0.9 to a €epg = 0.05 with eps_decay = 1000, and steps_done
is the current number of steps. The memory capacity for
experience replay was configured to be 10°. The target Q
network weights 6, are updated with soft updates, based on
Equation 29.

0" <10+ —-1)0" (29)

where 7 is equal to 0.0005.

The main parameters of the implemented DQN method are
summarized in Table 5. All the mentioned hyperparameters
were tuned via a manual search, evaluating the model on a
subset of the training dataset, and the ones that yielded the
best performance were selected. In particular, the number of
hidden units per layer was tuned by setting it to 200, 256 and
300; the batch size to 128, 256, and 512; the learning rate to
0.0005, 0.001, 0.005, 0.01; the replay size to 10* and 10°: y
to 0.95 and 0.99.

Before performing an environment step and computing its
reward, i.e. the EBITDA, the validity of the action selected
by the model was checked: if one of the constraints defined in
Section III-B was violated, the action was corrected to prevent
the violation.
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3) DDPG ALGORITHM

The DDPG algorithm, presented in [21], is a model-free
off-policy DRL algorithm which can simultaneously learn a
Q-function via the Bellman equation, and a policy thanks to
the Q-function learned. It is an adaptation of the theory of
Deterministic Policy Gradient (DPG) algorithms presented
in [57] for RL problems with continuous action spaces. The
DDPG makes use of the actor-critic architecture. Stochastic
actor-critic models include an actor component which adjusts
the weights 6 of a stochastic policy denoted by 76, and a
critic component which estimates the action-value function
O(s,a;w) ~ Q"(s,a) with parameters w, given state s,
action « and the true action-value function Q" (s, a). On the
other hand, the DDPG enables the use of continuous action
spaces by learning a deterministic policy wu(s; 6) instead,
which maps a state s to a deterministic action a. Notably,
the actor component in DDPG is a deep neural network
denoted as u(s; 6%) with weights 6/, and a critic network
denoted as Q(s, a; 69) with weights 6. Taking inspiration
from the DQN, the DDPG utilizes the concept of replay
memory, as well as target networks Q' and p/, which are the
target critic network and the target actor network with their
respective weights 62" and #*'. The critic network is updated
by minimizing the loss in Equation 30 by [21]

L= % Zij(yi — OGsi, ai; 09)) (30)

where N is the mini-batch dimension; s; and a; are the state
and action sampled from the replay buffer, with observed
reward r; and next state s;.+1, similarly to the DQN algorithm;
y; is the target Q value, computed in [21] as:

yi = ri+yQ (sit1, it (siz1: 0*); 69) 31)

The actor network is updated via the sampled policy
gradient as in [21]:

Vo u(s|0™)

s=si,a=u(s;) s=S5;

(32)

1
Voud ~ Z V. 0(s, al69)

In [21], the target networks are updated via soft updates as
follows:

GQ/ <~ T@Q + (1 — ‘L’)QQ/ (33)
Op < t0 + (1 —1)0y (34)

To improve exploration, a noise term N is added to the
actions selected by the model at each time ¢, resulting in a; =
wu(s;; 0") + Ny [21], where 't is the state sampled from the
system emulator and u(s't; 6#) is the current policy.

In this work, the DDPG algorithm receives as input the
observation history of the system from the preceding 7 hours
and provides the optimal adjustment of the load coefficient
of the subsequent hour to maximize the EBITDA. The
observation history is concatenated to form a single array
of T * do length, where do is the dimensionality of the
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observation ot, i.e. 4. The three values of the history size t (1,
2, and 6) were tested in three separate experiments, denoted
as DDPG-1, DDPG-2, and DDPG-6.

The OpenAl Spinning Up library [58] implementation
of the DDPG was leveraged. In this implementation, the
noise term is an uncorrelated mean-zero Gaussian noise
scaled by a factor equal to 0.05. This implementation uses
Polyak averaging [59] for the update of the target Q-networks
parameters during training, with an interpolation factor that
was set to 0.995 (the default value in the OpenAl Spinning
Up library). To enhance exploration at the start of training,
the agent samples actions from a uniform random distribution
over viable actions for a fixed amount of steps equal to
10000 without network updates. After this period, the agent
starts the normal exploration process and network updates,
with the learning rate of both the agent and the critic set to
0.0005. The states and rewards at each time ¢ were scaled
to the interval [—1, 1] via the scaling formula defined in
Equation 27, and actions were clipped to the same interval
via Tanh activation, to improve the stability of gradients.

Similarly to the presented DQN implementation, the
validity of the action selected by the model was checked and
a correction of the action was made in case of violations of
constraints.

The main parameters of the implemented DDPG technique
are summarized in Table 5. All the mentioned hyperparame-
ters were tuned via a manual search, evaluating the model on
a subset of the training dataset, and the ones that yielded the
best performance were selected. In particular, the number of
hidden units per layer was tuned by setting it to 200, 256 and
300; the batch size to 128, 256, and 512; the learning rate
to 0.0005, 0.001, 0.005, and 0.01; the replay size to 10* and
10%; ¥ to 0.95 and 0.99; the number of steps before starting
network updates to 103 and 10*.

4) SAC ALGORITHM

The SAC algorithm was introduced in [22] to overcome the
limits of traditional Q-learning algorithms when they are
applied to problems with large continuous domains: it is
an off-policy actor-critic DRL algorithm which optimizes a
stochastic policy, centered around the concepts of the maxi-
mum entropy RL framework. The three main components of
the SAC algorithm are an actor-critic architecture with two
separate networks for policy estimation and value function
estimation, an off-policy formulation relying on a replay
memory, and entropy maximization for exploration and
stability. More specifically, maximum entropy RL consists of
optimizing the policy to maximize the expected return and
the expected entropy of the policy concurrently, based on the
following update of the optimal policy 7 * by [22]:

7" = arg max > Espan~ps [16512 @) + iempH (T (|5:))]
t

(35)

where H(m (-|s;)) is the entropy of the policy at state s;, and
Qremp 18 the temperature parameter which controls the relative
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importance of the entropy against the reward, thus affecting
the exploration-exploitation trade-off.

The SAC algorithm considers a state value function Vy (s;)
parameterized by the weights ¢ of a neural network, and a
Q-value function Qy(s;, a;) parameterized by the weights 6
of another neural network. The soft value function network
and the Q-value function network are trained to minimize the
following squared residual errors, respectively, as presented
in [22]:

1
Jv(¥) = Eg~p [5 (Vy (1) = Egym, (Qo(st, ar)
—log 7y @]s1)))’] (36)

1 ~ 2
Jo(®) = Eigay-n [5 (0o a) = Otst. an) } (37)
with
OCsivap) = r(s1. @) + Eq g Vs 38)

where D is the replay memory, Vo is the target value network,
with 1 representing an exponentially moving average of the
value network weights; y is the discount factor and p is the
unknown state transition probability.

The policy 7 is modelled as a Gaussian with mean and
covariance determined by a network, so its parameters can
be learned via the minimization of the expected Kullback-
Leibler (KL) divergence as in [22]:

J2(@) = Egop [DKL (mus» I %)] (39)
t

=Eg~pe,~N [l0g g (fp(ers s)lst)
—Qp (st folers s0))] (40)

where the noise vector ¢; is sampled from a fixed distribution,
Zy(sy) is a partition function, and f,(¢;; s7) is a neural network
transformation.

In this work, the SAC algorithm takes as input the
observation history of the system from the preceding t
hours and generates the optimal Ao of the forthcoming
hour to maximize the EBITDA. The observation history is
concatenated to form a single array of 7 * d, length, where
d, is the dimensionality of the observation o;, i.e. 4.The
three values of the history size t (1, 2, and 6) were tested
in three separate experiments, denoted as SAC-1, SAC-2,
and SAC-6.

The OpenAl Spinning Up library [58] implementation of
the DDPG was employed. The Spinning Up implementation
uses Polyak averaging [59] for the update of the target
Q-networks parameters during training, with an interpolation
factor that was set to 0.995. Also in this case, the initial
10000 steps were dedicated to the uniform random sampling
of actions without network updates to improve exploration;
states, actions and rewards were scaled in the interval
[—1, 1] via the scaling formula defined in Equation 27 to
improve stability; and the validity of actions was checked and
unfeasible actions corrected. Differently from the original
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TABLE 5. Summary of the hyperparameters of the DRL algorithms.

Hyperparameter DQN DDPG SAC
Batch size 256 256 256
¥ 0.95 0.95 0.95
No. layers 2 2 2

No. hidden units per layer 256 256 256
Learning rate 0.005 0.0005  0.005
Replay size 108 106 106
Update every (No. steps) 1 3 3
Update after (No. steps) 1 104 104

SAC algorithm, in this work the afemp parameter was not
set to a fixed value, which yielded poor performance: rather,
it was automatically adjusted during training, as proposed
in [60]. The objective for the computation of the gradients
for alpha presented in [60] is:

J(@) = Egx, [~ log mi(as|s)) — o'H] (41)

where H is the target entropy.

The main parameters of the implemented SAC method are
summarized in Table 5. All the mentioned hyperparameters
were tuned via a manual search, evaluating the model on a
subset of the training dataset, and the ones that yielded the
best performance were selected. In particular, the number of
hidden units per layer was tuned by setting it to 200, 256 and
300; the batch size to 128, 256, and 512; the learning rate
to 0.0005, 0.001, 0.005, and 0.01; the replay size to 10 and
106: y t0 0.95 and 0.99; the number of steps before starting
network updates to 103 and 10*.

IV. RESULTS AND DISCUSSION

In this section, a description of the datasets for training and
testing the algorithms is provided. Then, the baselines for
performance evaluation are explained. Lastly, the results of
the application of each algorithm on the test dataset are
reported and discussed.

A. DATASET

The dataset of energy demands of the Italian plant is made
of 8760 data points collected hourly each day in 2021. Each
point is composed of the following three features:

« day of the week;

o electrical power demand;

« thermal power demand.

The last item was computed as the sum of the heat
demand in the form of steam, high-temperature hot water,
and low-temperature hot water. The dataset was split into a
training set and a test set: the training set was created by
extracting one week of data every two months, for a total of
seven weeks (1176 data points); the remaining data formed
the test set, for a total of 45 weeks and 3 days (7584 data
points).

B. BASELINES

Multiple deterministic baselines were selected based on the
experience of domain experts, to assess the performance of
the models.
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1) Scheduling based on the day of the week (DoW): the
load coefficient of the CHP was increased from O up to
0.85 with a 0.50 step on Monday at 00:00, and it was
kept fixed until Friday at 23:00 when it was decreased
to 0 with a 0.50 step. The process was repeated every
week.

2) Scheduling with a fixed load coefficient (FIX): the
load coefficient was set to 0.85 during the whole test
period.

3) Scheduling with Electric Load Following (ELF): the
load coefficient was adjusted hour-by-hour to follow
the electric power load trend. If the absolute difference
between the electric power load and the electric power
output of the CHP at the previous hour was larger than
a tolerance value, set to 0.5, then the load coefficient
was increased or decreased by 0.1 while respecting
the technical constraints of the system explained in
Section III-B. When the electric power load was below
the minimum modulation threshold, the CHP was
turned off.

The scheduling with a fixed load coefficient can be
considered as a minimum boundary for the EBITDA. On the
other hand, the scheduling with electric load following is
taken as a benchmark since it is recognized as an optimal
solution by domain experts.

C. RESULTS

This section presents the training and test process utilized for
each algorithm, followed by the presentation and discussion
of the results.

1) TRAINING AND TEST CONFIGURATIONS

The baseline strategies, i.e. DoW, FIX and the ELF, were
applied directly to the test dataset, assuming that the CHP
is turned off at the beginning of the simulation. The DRL
models (DQN, DDPG, and SAC) were trained using the
training dataset as input data, then they were tested on the
test dataset. Finally, the GAs were directly fitted and tested
on the test dataset, as explained in Section III-C.

2) YEARLY TEST RESULTS

Table 6 presents a summary of the revenues and costs
obtained at test time. The revenues reported are the EBITDA,
the revenues in terms of EECs (Rggc), the revenues from
selling the generated electricity exceeding the demand to the
grid (R7¢), and the avoided costs of the electricity (AC,;) and
natural gas (ACy,), due to self-consumption of power. These
variables were computed as follows:

Rgpe = ) rgec x EEG, (42)
t

RiG =D rel X Eet,16. (43)
t

ACy = Zcel X Eel sCt (44)

t
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Em,sc.t
NIB

ACi =D cnG % (45)
1

C= ZCNG x EnG,chHp,t + coam % H; (46)
t

The costs C include the O&M costs and the cost of the
natural gas which was purchased. Finally, the benefit-cost
ratio (BCR) is reported in the last column. The BCR definition
is shown in Equation 47.

_ Reec + Rrg +ACe + ACy,
- ACy,

BCR

(47)

As far as the baselines are concerned, the EBITDA
obtained via the FIX strategy is the lowest, followed by
the DoW strategy. The baseline algorithm which performed
best is ELF, with an EBITDA equal to € 461354: this is an
expected result since ELF is considered an optimal solution
by domain experts. This result is taken as a benchmark for
the comparison of the results of the GA and DRL algorithms.
Notably, the ELF strategy is the one with the lowest O&M and
natural gas costs C (€ 614554) and the highest BCR (1.75).

The DQN algorithms exhibit diverse performance based
on the history size. DQN-1, achieves the highest EBITDA
(€ 462084), benefiting from substantial avoided costs of
electricity (€ 810503) and natural gas (€ 206009). Increasing
the history size does not lead to better performance in this
case: DQN-6 leads to a 3% lower EBITDA.

DDPG-2 achieves the highest EBITDA overall (€ 466082),
which is 55% higher than the FIX baseline one, but only
1% higher than the ELF one. This variant shows high AC,;
(€ 811386) and moderate Rr¢ (€ 23291). Notably, in DDPG-
6 the EBITDA is less than 1% lower than the DDPG-2 one,
and has the same BCR. The results suggest that a history size
equal to 2 provides sufficient context without the drawbacks
of excessive complexity.

SAC algorithms have consistent performance across dif-
ferent history sizes. SAC-1 achieves the highest EBITDA
(€ 465621), with the highest Rggc (€ 101301). SAC-
6 and SAC-2 follow closely, indicating that these models
effectively utilize the history information to provide an
efficient operational strategy. Indeed, they exhibit the highest
BCR after ELF, which is less than 3% higher.

Regarding the GAs, GA-AVG achieved the highest Rrg
and avoided costs, but caused the highest C overall
(€ 1026017), resulting in a lower EBITDA (€ 315006). This
pattern characterizes all the GAs: they all have a BCR similar
to the FIX one, suggesting that their strategies may be similar.
This hypothesis will be confirmed in Section IV-C4.

Overall, the history size parameter t, i.e. the time horizon
in the POMDP, influences the performance of DRL models.
For DQN, a history size equal to 2 provides the best
balance between performance and computational complexity.
SAC and DDPG models, however, demonstrate robustness
across different 7: they can effectively integrate historical
information without substantial performance degradation.
These findings underscore the importance of carefully
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TABLE 6. Revenues and costs obtained by applying each algorithm on the test dataset. Highest values are highlighted in bold.

Category  Algorithm EBITDA[€] Rggc [€] Rrg[€] AC, [€] ACy [€] C[€] BCR

ELF 461354 94007 5910 783447 192542 614554 1.75

Baselines  DoW 390329 92314 67945 772994 195131 738055 1.53

FIX 300935 85062 127334 781187 215031 907679  1.33

DQN-1 462084 101234 29779 810503 206009 685441 1.67

DQN DQN-2 449361 97790 21993 770504 199762 640688 1.70

DQN-6 447025 99788 39238 806503 203783 702289  1.64

DDPG-1 447167 100126 31589 789118 206469 680137 1.66

DDPG DDPG-2 466082 99898 23291 811386 204089 672583 1.69

DDPG-6 464833 99511 23452 808922 202712 669765 1.69

SAC-1 465621 101301 26179 801798 205597 669255 1.70

SAC SAC-2 464174 96091 12825 788445 194505 627692 1.74

SAC-6 464598 98057 19826 799333 198440 651058 1.71

GA-LAST 315039 88868 161740 872692 217455 1025717 131

GA-LAST-PEN 282962 82585 145877 783761 205739 935000  1.30

GA-LAST-DK 373721 92891 98084 831854 209521 858631 1.44

GA GA-AVG 315006 88872 161842 872843 217465 1026017 1.31

GA-AVG-PEN 281656 81936 142965 775453 204083 922782 1.31

GA-AVG-DK 310591 86464 130661 801673 212069 920278 1.34
TABLE 7. Algorithm execution time. model for each category (DQN-1, DDPG-2, SAC-1, GA-
Algorithm Time (ms) LAST-DK, and ELF), compared to the energy demands
SAC-1 2.114+0.23 during a winter example week (18 January 2021 - 24 January
gg;{/]\ST—DK 2097'921j§01i1(2)'g§ 2021), a summer example week (12 July 2021 - 18 July
DDPG-2 1.91 + 0.82 2021) and a mid-season example week (25 October 2021

selecting 7 to enhance CHP dispatch scheduling performance
while managing computational complexity.

Finally, the best-performing algorithm in terms of EBITDA
for each category were selected and their per-time step
computation time was computed in the test phase. This
research utilized an Intel Xeon CPU @ 2.30GHz with
8 threads, an NVIDIA Tesla T4 GPU with 15.36 GB memory,
and CUDA version 12.2. Table 7 summarizes these results:
notably, the three DRL algorithms have similar computation
times, while the GA time is around three orders of magnitude
larger.

3) QUARTERLY ANALYSIS

Fig. 6(a)-(d) illustrate the returns and costs across four
quarters for DQN-1, DDPG-2, SAC-1, GA-LAST-DK, and
ELF, which are the best-performing algorithms in terms of
EBITDA for each category. Notably, Rggc remains relatively
low and stable across all algorithms in each quarter, whereas
R7g, AC,, and ACy, exhibit greater variation, emphasizing
the differences in how each algorithm manages excess
generation and self-consumption. The trends in EBITDA,
AC,, and ACy, for DQN-1, DDPG-2, SAC-1, and ELF
suggest that these models maintain efficiency and cost-
effectiveness. Conversely, GA-LAST-DK’s consistently high
C highlights the lack of trade-off between profit and
operational expenses. Such a pattern is evident when the
daily cost-benefit ratio of each algorithm shown in Fig. 7 is
examined: GA-LAST-DK exhibits the highest variability and
the broadest range.

4) WEEKLY ANALYSIS
Fig. 8, 9 and 10 show the total electric power outputs and
the self-consumed thermal outputs of the best-performing
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- 31 October 2021), respectively. It is possible to notice
that the hourly electric and thermal demands in winter and
mid-season are similar, while the thermal demand lowers
in mid-season, on average. During weekdays, most of the
strategies correctly set the CHP load coefficient to 100%
to fulfil the high energy demand. The only exception is
the GA-LAST-DK strategy, which causes over-generation,
especially during lower demand periods. The ramp-up and
ramp-down periods of the electric and thermal demand are
the most critical, i.e. the beginning of the week and the
beginning of the weekend. During these periods, DDPG-
2 and SAC-1 strategies are highly responsive but show
instability, with CHP power outputs strongly oscillating. This
behavior can cause mechanical stress and potential wear on
the CHP components; thus, it should be avoided. Multiple
methods may be utilized for the real-world application
of these strategies to ensure the safety constraints of the
system are guaranteed: the reward function may be tuned
to incorporate a penalty in case of oscillating patterns in
the scheduling strategy, to encourage the agent to adopt the
desired behaviour. In addition, the control pipeline may be
extended by introducing an algorithm that modulates the
actions of the agent, forcing them to safe ranges. Conversely,
the DQN-1 scheduling and ELF scheduling present a more
stable pattern. However, ELF scheduling is sub-optimal while
the demands are ramping up or down, due to its intrinsic
delayed response.

The example week in the summer is a particular week
in which the electric power demand does not follow the
common weekly dynamics detected in the rest of the dataset.
This anomalous condition further highlights the unstable
scheduling of the load coefficient from the DDPG-2 and
SAC-1 algorithms. The DQN-1 scheduling is more stable,
but an over-consumption episode occurs in the first 24 hours.
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FIGURE 6. Comparison of rewards and costs on the first (a), second (b), third (c), and fourth (d) quarter of the year 2021.
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FIGURE 7. Box plots of the daily BCR of the DDPG-2, DQN-1, ELF,
GA-LAST-DK, and SAC-1 strategies.

GA-LAST-DK tends towards over-generation, whereas the
ELF strategy maintains a stable profile by keeping the engine
turned off in the first 36 hours of the week. These observations
are supported by the fact that the overall costs C derived
by the application of ELF during the third quarter (see
Fig. 6(c)) is lower than the GA-LAST-DK costs by 32%.
The over-generation observed in the GA-LAST-DK strategies
confirms the hypothesis that the GAs tend to learn patterns
similar to those produced by the FIX strategy.

5) SENSITIVITY ANALYSIS: VARIABLE PRICE OF ELECTRIC
ENERGY

A sensitivity analysis was conducted to evaluate the economic
performance of the models under a variable electric energy
price scenario. This analysis is crucial to understand the
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FIGURE 8. Total electric power output (a) and self-consumed thermal
power output (b) generated via each operation strategy, compared with
the electric and thermal demands, respectively, during an example week
in winter (18 January 2021 - 24 January 2021).

robustness and adaptability of each method in response to
fluctuating economic conditions, which are inherent to the
CHP economic dispatch problem. In this analysis the real
hourly price of electric energy c.;, was utilized, instead of
the fixed one defined in Table 3. The prices from 2023 rather
than 2021 were used because the latter were highly unstable
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FIGURE 9. Total electric power output (a) and self-consumed thermal
power output (b) generated via each operation strategy, compared with
the electric and thermal demands, respectively, during an example week
in summer (12 July 2021 - 18 July 2021).
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FIGURE 10. Total electric power output (a) and self-consumed thermal
power output (b) generated via each operation strategy, compared with
the electric and thermal demands, respectively, during an example week
in mid-season (25 October 2021 - 31 October 2021).

due to the 2021 global energy crisis. In contrast, the prices in
2023 provide a more reliable basis to evaluate the economic
performance of the models under typical market conditions.

To perform this analysis, each previously trained DRL
model was tested on the test dataset employing the real c,;, in
the EBITDA computation defined in Equation 4 at each time
step . The GA and baseline scheduling strategies found in
the previous experiments were applied in the same way. The
results are shown in Table 8.
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When subjected to variable electric energy prices, all
algorithms show an improvement in EBITDA and BCR. For
instance, DQN-6, which had an EBITDA of €447025 and a
BCR of 1.64 under fixed prices, improved to €510113 and
1.73, respectively, under variable prices. Similarly, SAC-
2 increased its EBITDA from €464174 to € 489451, and
its BCR is the highest. The GA algorithms, particularly
GA-LAST and GA-AVG, also showed significant increases
in EBITDA and revenues from selling generated electricity
(R7G) under variable prices, due to their over-generation
patterns which prevent the purchase of electric energy
from the grid: indeed, their overall costs C increased as
well. Overall, the variable pricing scenario demonstrates the
potential for the algorithms to enhance profitability even
when hourly price variations occur.

6) ENVIRONMENTAL ANALYSIS

From a decarbonization perspective, the environmental
impact of CHP is a key factor in determining its effectiveness
in contributing to a future low-carbon electricity mix.
Therefore, an environmental analysis of each model was
performed, considering two metrics. The first one is the total
CO, emissions from the fuel combustion in the CHP (Cy;),
equal to:

Cior = VNG X LHV NG X cnG (48)

where Vyg is the volume of natural gas used, LHVngG
is the lower heating value of natural gas, assumed to be
9.766 kWh/Sm> [61], and ¢NG is the CO2 intensity value
of the natural gas provided to the CHP plant from the
national gas grid, assumed equal to 201.6 gCO2/kWh [61].
The second metric considered is the CO2 intensity of the
electricity generated by the CHP (cel) [62], defined as:

Cel
Cel = E_el (49)
with
Cat = Cog 28— (50)
Ee + Eqg

where C,; is the amount of CO; emissions allocated to
the electricity output, E,; and Ej, are the electricity and
heat production, respectively. Figure 11 shows the total
CO;, emissions of each approach. The results highlight
significant differences, with GA-LAST-DK exhibiting the
highest emissions, indicating poor environmental efficiency.
In contrast, ELF achieves the lowest emissions, making it
the most sustainable approach. SAC-1, DDPG-2, and DQN-
1 show similar performance. Figures 12 and 13 illustrate
weekly and monthly average variations in CO; intensity,
respectively. The weekly CO; intensity remains stable mid-
week, but shows differences in the first 12 hours of the week
and at the weekend: during these times, GA-LAST-DK con-
sistently produces the highest emissions and ELF the lowest,
with an overall weekly average equal to 196 gcoa/kWh.
The DRL algorithms have a similar pattern, with SAC-1
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having the lowest weekly average value (203 gcp2/kWh). The
monthly CO; intensity trends reveal seasonal fluctuations,
with GA-LAST-DK consistently underperforming. The other
models display closer trends, though ELF shows a notable
decrease in CO; intensity in December and SAC-1 in August,
suggesting good adaptability to seasonal conditions.

Overall, ELF consistently outperforms the other models in
total CO;, emissions and CO; intensity, making it the most
sustainable choice for CHP operations and SAC-1 as the best
reinforcement learning-based alternative.

SAC-1 DDPG-2 DQN-1 GA-LAST-DK
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FIGURE 11. Total CO, emissions.
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D. COMPARISON OF THE ADVANTAGES AND
DISADVANTAGES OF ELF, GA, AND DRL

All the strategies are promising for optimal CHP dispatch
scheduling. However, notable differences exist between ELF,
GA, and DRL approaches when they are implemented in
a real-world application. This concluding section highlights
these key differences and their implications for the stakehold-
ers in processing facilities.

1) MAIN DISADVANTAGES OF ELF, GA, AND DRL

The main disadvantage of the ELF strategy is its limited
flexibility and responsiveness to dynamic changes in the
system, as it primarily focuses on matching the load demand
without considering overall efficiency and cost savings. GAs
suffer from computational inefficiency, particularly in large
search spaces, as they require numerous iterations to converge
on an optimal solution, which can be resource-intensive.
DRL strategies have the drawback of requiring large amounts
of training data and computational resources to develop
effective policies. During the development of this research,
these challenges were encountered in the tuning of DRL
and GA model hyperparameters: the trade-off between model
performance and convergence time had to be taken into
account.

Additionally, DRL models can be sensitive to the quality
of the training data and may not generalize well to scenarios
significantly different from those encountered during train-
ing [63]. Specific failure cases include situations with highly
variable or unpredictable energy demands, significant opera-
tional disturbances, or integration of energy components such
as battery storage systems or intermittent renewable sources.
However, framing the control problem as a POMDP has the
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potential to provide the necessary flexibility and robustness
to overcome these challenges. Although demonstrated on
a CHP-based system, this approach can adapt to other
configurations by adjusting state-action representations and
constraints and retraining with suitable operational data.

2) COMPLEXITY OF THE MATHEMATICAL FORMULATION
The mathematical formulation of ELF is relatively simple,
involving straightforward rules to match power generation
with load demand: therefore, ELF is easy to implement
for plant managers, its ability to adapt to highly variable
scenarios is limited. In contrast, GA involves more complex
mathematical operations, including selection, crossover, and
mutation processes, which require careful parameter tuning
and can be challenging to implement effectively [64]. DRL
presents the highest complexity in mathematical formulation,
involving the design of reward functions, observation and
action spaces, and the use of advanced optimization tech-
niques. This complexity demands a deep understanding of
machine learning principles and significant computational
resources. The adoption of a POMDP approach further
increases the complexity of the problem, but it can enhance
the ability of the model to handle the uncertainties of a
partially observable system. Finally, both DRL and GA
do not inherently guarantee that hard constraints will be
met [64], [65]: they rely on the proper definition of the reward
and fitness function, respectively, which may require time-
consuming tuning [66]. Nevertheless, a safety pipeline may
be put in place to prevent the agent from executing actions
that can cause mechanical stress and potential wear on the
CHP components.
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TABLE 8. Revenues and costs obtained by applying each algorithm in the variable electric energy price scenario. Highest values are highlighted in bold.

Category  Algorithm EBITDA [€] Rggc [€] R [€] AC, [€]  ACy [€] C[€] BCR
ELF 471909 94007 13943 785970 192542 614554 1.77
Baselines FIX 487377 85062 312229 782734 215031 907679 1.54
DoW 474588 92314 153986 771211 195131 738055 1.64
DQN-1 504569 99394 91112 808956 205361 700255 1.72
DQN DQN-2 487161 97790 54837 775460 199762 640688 1.76
DQN-6 510113 99788 98508 810321 203783 702289 1.73
DDPG-1 498107 100126 77796 793852 206469 680137 1.73
DDPG DDPG-2 502403 99898 56323 814674 204089 672583 1.75
DDPG-6 501428 99511 56210 812759 202712 669765 1.75
SAC-1 510162 101301 65615 806902 205597 669255 1.76
SAC SAC-2 489451 96091 32632 793914 194505 627692 1.78
SAC-6 498340 98057 49221 803680 198440 651058 1.77
GA-AVG 553008 88873 397073 875615 217465 1026018 1.54
GA-AVG-DK 501947 86465 320331 803360 212070 920279 1.55
GA GA-AVG-PEN 493113 81936 352173 777703 204084 922783 1.53
GA-LAST 552957 88869 396926 875425 217455 1025718 1.54
GA-LAST-PEN 548928 88628 391965 869207 217322 1018193 1.54
GA-LAST-DK 522127 92891 242695 835650 209522 858631 1.61
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FIGURE 14. Episode return with different learning rates: (a) DQN, (b) DDPG, (c) SAC.

3) FLEXIBILITY TO ADAPT TO SYSTEM MODIFICATIONS
When it comes to adapting to changes in the mode of
operation or the configurations of the system, DRL strategies
require a fine tuning of their model: the consequent long
maintenance times may imply the interruption of the optimal
control of the CHP. However, the DRL implementation in
an online setting [67] (i.e. with the continuous update of the
model based on the latest data available) would be a solution
to this limitation: it would provide uninterrupted optimal
control of the CHP. Some challenges still exist in the online
DRL setting: the development and testing of agents able to
not forget useful past information and to flexibly but robustly
respond to sudden changes is still tricky [68]. GA explores
a wide range of potential solutions and evolves over time;
however, the various solutions are pruned (i.e. forgotten)
during the fitting, which implies re-tuning and re-running the
algorithm to adapt it to significant changes. ELF, on the other
hand, is the least adaptable as it follows predefined rules and
lacks a learning mechanism.

V. CONCLUSION AND FUTURE WORK

The hourly dispatch scheduling problem of CHPs is tradi-
tionally treated as an MDP in the RL literature, assuming
the validity of the Markov Property and, thus, the complete
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observability of the problem. However, due to the intrinsic
uncertainty of future electric and thermal demands, such
an assumption does not hold in real-world environments.
Therefore, this work proposes the novel adoption of a
POMDP approach to address the partial observability of the
hourly CHP dispatch scheduling problem.

The case study of this work involved the cogeneration unit
of a factory situated in Italy: the real energy demands of the
factory of the year 2021 were collected for this work. Multiple
GA, DRL and deterministic optimization approaches were
compared.

The approach which yielded the highest yearly EBITDA
is DDPG-2, with a 1% improvement compared to the ELF
baseline. SAC-1 followed closely, delivering stable quarterly
profits and indicating that even a single-step observation
window is sufficient for robust learning.

A sensitivity analysis was performed to test the models
under variable electric energy pricing conditions, which
validated the robustness and adaptability of the models to
fluctuating economic conditions.

Finally, an environmental analysis highlighted the role of
optimized scheduling in reducing CO; emissions of a CHP.
The ELF approach outperformed the other approaches in both
environmental metrics, followed by SAC-1. Interestingly,
the algorithm producing the best environmental outcomes
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differed from the one achieving the highest economic
performance.

Overall, this work shows that POMDP is a valid approach
to model the hourly dispatch scheduling problem of CHPs.
A DRL-based strategy such as SAC-1 is most beneficial in
highly variable scenarios: it emerged as the best trade-off
between cost and emissions while remaining robust to price
fluctuations. When a lower computational complexity is
required, the simpler ELF approach is a valid alternative.

However, the proposed method suffers from data scarcity,
since only the data of a single year were available; thus,
it may not capture long-term variability. Future works will
involve the collection of a larger dataset, to be utilized for
an extensive analysis of the reliability and robustness of the
models. This will enable the development of more advanced
DRL algorithms which leverage recurrent neural networks,
to better capture the hidden dependencies in the history
of the POMDP. Future work will analyze the resilience
and flexibility of the strategies when inaccurate measure-
ments and anomalous conditions occur. In this sense, the
performance of DRL algorithms will be assessed in energy
systems of increased complexity. Because DRL is expressly
designed for high-dimensional state spaces, it is expected
to surpass traditional benchmarks under these conditions
as well. Finally, the associated environmental impact will
be quantified and embedded into the objective function,
and alternative approaches will be tested, including Model
Predictive Control and other DRL exploration strategies, such
as the introduction of action noise and additive bonus terms.

APPENDIX

HYPERPARAMETER TUNING

Choosing appropriate hyperparameters is essential for opti-
mal algorithm performance. In RL, hyperparameter tuning is
computationally expensive and time consuming, as the agent
must repeatedly interact with the environment and update its
policy over numerous timesteps [69]. Although automated
hyperparameter tuning might be beneficial, performance
improvements can be minor, with the risk of overfitting and
high computational cost. Thus, a manual hyperparameter
tuning was performed in this work and an analysis of the
tuning of the key hyperparameters is reported below.

One of the most important hyperparameters in RL
algorithms is the learning rate. The learning rate was tuned
independently for each RL model while keeping other
hyperparameters from Table 5 fixed. For the DQN algorithm
(Fig. 14(a)), no significant differences emerged across tested
learning rates; thus, the learning rate was set to 0.005. For
DDPG (Fig. 14(b)), the rate of 0.005 led to performance
degradation after 15 episodes, while other rates showed
no significant differences, resulting in a selected learning
rate of 0.0005. Lastly, for SAC (Fig. 14(c)), the learning
rate of 0.01 yielded lower final returns, with no significant
differences among other learning rates; hence, the learning
rate was set to 0.005.
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Regarding the GA, one of the most impactful hyperparam-
eters is the population size. Three population sizes were tested
on the training dataset using the simple GA-LAST model:
50, 100 and 200. The population size equal to 50 yielded a
€96725 return, the one equal to 100 yielded a €96358 return,
and the one equal to 200 yielded a €96765 return. Thus, the
population size was set to 200.
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