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The increasing share of renewable energy sources in industrial, multi-energy systems has introduced significant
challenges for the optimal coordination of multiple energy carriers. This work focuses on improving the cost-
effective and robust operation of an industrial plant that simultaneously produces electricity, steam, hot
water, and chilled water. It explores whether data-driven control strategies based on deep reinforcement learning
can enhance the economic and energy performance of the plant, compared to traditional methods, and whether
multi-agent structures can further improve robustness. Three control architectures were designed and evaluated
- centralized, decentralized, and hierarchical — using a year of actual operational data from the industrial plant.
The results show that all of the proposed strategies reduced total operating costs by more than 6% compared to
existing rule-based control. The hierarchical configuration achieved the best performance and demonstrated
superior robustness to variations in energy prices. These findings highlight the potential of learning-based hi-

erarchical coordination as a practical and resilient framework to manage complex industrial energy systems.

1. Introduction

Industrial multi-energy systems (MES) typically combine electricity,
heat, and cooling prosduction to fulfill various process requirements,
while reducing costs and emissions [1]. The strategic objectives of global
climate policy include the decarbonization of industry; in line with these
targets, the share of renewable energy sources (RES) in industrial energy
consumption is already increasing and is expected to grow markedly
over the next decades [2]. The growing penetration of RES has made the
design and operation of industrial energy systems increasingly complex
[3]. Recent research shows how RES can be effectively introduced into
industrial MES. Analyzing renewable configurations for industrial fa-
cilities at the system design level reveals the cost and emissions trade-
offs that arise with increased photovoltaic and wind penetration [4].
Operational scheduling for industrial energy systems then demonstrates

how peak-load management and coordinated scheduling can improve
the use of on-site RES and reduce reliance on the grid [5]. More detailed
flexibility modelling shows that industrial systems can adjust their
processes to better accommodate RES variability, providing a structured
way to support fluctuating generation [6]. The joint scheduling of all
energy uses in a cluster further shows that conversion and storage
technologies play a central role in smoothing renewable output and
enabling cost-efficient operation [7].

In this context, having an Energy Management System (EMS) that
can operate efficiently, react to changing conditions, and reliably con-
trol and coordinate all energy conversion devices is of paramount
importance. EMS control approaches range from rule-based control
(RBC) to mathematical optimization models (such as Linear Program-
ming — LP or Mixed-Integer Linear Programming — MILP), or to Arti-
ficial Intelligence (AI)-based techniques [8]. Although RBC systems are
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simple, they are also inflexible, and their accuracy depends on the de-
veloper’s skill in defining optimal control rules [9]. On the other hand,
mathematical optimization methods can achieve near-optimal results,
but they depend on accurate forecasts and simplified models, thereby
limiting their scalability and real-time applicability in large, dynamic
systems [10]. Meta-heuristic methods (e.g., genetic algorithms, particle
swarm, simulated annealing) offer flexibility, but they lack guarantees
of global optimality, require tuning, and scale poorly with several var-
iables [10].

Recent research has turned to Deep Reinforcement Learning (DRL) to
solve the combined problem of the control and optimization of energy
systems [11]: DRL extends traditional Reinforcement Learning (RL) by
using Deep Neural Networks (DNN) to handle large or continuous state
spaces [12]. In DRL algorithms, agents learn optimal policies by inter-
acting with the environment through trial-and-error, and they are
guided by rewards. DRL, which uses DNN to approximate value func-
tions or policies, can scale to high-dimensional state and action spaces,
thereby enabling the adaptive, data-driven control of complex real-
world scenarios. Algorithms, such as Proximal Policy Optimization
(PPO) [13], Deep Q-Networks (DQN) [14], Deep Deterministic Policy
Gradient (DDPG) [15], and Soft Actor-Critic (SAC) [16] support efficient
real-time decision-making, and they often outperform traditional opti-
mization methods in speed and accuracy [17].

DRL control can be structured in different ways, depending on how
the decision-making is distributed. In the centralized single-agent DRL
(SADRL) approach, one agent controls all the components and has full
visibility of the system. In this setup, the centralized agent can coordi-
nate all components and target a globally optimal strategy; however, its
state-action space grows rapidly with system size, making training
increasingly difficult and reducing scalability [18]. Decentralized multi-
agent DRL (MADRL) configurations divide the control task among in-
dependent agents, and this leads to improved flexibility and resilience,
but it also often leads to conflicts and suboptimal coordination [18]. A
hierarchical multi-agent architecture combines both principles: a
higher-level agent provides global guidance, while lower-level agents
handle local decisions, and this offers better scalability and coordination
for complex systems. This structure preserves scalability and adapt-
ability, while introducing an additional layer of coordination
complexity, with the aim of combining the strengths of both centralized
and decentralized paradigms [19].

The centralized configuration is the most commonly adopted one,
and practical energy management applications are popular at the
building level, in particular to control HVAC (Heating, Ventilation and
Air Conditioning) [20], water heating [21], and lightning systems [22],
or even all of them together in a centralized manner [23] to optimize
costs and comfort in both residential and commercial buildings.
Research on EVs (Electric Vehicles) charging stations has also prolifer-
ated, with the aim of optimizing the charging schedules, minimizing
costs, and ensuring grid stability; many works have been developed
concerning the scheduling and management of the stochastic nature of
this problem using different algorithms [24]. A few studies have
addressed economic energy dispatch problems, driven by the increased
use of RES and electricity storage in microgrids [25] or in MES that
interlink various energy vectors and conversion devices, to achieve more
holistic management optimization [26]. Alabi et al. [27] showed the
improvement brought about by the utilization of DRL on the manage-
ment of complex energy systems, compared to simple RBC strategies.
Ceusters et al. [28] and Bousnina et al. [29] compared DRL algorithms
with Linear Model Predictive Control (LMPC) for MES management
purposes in the case of high-RES penetration, and they showed that DRL
agents can successfully learn optimal strategies. Furthermore, Ruan
et al. [30] compared the performance of DRL (DDPG and Twin Delayed
DDPG - TD3) with other optimization methods (MILP and Particle
Swarm Optimization — PSO), and they found better performances for
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DRL than for PSO, and that DRL was faster than both MILP and PSO.
However, only a few examples have been reported in literature
regarding industrial energy systems. One of these is that of Ghione et al.
[31] whose aim was to optimize the hourly dispatch of a real cogene-
ration unit on the basis of the energy demands of an industrial facility.
Lu et al [32] instead considered both demand and production units.

The decentralized MADRL framework has gained significant atten-
tion in the context of microgrid and multi-energy systems, due to its
conceptual similarity with the game theory and its ability to model
distributed decision-making processes. In such applications, each agent
usually represents an autonomous energy entity that interacts with
others to achieve individual or collective objectives. For instance,
MADRL agents often represent individual microgrids or prosumers that
interact in a large network [33] or energy conversion devices that
operate in a grid [34]. Zhang et al. [35] studied the interactions that
occur between multiple renewable, energy-powered, multi-energy hubs
by optimizing the operational and environmental costs. Qiu et al. [33]
formulated the problem of a double auctioned market for multi-energy
microgrids and solved it using an MADRL framework, considering
multiple TD3 agents to lower the overall costs of the system. May et al.
[36] designed a dynamic pricing system for community-based, peer-to-
peer energy markets to improve coordination among prosumers, while
reducing the total electricity costs. Similarly, Ye et al. [37] developed an
MADRL model to optimize local electricity markets by focusing on en-
ergy trading and the provision of flexibility services: each agent repre-
sented a prosumer with flexible energy demands. Park and Moon [38]
applied a similar approach to optimize the charging and discharging
operations of EVs, in which each EV operated as an agent within a smart
grid that included photovoltaic (PV) systems, storage, and real-time
pricing. These approaches have also been applied to manage multi-
zone HVAC systems, in which each agent represents a different zone
of a building [39]. In the industrial field, Zhu et al. [40] proposed a
decentralized control approach for an industrial park, where each agent
managed a specific unit (cogeneration, boilers, storage, batteries) and
was trained through a shared reward mechanism to foster cooperation.

Fewer works have been dedicated to the analysis of hierarchical
architectures, where agents are organized at different decision levels: a
higher-level leader agent makes system-wide decisions, while lower-
level follower agents act on both the environment and according to
the leader’s commands. Such a structure enables scalable yet coordi-
nated control. Wang et al. [41] applied a Stackelberg game-based
MADRL framework for Virtual Power Plant (VPP) management pur-
poses, where the VPP agent acted as a leader and the EV manager as a
follower. Zhang et al. [42] adopted a similar approach to coordinate a
CHP (Combined Heat and Power) plant operator with a heat-and-power
aggregator.

Table 1 summarizes the literature that has dealt with the application
of DRL to different energy systems. It clearly shows that only a few
works have investigated DRL-based control through a hierarchical ar-
chitecture and, at the same time, only a limited number of studies have
addressed the optimization of industrial energy systems, even though
industrial energy efficiency remains a topic of high current relevance for
both environmental and economic reasons. Moreover, to the best of the
authors’ knowledge, no previous work has implemented a hierarchical,
multi-agent DRL architecture for the operational optimization of an in-
dustrial multi-energy system.

This work analyzes a real industrial multi-energy system. This system
provides a frozen-food production facility with electricity, steam, hot
water, and chilled water. Using one year of hourly operational data from
a dedicated measurement campaign, centralized, decentralized and hi-
erarchical multi-agent DRL controllers are compared. These control
strategies are evaluated against the company’s current rule-based en-
ergy management system, and the potential economic savings are
quantified.
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Table 1
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Classification of representative DRL applications for energy management. The studies are grouped according to the adopted final DRL control structure (Single-Agent,

Multi-Agent, or Hierarchical) and by the application domain.

Configuration Ref. Application domain DRL algorithm
SADRL Stoffel et al. 2023 [20], Building energy management SAC

SADRL Somer et al. 2017[21] Building energy management Q-learning

SADRL Park et al. 2019 [22] Building energy management Q-learning

SADRL Ding et al. 2019 [23] Building energy management DQN

SADRL Chen et al. 2018 [43] Building energy management Q-learning

SADRL Brandi et al. 2022 [44] Building energy management SAC

SADRL Zhang et al. 2022 [45] Building energy management DDPG

SADRL Tuchnitz et al. 2021 [46] Electric mobility & charging DQN

SADRL Rossi et al. 2025 [24] Electric mobility & charging PPO-clip

SADRL Mansour et al. 2025 [47] Electric mobility & charging SAC, PPO, DDPG, TD3
SADRL Nakabi et al. 2021 [25] Microgrid operation DQN, PPO, A3C
SADRL Ji et al. 2019 [48] Microgrid operation DON

SADRL Bao et al. 2023 [49] Microgrid operation PERSAC, SAC, DDPG, DQN
SADRL Zhou et al. 2022 [26] MES PER + LSTM SAC
SADRL Alabi et al. 2023 [27] MES & CO,, capture SAC, TD3

SADRL Ceusters et a 2021 [28] MES PPO, TD3

SADRL Bousnina et al. 2024 [29] MES DDPG

SADRL Ruan et al. 2023 [30] MES DDPG, TD3

SADRL Franzoso et al. 2025 [50] MES DDPG, TD3

SADRL Ghione et al. 2025 [31] Industrial MES SAC, DDPG, DQN
SADRL Lu et al. 2024 [32] Industrial MES DDPG, DQN, PPO and DDPG + DQN
MADRL Shen et al. 2022 [51] Building energy management DQN with VDN
MADRL Bo et al. 2023 [39] Building energy management MA-TD3

MADRL Park et al. 2022 [38] Electric mobility & charging MA-DDPG and COMA
MADRL Qiu et al. 2023 [33] Microgrid operation Based on MATD3
MADRL Safiri et al. 2023 [34] Microgrid operation Actor-Critic method
MADRL May et al. 2023 [36] Microgrid operation (markets) MA-PPO

MADRL Ye et al. 2023 [37] Microgrid operation (markets) MA-SAC

SADRL, MADRL Zhang et al. 2022 [35] MES MADDPG

SADRL, MADRL Zhu et al. 2022 [40] Industrial MES DDPG, SAC (and attention mechanism)
Hier. MADRL Wang et al. 2022 [41] EVs and VPP SAC and TD3

Hier. MADRL Pei et al. 2025 [52] Building energy management — SAC and PPO

Hier. MADRL Gao et al. 2024 [53] Electric mobility & charging Q-mix

SADRL, MADRL, Hier. MADRL This work Industrial MES DDPG — SAC

The main novelties of this work pertain to:

2.1. Energy demands

e A real industrial case and data-driven study: application of DRL-
based optimization to a real industrial multi-energy system, using
roughly one year of measured operational data from a dedicated
monitoring campaign.

A hierarchical MADRL architecture for an industrial MES: imple-

mentation and assessment of hierarchical leader—follower, multi-

agent DRL controllers for a real industrial MES, which, to the best
of our knowledge, has not yet been explored in the literature.

A systematic comparison of DRL architectures: a head-to-head

comparison of single-agent, decentralized, multi-agent and hierar-

chical, multi-agent, DRL controllers for the same industrial plant.

e A robustness and sensitivity analysis: a comprehensive robustness
assessment of the proposed architectures, through sensitivity ana-
lyses, considering the electricity price, natural gas price, industrial
energy demand, and the installed PV capacity.

2. Materials and methods

This section details the methodological framework that we have
adopted in this study, which encompasses both the modeling of the in-
dustrial, multi-energy system and the design of the control strategies.
First, the configuration and operational characteristics of the plant are
introduced. Then, the mathematical formulation of the main energy
conversion units is presented. Next, it describes the implemented control
approaches, including the reference RBC, the optimization benchmark,
and the DRL architectures investigated. Lastly, the setup of the training
environment, the data preparation, and the performance evaluation
criteria adopted are presented to ensure reproducibility and compara-
bility of the results.

First, the energy consumption of the industrial facility under analysis
and its trends had to be identified. The energy vectors that are involved
are electricity, steam, hot water and chilled water. The energy vectors
involved are electricity, steam, hot water, and chilled water. The energy
system has no flexibility because the production of these vectors is
directly linked to and constrained by the corresponding demands. The
provided dataset covered the April 2023-March 2024 period and was
composed of the hourly energy demand (electricity, steam, hot water,
and chilled water), energy production, and fuel consumptions.

As can be seen in Fig. 1, the duration curve graph indicates that
electricity consumption (blue line) begins near 6.4 MW: electricity is the
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Fig. 1. Duration curves of the energy demands.
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energy vector that is required the most, and it shows the dominant
consumption with a significant base load. Steam consumption (dark
orange line) begins at approximately 6.8 MW but declines more steeply
in the second half of the period, ultimately settling at a much lower
level. Hot water consumption (purple line) peaks at roughly 2.0 MW
and then quickly drops, flattening out at a few hundred kW for much of
the duration, thus indicating a moderate base consumption. Finally,
chilled water (green line) has the lowest peak-under 1.0 MW and, after a
rapid initial decline, remains at a comparatively small demand level.
The weekly patterns and seasonal variations can be seen in the
different panels in Fig. 2, which highlights how the energy usage profiles
vary throughout both the week and the year. The horizontal axis in each
subfigure spans from Sunday to Saturday, and the colored lines repre-
sent the average consumption for winter, summer, spring, and fall. The
electricity demand in Fig. 2a shows marked peaks on weekdays, thereby
reflecting high factory activity levels, whereas weekends exhibit low
loads, due to reduced operations. Notably, the highest electricity con-
sumption line corresponds to summer (green line), due to increased
cooling needs, while the lowest refers to winter (blue line). The spring
(orange line) and fall (red line) curves lie in between, since cooling
systems run less intensely in these periods. Steam consumption (Fig. 2b)
shows a lower seasonal variability, thus suggesting that the process is
independent of the environmental conditions. Instead, Fig. 2c¢ shows
that the hot water consumption is much lower than the steam con-
sumption, and it is mostly constant throughout the seasons. A peak in the
early hours of Monday is observable, and this is most likely connected to
the restarting of the circuits after the weekend when consumption is
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null. Finally, Fig. 2d displays the chilled water consumption and high-
lights the diurnal and weekly cycles, as well as distinct seasonal patterns.
As previously mentioned, the chilled water consumption considered
here is for a specific process, but consumption is clearly higher during
the summer.

Fig. 3 reports the monthly average energy costs over the period
analyzed. The electricity purchase costs (shown in orange) are consis-
tently the highest of the three considered vectors, and they fluctuate
around 200-250 €/MWh, with a slight reduction in the summer months.
The natural gas costs (in dark blue) are lower and more stable, ranging
between 60 and 80 €/MWh. The electricity selling prices (light green)
remain significantly below the purchase costs, and they average be-
tween 80 and 140 €/MWh.

2.2. Energy system

As previously stated, this study is based on a real industrial plant. As
previously stated, the analyzed factory requires electricity, steam, hot
water, and chilled water, all of which are supplied by a combination of
on-site devices and external sources, including both renewable and
conventional technologies. All the energy production and conversion
units of the facility have been modelled in order to faithfully reproduce
the internal energy flows. Specifically, the plant resorts to a gas-powered
internal combustion engine (ICE), three microturbines (MTs) attached to
an afterburner (AB), four steam generators (SG), and a PV system (see
Fig. 4). All the units are installed locally and employed on-site, and the
system can also buy or sell electricity to the power grid. The available
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Fig. 2. Profiles of the mean seasonal energy consumption. Note that panels (a) and (b) use a different y-axis scale from panels (c) and (d).
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Fig. 4. Schematic representation of the industrial energy system showing the
energy flows of the natural gas, electricity, steam, hot water, and chilled water
between the generation units, and the corresponding energy demands.

dataset used for the modelling of the energy system includes the fuel
consumption and energy output of each generation unit (electricity,
steam, hot water, and chilled water).

The installed ICE generates electricity, steam, through the exhaust
gas heat recovery system, and hot water from the engine jacket water
heat recovery system, which satisfies the hot water demand and feeds
the hot side of the absorption chiller. The MTs use natural gas to
generate electricity and produce steam through the exhaust gas heat
recovery system. The AB burns additional fuel to further heat the
exhaust gases, thereby enabling a higher steam generation. Its output
scales with the number of active turbines. A consistent amount of elec-
tricity is produced by the PV system, which provides renewable elec-
tricity to offset a portion of the electricity demand. The factory is
connected to the main power grid to ensure a stable power supply;
excess electricity generated on site can be sold back to the grid, thereby
providing an additional revenue stream. Steam generators are required
to meet the steam demand, since the production from the ICE, MTs, and
AB is insufficient. Likewise, gas boilers are present for hot water gen-
eration purposes. Lastly, chilled water is required for some processes and
to increase the exploitation of the ICE, while absorption chillers are
employed to produce chilled water instead of using compression
chillers, which would increase the electricity demand. The absorption
chillers are similar to the compression chillers, but instead of using a
prime mover to increase the pressure of the refrigerant vapors, they use a
hot source - generally at a temperature of between 80 °C and 100 °C - to
produce chilled water at 5-10 °C. The performance of an absorption
chiller is generally expressed by considering its Coefficient of Perfor-
mance (COP), which is calculated as the ratio between the useful ther-
mal output (such as the cooling load) and the supplied heat energy.
Table 2 reports the most relevant parameters available for the energy
devices considered, while Table 3 summarizes the mathematical models
adopted to describe their behaviors. These equations were obtained by
fitting real operational data collected during a dedicated measurement
campaign at the considered plant. Specifically, linear and piecewise-

Table 2
Components and nominal characteristics.
Component Variable UoM Value
ICE-CHP Nominal Electric Power kw 4300
Nominal Electrical Efficiency - 0.44
Steam Production kw 1700
Hot Water Production kw 2500
Load Factor Range - 0.7-1
MT Number - 3
Nominal Electric Power kw 200
Nominal Electrical Efficiency - 0.31
Steam Production kw 200
Load Factor Range — 0.75-1
PV Installed capacity MW, 2.2
Steam generator Number - 4
Nominal Power kw 2000
Load Factor Range — 0-1
Absorption chiller Nominal Power kw 900
cop - 0.62

Table 3
Mathematical description of the components involved in the energy system. The
formulas are expressed in MW.

Device Quantity  Formula
ICE Gas cons. Ty @ LHV = @ ® Pypom # 2.2+ 0597 > 07 (D
niy, @ LHV = Oar < 0.7
Steam Steam = P, ¢ 0.25 + 0.65 )
Hot HotWater = P, ¢ 0.6 3)
water
MTs Gas cons. my  LHV = @ @ Pgom @ 2.0 + 0.237a > 0.75  (4)
my, e LHV = O0a < 0.75
Steam Steam = Py o1 5)
After- Steam Steam = f3 @ Nyrs0n © 0.417 (6)
burner Gas cons. iy o LHV — Stlec;m )
Steam gen. Gas cons. my e LHV = a e Py e 1.1 + 0.038 (8)
Gas boilers Gas cons. iy o LHV = a -0 P(;m,,. ©
Absorption Chilled Chilledwater = HotWater ¢ 0.62 (10)
chillers water

*where my, is the gas consumption, LHV is the Lower Heating Value, P pom is the
rated electric output, Py is the electric output, o is the part load factor, and f is a
binary control variable.

linear regressions were performed on the measured gas consumption
and thermal/electrical outputs of each device to derive simplified,
input-output relations that would be suitable to integrate into the DRL
environment. Therefore, the numerical coefficients that appear in
Table 3 (e.g., slopes, intercepts, and load thresholds) reflect the best-fit
parameters derived from the experimental datasets, and they represent
the empirical performance of the actual equipment under typical oper-
ating conditions. A detailed description of the data processing proced-
ures and of the regression methodology, and validation of these models
against the measured profiles are provided in the Supplementary
Material.
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2.3. Control methods

Different control architectures, based on DRL, including single-agent
(centralized) approaches and multi-agent architectures — either fully
decentralized or organized hierarchically, have been explored in this
work. The baseline is represented by the rule-based controller that is
currently in use, and it was structured around working days and oper-
ational shifts. Currently, the energy system is managed according to a
rigid and simple rule-based strategy that is based on work shifts.

e When available, the turbines are set ON at full capacity;

e During weekdays, the ICE is maintained at full capacity;

e During nights on weekdays, the ICE is kept stable at 70% of its
nominal power.

e During weekends and festivities, the ICE is turned off;

e The afterburner is only turned on during weekdays, when the heat
demand is higher;

e Steam generators are only required during weekdays.

This control strategy does not take into account the electricity
generated by the PV system, which leads to surplus generation and a
sub-optimal performance of the system. This is because the EMS is
operated manually rather than automatically, thus necessitating the use
of a simple strategy.

All the control strategies were benchmarked against a reference so-
lution, derived from an MILP model [54], to enable a comparative
assessment, in terms of performance and limitations. This step ensures
that the DRL approaches can be evaluated against a reference that is
close to the mathematically optimal solution. The MILP formulation
relies on perfect knowledge, whereas DRL methods — and real-world
applications in general — cannot achieve such accuracy. Therefore, the
MILP solution should not be considered a feasible control strategy, but
rather an upper bound of all the possible strategies. The simulation
environment, as described in Section 2.2 and summarized in Table 2 and
Table 3, is identical for all the tested control configurations in order to
ensure that any comparison of the methods relies on consistent opera-
tional assumptions and system constraints.

2.3.1. Deep reinforcement learning

DRL builds on a Markov Decision Process that is defined by states,
actions, rewards, and transitions. Using DNNs, DRL approximates the
state-action value function (Q-function) or directly determines optimal
actions (policy), and this enables it to handle high-dimensional inputs
and complex systems. The state (s;) represents the current configuration
of the environment, and it is approximated through a set of punctual
observations, which provide discrete pieces of information from which
the agent determines its action (a;). The environment responds with a
new state (s;;1) and a reward (r;). The agent then iteratively refines its
policy through trial-and-error and using reward feedback.

In this work, three different structures have been evaluated, and the
obtained results have been compared using centralized, decentralized,
and hierarchical configurations of the agents (Fig. 5) whereby:

e Centralized control provides global optimization by considering all
the system components simultaneously, simplifying coordination
and decision-making, and enabling real-time monitoring of the entire
system. However, this type of control suffers from some critical
drawbacks, including vulnerability to a single point of failure,
limited scalability (i.e. the ability of the architecture to handle
growing system dimensionality without an exponential growth of the
state-action space), higher communication overheads, and reduced
adaptability to local disturbances.

Decentralized control is more resilient, as the subsystems can still
operate independently if one of them fails. It scales well for large and
distributed systems and reduces communication overheads.
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Fig. 5. Scheme of the DRL optimization loops for the (a) centralized, (b)
decentralized, and (c) hierarchical configurations.

However, it may lead to a suboptimal global performance, due to
conflicting local decisions.

e Hierarchical control establishes a hierarchy between different con-
trol agents in such a way that, through coordination, they can
overcome the suboptimal global performance of decentralized con-
trol systems and improve system management.

A centralized control system was studied by developing and training
an agent to control the ICE, three MTs, and an afterburner. In the second
and third cases, a decentralized control scheme was employed in which
the cogeneration units were divided between two agents, with one agent
responsible for the CHP-ICE unit and the other agent responsible for the
MTs and the AB. The energy demands were satisfied in all the considered
cases as the deficits were balanced by the power grid, the SG, gas boilers
(hot water) and by compression chillers.

In the cooperative hierarchical control setting, the interaction be-
tween agents was represented through a leader—follower configuration:
one agent determines its strategy first, taking on the role of leader, while
the other optimizes its response based on the leader’s observable deci-
sion, acting as the follower. Within this framework, the leader has no
direct knowledge of the follower’s actions and therefore learns, during
training, to anticipate the follower’s behavior. The leader, by adopting a
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cooperative hierarchical structure for the considered problem, is
selected from the group exerting the greatest influence on the global
reward, namely the CHP-ICE group. The follower, instead, is responsible
for controlling the group composed of the MTs and AB.

The optimal solution is achieved only if the follower does not move
away from equilibrium by selecting a non-optimal action; any deviation
would reduce the follower’s performance and, at the same time, nega-
tively affect the leader. Suboptimal behaviors are nevertheless expected,
since DRL relies on a trial-and-error learning process; the goal is there-
fore to approach the optimal solution as closely as possible. Table 4
summarizes the methods that we used, their requirements, and the other
characteristics, such as scalability, real-time capability, coordination
complexity, and adaptability.

Observations, actions, and rewards

The selection of observations is critical to accurately represent the
state of a system. The environment should be characterized by the
minimum number of observations necessary to minimize noise and
redundancy. This careful selection can positively affect both the training
duration and the quality of the resulting models, and it can ultimately
enhance their overall performance. The agents observe the environment
at each time step, t, considering the following variables:

e Net load(t), which is the difference between the electricity demand
and the PV production;

e Steam demand(t), which is the demand for hot steam;

HW demand(t), which is the demand for hot water;

CW demand(t), which is the demand for chilled water;

electricity cost(t), which is the buying cost of electricity;

electricity price(t), which is the selling price of electricity;

Gas cost(t), which is the buying cost of gas;

e Hour(t), which is the hour of the day;

e Day Of Week(t), which is the day of the week;

e ajcg(t), which is the action undertaken by the CHP-ICE agent.

These quantities can be used in different combinations, depending on
the case, as shown in Table 5. The vectors of the observations used were
obtained by iterating over different configurations, and the best com-
binations were then chosen. A follower agent in the hierarchical MADRL
configuration receives a reduced set of direct observations, compared to
an agent in the flat, non-hierarchical setting. Indeed, such an agent does
not observe certain system-level variables, including energy demands
for vectors outwith its production capability (e.g., hot and chilled water)
and energy costs. Additionally, the follower observes the action taken by
the leader agent.
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e CHP-ICE, controlled by the action acgp(t), which determines its ON/
OFF status and load factor;

e The three MTs, each operated through the actions [ayri(t),
amr2(t), amrs(t)] which determine their ON/OFF status and load
factor;

e The AB, controlled by the action asg(t) which sets its activation
status (according also to the operating conditions of the MTs).

As previously mentioned, in this case, the action space is not entirely
continuous, and the approach adopted to handle this aspect is described
in Section 2.3.2.

Lastly, given the cooperative nature of the task, all the configurations
share the same reward formulation, which reflects the operating costs of
the energy system,; this aspect is further detailed in Section 4. The energy
costs (C) are related to the purchasing of fuel and electricity, while its
revenues (R) are related to the selling of electricity to the grid.

r(t)=R(t) — (Cng(t) + Ca(t) + Cnaine () (11)

where:

e R(t) is the total revenue at timestep t;

e Cng(t) is the total cost of the natural gas consumed at timestep ¢;

e Cy(t) is the total cost of the electricity bought at timestep t;
Crnaint(t) is the total cost of the maintenance associated with the
utilization of the technology (ICE or MTs) at timestep t;

The revenues are only due to the sale of electricity to the grid:
R(t) = Cel,selling(t) ° Eeltogrid (t) (12)
where €, giiing is the unit cost of electricity [€/MWh].

The total gas costs are calculated as follows:
Cna(t) = cng(t) @ myg(t) @ LHVyg 13)
where cyg is the unit cost of natural gas [€/MWh], and myg is the total
gas consumption.

The costs of the electricity bought from the grid are calculated as
follows:

Ca(t) = Cetpuying (t) ® Eel fromgria(t) 14)

where ¢ puying is the unit cost of electricity [€/MWh].
The maintenance costs for the ICE and MTs are therefore calculated
as:

The controllable devices included in the action space are the Crnaint.GE = Cmaint.6e ® Eet.E (15)
following:
Table 4
Comparison of the methods adopted in this work.
Method Principle Model Requirements Scalability Real-Time Capability Coordination Adaptability
Complexity
Rule-Based Predefined if-then rules None (rule logic only) High (but inflexible) High (instant None Very Low
Control (RBC) execution) (manual
updates)
MILP Mathematical Full linearized system Low Strongly dependent on Centralized solver Low (fixed
Optimization programming (global model the time horizon and handles everything structure)

optimization under
constraints)

the number of
constraints

SADRL Deep RL with one agent Moderate (historical Low (single agent must
controlling all the devices data + hyperparameter scale ccording to the size
tuning) of the problem)
Independent Separate DRL agents for Moderate (historical High (agents can be
MADRL each device group data + hyperparameter added/removed)
tuning)
Hierarchical Hierarchical DRL with a Moderate (data + Medium-High (better
MADRL leader—follower hyperparameter tuning) coordination than an

architecture

independent MADRL)

High (once trained)

High (once trained)

High (once trained)

Centralized agent
handles everything

Medium (no
coordination,
possible, conflicts)
High (inter-agent
coordination via the
hierarchy)

High (learns
from data)

High (local
adaptation)

High (structured
adaptation)
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Table 5
Summary of observations, actions, and rewards for the different DRL configurations.
Configuration Devices Observations Action(s) Reward
SADRL CHP - ICE, MTs Net load(t), Steam demand(t), HW demand(t), CW demand(t), electricity cost(t), aice(t), amn (t), Operating
and AB electricity price(t), Gas cost(t), Hour(t), Day Of Week(t) apre (t), amrs(t), aag(t) costs
Independent CHP — ICE Net load(t), Steam demand(t), HW demand(t), CW demand(t), electricity cost(t), aicg(t) Operating
MADRL electricity price(t), Gas cost(t), Hour(t), Day Of Week(t) costs
MTs and AB Net load(t), Steam demand(t), electricity cost(t), electricity price(t), Gas cost(t), Hour(t),  amri (t), amr2(t), amrs(t), Operating
Day Of Week(t) aup(t) costs
Hierarchical CHP — ICE Net load(t), Steam demand(t), HW demand(t), CW demand(t), electricity cost(t), aic(t) Operating
MADRL electricity price(t), Gas cost(t), Hour(t), Day Of Week(t) costs
MTs and AB Net load(t), Steam demand(t), Hour(t), Day Of Week(t), aicg(t) amr (t), amrz(t), amrs(t), Operating
aup(t) costs
Conaint MT = Crmaint.ur ® Eelpr 16) Additionally, DDPG uses target networks (Q(s,a/6?) and u/(s|0")),

where Cmaint 1ce and Cmgine T are the unitary costs for the maintenance of
the ICE and MTs, and E,; cyp and E,; v are the electricity produced by the
ICE and MTs.

The total maintenance costs can easily be calculated as:

Conaint = Crnaine.mr + Crnaine 1cE a7)

2.3.2. Algorithm implementation and training setup

Two state-of-the-art continuous control algorithms have been tested
to evaluate the control performance of the proposed DRL architectures:
DDPG and SAC. Both are off-policy, actor—critic algorithms that were
designed for continuous control tasks: DDPG employs deterministic
policies, whereby Q-learning is combined with deterministic policy
gradients [15], while SAC extends this framework by introducing sto-
chastic policies and entropy maximization to encourage exploration
[16]. Both approaches use replay buffers to stabilize learning and target
networks to smooth value updates, and they mainly differ in how they
balance exploration and exploitation. Since the objective of this work
has not been to compare DRL algorithms per se, but rather to investigate
different DRL control architectures (single-agent, independent multi-
agent, and hierarchical multi-agent), the choice of the algorithms has
not been the core focus of the analysis. However, for completeness, both
algorithms were implemented and tested under identical conditions.

Consistently with the findings of previous studies (see [31,55]),
DDPG achieved a slightly better performance, in terms of cost minimi-
zation and training efficiency, for the examined industrial multi-energy
system. Therefore, for clarity and conciseness, the results presented in
the main paper refer to the DDPG-based controllers. The complete re-
sults obtained with SAC are reported in the Supplementary Material. As
detailed therein, the SAC-based controllers lead to the same qualitative
conclusions, regarding the relative performance of the different control
architectures, thereby reinforcing the robustness and generality of the
findings reported in this work.

Since the main results discussed in this work refer to the DDPG-based
controllers, this subsection briefly outlines the mathematical formula-
tion of the DDPG algorithm as implemented in our study. The aim has
not been to provide an exhaustive derivation, but rather to summarize
the key elements of the actor—critic structure, the updated rules, and the
exploration mechanism used in the training process.

Specifically, the actor network (u(s;|¢"), where u is the policy, s; is the
set of environment observations at timestep i, and 6" represents the
parameters of the actor network) learns a deterministic policy that
directly maps the observed states onto the actions. The critic network
(Q(si,ai|0Q), where s; is the set of the environment observations at
timestep i, a; is the action selected at timestep i, and 62 represents the
parameters of the critic network), estimates the value of the actions that
have been taken by approximating the Q-function. In order to improve
stability, DDPG employs experience replay, where past interactions are
stored in a buffer and sampled randomly in mini-batches (of size N) for
training purposes, while reducing the correlation between updates.

which are gradually updated toward the learned networks to mitigate
oscillations and divergence during training.

The critic network is updated by minimizing the loss function, L,
across all the sampled experiences:

1
L:NZ(}'i*Q(Si,aiWQ) )2 (18)

where y; is the sum of the experience reward, r;, and the discounted (7,
discount factor) future reward. The future reward is estimated using the
target actor (u/(s|¢")) and the target critic (Q/(s, a|6’Q')) evaluated at the
next state (s;.1), and it is defined as follows:

Yi= ri+}'Q’(5i+1~,ﬂ’(5i+1\9”/)|9Q,) 19

After each updating of the critic network, the actor network is also
updated, using the following sampled policy gradient to maximize the
expected, discounted, long-term, cumulative reward.

1 i
VW" ~ NZVHQ(& a‘GQ) |s:si‘a:;4(si)vﬂuﬂ(s|9‘ )ls:si (20)

The target networks are updated periodically and smoothly, that is, after
a certain number of steps (referred to as the target update frequency)
and applying a smoothing factor (referred to as target smooth factor 7).

0% —16?+ (1 —1)o? 21
0 10" + (1 —1)0" (22)

The Ornstein—Uhlenbeck noise model (OUyis) is used to encourage
exploration, so that, during training, the action selected at each timestep
is:

a; = M(S|9“) + OU"m'_;e (23)

Since the DRL algorithms adopted to investigate the different configu-
rations only manage continuous action spaces, the non-differentiable or
discrete action spaces represent a challenge. The chosen approach uses
what is effectively a step function: as shown in Fig. 6, the continuous
action produced by an agent within the normalized range [—1,1] is
translated into the corresponding operational mode and load factor of
each device. The resulting load factor spans from 0.6 to 1.0, where
values below the minimum operating threshold - 0.7 for the ICE (blue)
and 0.75 for the MTs (orange) — correspond to an OFF state. A simpler
rule is applied for AB (green): negative action values lead to an OFF
state, whereas positive ones activate the device. This deterministic
mapping was introduced as a practical way of embedding minimum-
load constraints and ON/OFF decisions into a continuous-action DRL
framework. For the system under analysis, it has proved to be an
effective and practically viable way of incorporating discrete and non-
differentiable behaviors into a continuous-control algorithm, as shown
by the close agreement between the DRL solutions and the MILP
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Fig. 6. Post-processing of the actions to obtain the load factor.

benchmark (see Section 3). However, it is worth noting that assessing
whether this methodology performs equally well in other settings would
require dedicated studies, which are beyond the scope of this work.

The DNN architecture was iteratively tuned but kept consistent
across all the algorithms and control structures to guarantee compara-
bility. Both the actor and critic networks were implemented as fully
connected, feedforward, neural networks with two hidden layers of 350
nodes each, and the configuration was selected after iterative testing.
The hyperparameters were optimized through iterative testing, and the
best-performing sets are shown in Table 6: the aim of the hyper-
parameter tuning is to balance exploration, exploitation, and training
stability. The tuning process was initially set up following the general
guidelines provided in [15] and then gradually refined to enhance the
performance in the SADRL configuration. According to the findings of
[29], comparable approaches generally result in similar hyperparameter
configurations; hence, the MADRL tuning process was initialized from
the optimal configuration obtained for the SADRL framework. It was
observed that the hierarchical MADRL achieved optimal results for the
same configuration as SADRL, whereas the independent MADRL
required slight adjustments. The actor and critic networks were updated
using the ADAM optimizer and the learning rates, which determine the
step size used to update the weights of the networks after each gradient
descent iteration, and they therefore play a huge role in balancing the
convergence speed and training stability. Other important hyper-
parameters for DDPG that required tuning includes the discount factor,
which reflects the importance of future rewards, relative to immediate
ones (0.95); the size of the experience buffer (1e6), which ensures a
diverse set of past interactions for training; the minibatch size (128),
which determines the number of samples used at each update; and the
target update frequency (1000 and 1200), as well as the target smooth
factor (1e-3), which regulates how quickly the target networks follow
the main ones and increase stability. The exploration issue was tackled
using the OU noise model, which produces correlated and bounded
variations in the actions, with a mean reversion constant of 0.15 and a
standard deviation of 0.3.

The dataset described in Section 2.1 was partitioned into training

Table 6

The hyperparameters used for DDPG training.
Hyperparameter SADRL Ind. Hier.

MADRL MADRL

Critic learn rate le-3 0.75e-3 le-3
Actor learn rate 0.75e-3 le-3 0.75e-3
Experience buffer size le6 le6 le6
Minibatch size 128 128 128
Target update frequency 1200 1000 1200
Target Smooth Factor le-3 le-3 le-3
Discount Factor 0.95 0.95 0.95
OU Mean Reversion Constant 0.15 0.15 0.15
OU Standard Deviation 0.3 0.3 0.3
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and testing subsets to successfully train the agent and to maintain the
temporal coherence of the time series. Specifically, the training set was
made to contain the even weeks, while the test set was made to include
the odd weeks. During training, the agents were permitted to explore the
environment freely, provided they remained within the feasible region.
While doing so, each agent actively controlled the specified technologies
and sought the optimal solution from an economic perspective. Each
episode was composed of a sequence of 10 consecutive days, and each
step corresponded to one operational hour; after each training episode,
the environment was completely reset and the agent was then exposed to
a different part of the training set. The training of the agents in the multi-
agent configuration was simultaneous, and the interaction of the agents
generated a high number of samples, thereby indirectly increasing the
exploration of the environment by the agents.

Overfitting was ruled out, according to the results presented in
Table 7, as the performance levels remain consistent across the agents.
The observed variations across the datasets can be attributed to differ-
ences in the energy demands and energy costs, which in turn influence
the resulting global reward.

3. Results

The performance of the different control strategies presented in
Section 2.3 is here evaluated and compared. The analysis focuses on key
economic and energy-related indicators, with particular attention to
operational costs and the utilization profiles of the main technologies.
The RBC currently implemented in the plant and the DRL-based strate-
gies — SADRL, independent MADRL, and cooperative hierarchical
MADRL - are tested and compared with the MILP optimization model
that serves as a benchmark to evaluate the optimality of the DRL
approaches.

3.1. Comparative performance of the control strategies: economic and
energy analyses

Both economic and energy indicators have been considered to
comprehensively evaluate the performance of the different control
strategies. Although the total operating cost remains the primary metric
— as it is the objective function that is minimized by both the MILP and
DRL models — energy Key Performance Indicators (KPIs) provide a
deeper insight into how each strategy manages the utilization of the key
technologies in the system. The results obtained with the different DRL
architectures have been compared with those achieved by the current
RBC control (i.e., the currently implemented, rule-based control) and
with the outcomes of the MILP-based control, which has been consid-
ered the upper bound of the performance of the plant.

As mentioned in Section 2.3.1, the operational costs account for the
fuel costs of each device, the maintenance costs, and the electricity costs
and revenues. In terms of energy KPIs, both the consumption and pro-
duction of the main energy vectors were considered in the analysis.
Tables 8 and 9 provide detailed reports on the costs and external energy
exchanges, while Fig. 7 highlights differences in technology utilization
across the strategies (RBC in blue, SADRL in orange, Independent
MADRL in green, and Hierarchical MADRL in red), compared to the
MILP benchmark (black dashed line). The differences are shown in terms
of (a) costs, (b) natural gas consumption, (c) electricity production or
electricity exchanged with the grid, and (d) steam production.

The RBC strategy, which has been considered as the baseline for

Table 7
The performance of the agent on the different sets (average step reward).
Average reward [€] SADRL Ind. Hier.
MADRL MADRL
Training set 546.23 550.16 545.34

Test set 540.15 543.37 539.18
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Table 8
Comparison of the economic KPIs for the different analyzed strategies (RBC, MILP, SADRL, Independent MADRL, and Hierarchical MADRL).
Quantity UoM RBC (baseline) MILP (benchmark) SADRL Ind. MADRL Hier. MADRL
Electricity costs M€ 0.394 0.318 0.421 0.539 0.381
Fuel costs M€ 4.47 3.82 3.74 3.73 3.81
Maintenance costs M€ 0.393 0.312 0.298 0.291 0.310
— Electricity revenues M€ 0.635 0.171 0.144 0.217 0.200
Operating costs M€ 4.63 4.29 4.32 4.34 4.31
Table 9
Comparison of the energy KPIs for the different analyzed strategies (RBC, MILP, SADRL, Independent MADRL, and Hierarchical MADRL).
Quantity UoM RBC (baseline) MILP (benchmark) SADRL Ind. MADRL Hier. MADRL
Electricity bought GWh 1.79 1.45 1.92 2.41 1.72
Electricity sold GWh 5.80 1.55 1.29 1.96 1.81
ICE Gas Cons. GWh 42.9 39.7 38.4 41.2 40.0
MT and AB Gas Cons. GWh 18.7 10.8 9.38 6.27 10.4
Steam Gen. Gas Cons. GWh 2.58 4.95 6.11 6.74 4.91
Total Gas Cons. GWh 64.1 55.4 53.9 54.2 55.3
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Fig. 7. Comparison of the costs, energy production, and fuel consumption for the control strategies. (a) Operating costs by technology; (b) Natural gas consumption
by device; (c) Electricity balance (generation, grid exchanges, PV); (d) Steam production from different sources.

improvements, is the worst-performing one (4.63 M€), due to its lack of
flexibility. It exhibits the highest fuel and maintenance costs, it
frequently overproduces electricity, which is sold to the grid at low
prices (Fig. 7c, blue dots), and it fails to offset the increased production
costs. Moreover, it results in the largest amount of dissipated steam
(Fig. 7d), thereby further highlighting the inefficiencies of this control
strategy. Altogether, these factors lead to the highest overall operating
costs of all the analyzed configurations.

Cooperative hierarchical-MADRL demonstrates the best balance of
the DRL methods, that is, it achieves a total operating cost of 4.31 M€
(—6.9% compared to the actual RBC control used as a baseline), which is
nearly equivalent to that of MILP (4.29 M€, —7.3%) and significantly
lower than the RBC, as it effectively reduces fuel and maintenance costs

10

while balancing grid imports. When comparing the technology utiliza-
tion images, it is possible to assert that the hierarchical MADRL solution
has very similar utilization patterns to those of MILP optimization, with
deviations mostly for the bought (+18.6%) and sold (+16.4%) elec-
tricity, and for the MT and AB gas consumption (—3.8%).

The SADRL configuration also shows a great reduction in costs, when
compared with RBC (4.32 M€, —6.7%), and it is almost equivalent to the
hierarchical MADRL configuration; however, from a technology utili-
zation point of view, it is possible to notice that the SADRL strategy tends
to use the ICE, MTs and AB less than the MILP optimal solution and the
hierarchical MADRL, although it involves buying more electricity
(+32.4%) from the grid and producing more steam through the steam
generators (+23.4%).
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The worst performing DRL configuration is that of the independent
MADRL (4.34 M€, —6.3%), due to the lack of coordination of the agents
in the system: the differences from MILP in the utilization of ICE
(+3.8%) and MTs (—41.9%) are sizeable, and this leads to higher uti-
lization of the steam generators. The bought and sold electricity also
differs, thus signaling a poor usage of the MTs.

It is worth noting that the results obtained with the DDPG algorithm
are very close to the MILP benchmark, thus confirming that the
approach used to manage the discrete or non-differentiable actions does
not compromise the stability or the convergence of the training process.

The electricity and steam flows of the plant are shown in Fig. 8a-b for
the current RBC solution and the optimal solution obtained with the
MILP, respectively. The main difference is that RBC does not adjust the
output of the ICE or MTs, and this leads to a significant overproduction
both during renewable generation peaks and at night when the elec-
tricity demand decreases. As reported in Table 9, the electricity sold to
the grid in the RBC case is more than 2.5 times higher than in the optimal
case. In addition, the ICE is switched off during weekends, while the MTs
constantly remain on; these differences are sufficient to cover the plant’s
energy needs, but at the cost of increasing the amount of electricity
purchased from the grid. It should also be noted that the extensive use of
the ICE on weekdays enables the production of a large amount of
cogenerated steam, thus reducing the use of SGs. However, even though
the utilization of SG decreases, the production of steam is still not
optimized and, as shown in Fig. 7d, the overproduction of steam is
greater for the RBC case than for the MILP case.

The solutions in the DRL configurations (Fig. 8c—e) closely reproduce
the optimal behavior identified by the MILP on weekdays, thus con-
firming the agents’ ability to correctly adapt to variations in demand and
renewable generation, with only minor differences in the management
of the MTs. However, more pronounced differences emerge for week-
ends: in particular, SADRL and the independent MADRL architecture
adopt strategies that deviate from the optimal one, while the hierar-
chical configuration remains close to the MILP reference one. This de-
viation is mainly due to the operating characteristics of the system under
low-demand conditions. Indeed, the energy requirements are reduced
during weekends, and the presence of technical constraints — such as the
minimum output of cogeneration units — leads to situations in which
switching on a unit inevitably results in producing more energy than is
required. In such cases, the difference between keeping the unit off
(purchasing the unavailable energy from the grid) and keeping it on
(with an excess fed into the grid) is economically very small (see the
total operating costs of the three solutions reported in Table 8), thus
making it harder for DRL to distinguish between the optimal strategy
and a suboptimal one.

3.2. Impact of cost structure perturbations on the control performance

A stress test was conducted to assess the robustness and adaptability
of the DRL-based control strategies by independently varying the cost of
natural gas and electricity. This sensitivity analysis examined scenarios
that deviated from the usual relationship between energy vectors, such
as those resulting from market volatility, increased use of renewable
energy sources, or changes in regulations.

Two parameters were systematically adjusted:

e Gas Cost Multiplier: the baseline natural gas price was scaled from
0.6 xto 1.4 x .

e Electricity Cost Multiplier: the electricity purchase price was varied
from 0.2 x to 1.8x, while maintaining a constant ratio between the
buying and selling prices to preserve market symmetry (the elec-
tricity selling prices were on average equal to 50% of the electricity
buying cost).

The obtained scenarios can be grouped into four distinct cases
(Fig. 9) on the basis of the relative cost of electricity and natural gas, and

11

Energy Conversion and Management 350 (2026) 120963

they reveal different optimal operating regimes and strategic responses
of the energy system.

e Zone A: this is the most populated region regarding the tested sce-
narios, and it represents the current and likely short- and medium-
term market conditions. Although the design of the energy system
was completed prior to the introduction of the PV system, it was
originally optimized on the basis of these economic scenarios. From a
control strategy standpoint, it is more convenient, on average, to
follow the net electrical demand while treating the associated heat as
a secondary product to be exploited when available. The DRL agents
were trained using cost data from the central section (green tile).
Therefore, Zone A can be considered the main benchmark to inter-
pret the results. The agents’ behavior and robustness should pri-
marily be assessed within this region, as it reflects the operational
environment for which the real system was conceived and designed.

e Zone B: the electricity prices in this region are high enough and the
gas prices are low enough to justify prioritizing steam production.
The resulting optimal strategy is to follow the thermal load. Although
the system under analysis was originally designed to follow the
electrical demand, such a heat-driven operation is commonly adop-
ted in many industrial settings as a control strategy.

e Zones C and D: these regions correspond to extreme price conditions
under which the current design of the energy system would be
economically inappropriate. In Zone C, the cost of electricity
generated by the CHP units exceeds the grid purchase price, even
when full heat and steam recovery is considered. In such a situation,
a rational operator would import electricity and meet the thermal
demand with heat-only technologies, since the operation of ICEs and
MTs would be economically unjustified. Conversely, in Zone D, the
electricity price becomes so favorable, relative to the gas cost, that
producing electricity solely to export it to the grid is profitable,
regardless of the plant’s thermal demand. However, these scenarios
should be regarded as stress tests rather than realistic operating
conditions, since such drastic economic shifts fall well outside the
training conditions and would require not only an adjustment of the
control policy but also a redesigning of the energy system itself.
Accordingly, any performance degradation observed in zones C and
D should be interpreted in this light, while the main robustness
assessment should be focused on the more realistic cost variations
explored in zones A and B.

The relative deviation of the operating costs was computed for each
price combination to compare all the DRL control strategies with the
MILP benchmark. It should be noted that the DRL agents (SADRL, in-
dependent MADRL, and hierarchical MADRL) were evaluated without
any retraining with the new energy costs. Fig. 10 summarizes these
differences across all the control architectures, with each heatmap
representing a distinct DRL variant. The performance is segmented into
the above-described operating zones — A, B, C and D - and is highlighted
in the plots. The obtained results show that:

e Zone A: Despite a broad variation in energy costs across this region,
all the DRL agents demonstrate a high degree of robustness, with
relative errors generally below 1.5% and often under 1% in the core
of the zone. Only in one borderline scenario — closer in nature to Zone
C - are error levels observed in the 5-8% range. This confirms that
the DRL agents have successfully learned to operate the system
optimally under conditions that are similar to those of the historical
dataset. When considering the DRL architectures, it can be observed
that the hierarchical MADRL configuration (Fig. 10c) appears
slightly more robust than the SADRL one (Fig. 10a), while the in-
dependent MADRL configuration (Fig. 10b) shows a marginally
lower performance across all the scenarios within Zone A.

e Zone B presents a regime in which the optimal dispatch logic shifts
slightly. Despite this, the MADRL configurations continue to perform



A. Franzoso et al.

RBC (baseline)

Weekday

Weekend day

Steam [kW]

Weekday Weekend day

(a)
SADRL

Weekday Weekend day

Weekday

Weekend day
(c)
Hierarchical MADRL

Weekday Weekend day

Steam [kW]

Weekday

Weekend day

(e)

Energy Conversion and Management 350 (2026) 120963

MILP (benchmark)
T T

Weekday

Weekend day

Weekday Weekend day

(b)
Independent MADRL

Weekday

Weekend day

Weekday Weekend day

(d)

Electricity balance legend

s MT, ssssssss |CE = = Demand
_MT2 PV

e M7, s Grid

Steam balance legend

s MT, ssssssm AB == == Demand
m— VT, ICE

s M7, s SGs
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reasonably well — especially the hierarchical one — showing errors
below 3-5% in most tiles, whereas SADRL shows increasing de-
viations (~10% in the worst tiles). This suggests that multi-agent
approaches provide improved generalization by decoupling the
control of different subsystems and specializing their responses, even
when the reward is shared between agents.

Zones C and D exhibit extreme and structurally distinct operating
conditions, compared to the training data. As expected, deviations
from the benchmark increase markedly, exceed 30% in Zone C and
reach up to 90% in Zone D. Such results are not unexpected, as these
configurations correspond to cost structures that are very different
from the conditions for which the control strategies were developed.
As previously mentioned, they would imply such different market
situations for which the current system design would no longer be
appropriate and, for this reason, the reduced performance of the
trained agents in these regions is of limited significance.

3.3. Impact of demand and renewable energy generation perturbations on
the control performance

In a similar manner, the total energy demand and renewable elec-

tricity production were disturbed to evaluate the robustness of each
control configuration under altered operating conditions. Two param-
eters were independently adjusted:

The energy demand multiplier: the main energy demands (electricity
and steam) were scaled from 0.5 x to 1.5 x .

PV capacity multiplier: the installed PV capacity, and consequently
the renewable electricity production, were varied from 0 x to 2 x .
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Although no significant short-term reduction in the energy demand
or installed PV capacity was expected, this analysis examined the
behavior of the control strategies under a wide range of operating
conditions to test the robustness of the proposed control algorithms. As
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can be seen from Fig. 11, the performance remains stable as these two
parameters vary, and it remains close to the mathematical optimum in
all the analyzed scenarios. The largest deviations are observed for cases
with a very low energy demand and very high PV production. It is worth
noting that the system under analysis was designed to meet the current
energy demand of the considered industrial plant; therefore, when the
demand is reduced by 50%, the installed capacity becomes significantly
oversized. This, in turn, makes the control task more challenging: the
minimum load constraints of the cogeneration units induce the agent to
select slightly suboptimal operating strategies. Nevertheless, even in
these cases, the deviation from the optimal operating cost (MILP
benchmark) never exceeds 3%, thus demonstrating the high level of
robustness of all of the three considered DRL architectures (see Fig. 11).
Overall, the hierarchical MADRL configuration again shows the most
stable and robust performance across most of the tested domain, with
the SADRL only outperforming it in the low-demand/low-PV region.

4. Discussion

This section discusses the key aspects of the proposed control ar-
chitectures. First, the credit assignment problem is examined for
different configurations; the limitations of the simulated environment
and the sim-to-real gap are then analyzed, with regards to a real-world
implementation.

4.1. The credit assignment problem

Coordinating multiple, interconnected devices is an inherently com-
plex task. The performance of the entire system depends on the combined
effect of all the devices. Indeed, the operating point of one device can
influence the operation of another, or two different devices can produce
similar effects. Under such conditions, a learning-based controller cannot
isolate the impact of a single action: the obtained reward signal reflects
the aggregate result of all the actions taken by the agent (or agents).
Consequently, it becomes difficult for a learning-based controller to un-
derstand which specific decisions actually led to the achieved perfor-
mance. This difficulty is commonly known as the credit assignment
problem. The credit assignment problem can be present in both single-
agent and multi-agent configurations, but becomes even more severe in
the latter: the overall reward depends on the simultaneous actions of
multiple agents, and this makes it difficult to attribute the share of credit
or responsibility for the obtained result to each agent. When all the agents
share the same reward function - for example, the total operational cost of
the system — each receives the same signal, regardless of the effectiveness
of their individual actions. This can hinder behavioral specialization and
reduce the efficiency of cooperative learning. A possible solution to this
problem is to assign individual rewards to each agent, thus encouraging
thelearning of specialized behaviors and enabling a clearer attribution of
credit. However, this approach is not applicable in the case under
consideration: all the devices in the energy system ICE, MTs, SGs) pursue
the same goal, namely, to meet the overall energy demands of the plant
while minimizing the total costs. In this context, there are no distinct sub-
goals or partial metrics that can be assigned to each agent without
introducing distortions: one unit of steam or electricity produced by
either the ICE or by the MTs has the same operational value for the system,
and defining separate rewards would therefore lead to a misalignment
with the global objective and could compromise cooperation among the
agents. However, the adoption of a hierarchical structure makes it
possible to partially reduce the credit assignment problem, while main-
taining a shared reward: since the follower agent observes the leader’s
action, it can react to its decision, while the leader learns to anticipate the
action of the follower agent during training. Therefore, the problem is
decomposed into two segments: the first is linked to the action of the main
ICE and its impact on the common reward, while the second is related to
the impact of the MTs and AB, depending on the choice of the first agent.



A. Franzoso et al.
4.2. Sim-to-real gap

Although the proposed control architectures were trained and vali-
dated in a simulated environment, this environment was built upon real
operational data, thereby mitigating the sim-to-real gap. However, other
challenges could arise in real deployment, particularly regarding control
system integration, online adaptation to changing operational condi-
tions, and the ensuring of operational safety.

The present study does not explicitly account for random component
failures, which could occur under real operation conditions: this
simplification was necessary to isolate the effect of the control archi-
tecture itself. It would be interesting to assess the robustness of the
different architectures under fault conditions: to accomplish this, the
models could be trained by systematically varying the efficiency of the
different components within an acceptable range, as a decrease in effi-
ciency could effectively simulate a fault or multiple degradation levels.
The development of control strategies capable of maintaining a stable
performance, despite efficiency losses or component wear, would be
highly valuable in industrial contexts. However, this analysis should
ideally be complemented by real operational data, collected under fault
conditions, to identify which measurable parameters should be moni-
tored to trigger corrective actions by the agents. Apart from ensuring a
satisfactory performance under non-rated conditions, the control system
should also be able to detect and signal the occurrence of such faults to
enable timely interventions. Although this aspect is beyond the scope of
the present work, it will be addressed in future studies.

The temporal resolution of the dataset was set at one hour, which
limits the representation of short-term variations in the demand and in
the equipment responses that can occur under real operation conditions.
Although such a resolution is common in industrial energy management
studies, and it is sufficient to capture the main operational trends,
higher-frequency fluctuations — for instance due to load transients or
rapid renewable generation changes — are inevitably smoothed out.
Consequently, the trained policies primarily reflect average system dy-
namics rather than minute-scale adjustments.

A practical pathway toward real-world implementation could
involve a progressive integration of the DRL-based controller within the
existing industrial system: rather than a direct replacement of rule-based
logic, the proposed architecture could initially operate in an advisory
mode, that is, suggesting optimal setpoints to human operators or PLCs
(Programmable Logic Controllers). Any potential discrepancies or un-
foreseen behaviors identified under real operating conditions could be
addressed, during a gradual implementation phase, through soft
retraining of the agent using transfer learning techniques. In such an
approach, the pre-trained policy would serve as a strong baseline, while
limited additional training on real plant data would allow the controller
to adapt to specific operational nuances, without compromising previ-
ously learned behaviors. Ultimately, this kind of incremental deploy-
ment could be key to ensuring reliability and operator acceptance of
learning-based control systems in industrial environments.

5. Conclusions

This work has involved developing and testing a data-driven EMS, in
a simulated environment, for an existing multi-energy industrial plant,
which simultaneously satisfies the electricity, steam, hot water, and
chilled water demands. The system includes a gas-powered ICE, three
MTs with an AB, SGs, a PV system, and absorption chillers: each sub-
system can operate autonomously and adaptively, which is crucial in
complex environments with multiple energy technologies.

This work has applied and compared different DRL-based control
architectures to assess their effectiveness within the context of a real
industrial multi-energy system. Specifically, we implemented three
control configurations — a centralized SADRL, a fully decentralized in-
dependent MADRL, and a cooperative hierarchical MADRL. The per-
formances of the agents were compared with the currently adopted RBC
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strategy and with a benchmark optimal solution, obtained via MILP, to
verify the strategies encountered during training. We found that:

o The DRL strategies were affected by the differences in the small cost-
effectiveness of the various devices, thus making it challenging for
agents to discern what actions contributed the most to the reward. As
a result, certain inefficiencies persisted — especially in the use of MTs,
which often played a secondary role in the optimal strategies, due to
their smaller scale.

Nonetheless, all the DRL-based control strategies showed a sub-
stantial reduction in the operating costs, compared to the control
strategy that is currently adopted. The cooperative hierarchical
MADRL achieved the lowest total cost (M€ 4.31), which was very
close to the optimal MILP solution (M€ 4.29), and this led to a 6.9%
reduction in the total operation costs, compared to the actual RBC
strategy. This was followed very closely by SADRL (M€ 4.32,
—6.7%). The independent MADRL strategy achieved a reduction of
6.3%, and this shows how a lack of coordination slightly undermined
the global optimization. These results confirm the value of DRL for
cost-effective operation, and they show that cooperative and
centralized approaches can closely replicate the optimal benchmark.
In terms of energy-related KPIs, the main differences between the
control strategies lie in the utilization of the MTs and AB. The hier-
archical MADRL configuration achieved a technology utilization
profile that closely mirrored the MILP optimal solution. Although the
SADRL approach approximated the MILP strategy economically, it
also showed some deviations concerning the use of MTs and the AB.
The independent MADRL instead suffered from a lack of coordina-
tion, and this led to an overproduction of electricity and an under-
utilization of the MTs, which, in turn, resulted in a drop in the overall
performance.

To assess the robustness of the DRL-based strategies, a stress test was
conducted by independently manipulating the energy prices (electricity
and natural gas), energy demand, and PV production. Such studies are
useful for testing the robustness of an implemented architecture and
identifying areas that require retraining:

e As the energy costs varied, all the DRL configurations showed per-
formances close to the MILP benchmark, with deviations remaining
within the acceptable limits. Noticeable performance degradation
only occurred under extreme and highly unlikely cost conditions,
such as simultaneous low gas prices and very high electricity prices.
The DRL agents diverged more significantly from the MILP reference
in these extreme scenarios; however, these discrepancies were linked
to market situations that were unrealistic considering the current
realities, and they mean that the existing system layout would
require redesigning. Among the tested approaches, the hierarchical
MADRL configuration demonstrated a higher level of robustness to
cost variations than SADRL, particularly in the scenarios that
departed slightly from the training distribution.

e As the energy demand and photovoltaic production varied, all three
solutions achieved a working condition that was very close to the
mathematical instant found with the MILP solution. This highlights
the good robustness of the DRL approaches for the optimization of
industrial MES systems.

Overall, the results indicate that both DRL approaches offer robust
and economically viable solutions across a wide range of operating
conditions, and that they outperform simple, rule-based strategies. Our
results also show that MADRL - especially when interaction between
agents is enabled - is able to perform as well as, or even slightly better,
than its centralized counterpart. This study has also shown that a
cooperative hierarchical configuration is more stable for scenarios that
deviate from the training conditions, and it thus represents a more
robust strategy.
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