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A B S T R A C T

Deep Reinforcement Learning algorithms not only facilitate the development of optimized control strategies but 
also serve as powerful tools to explore complex problems and uncover non-obvious control solutions. This paper 
investigates the application of Deep Reinforcement Learning to optimize a Multi-Energy System in the presence 
of high Renewable Energy Source penetration. Key energy conversion technologies, such as Combined Heat and 
Power, Battery Energy Storage Systems, Heat Pumps, and Power-to-Gas, enable bidirectional energy exchanges 
across different networks, thereby fostering operational synergies. Since these interconnections create in
terdependencies in which energy flows within one sector significantly affect those in another, the complexity of 
optimization increases. The aim of this study has been to demonstrate the benefits of a method that can be used 
to interpret strategies implemented by a Deep Reinforcement Learning algorithm, thereby ultimately increasing 
the possibility of making optimal decisions. This approach has led to the creation of an optimized rule-based 
mechanism which has been used to analyze the Multi-Energy System, identify the most advantageous technol
ogies (heat pumps, electric batteries and power-togas, respectively), and highlight the importance of imple
menting an optimized strategy to achieve effective energy management. Such an optimized strategy led to a 
reduction in natural gas consumption of about 15%, a decrease in CO2 emissions of 18%, and a reduction in fuel 
and electricity costs of 17%.

1. Introduction

Climate change remains one of the most pressing challenges of our 
time, with its pervasive impacts being felt across the globe [1]. Europe, 
having recognized the urgency of the situation, is at the forefront in 
addressing environmental degradation through comprehensive policies 
and initiatives [2]. The European Union has set ambitious targets to 
reduce greenhouse gas emissions and has the aim of obtaining a net-zero 
carbon economy by 2050, a goal that underscores the importance of 
transitioning to Renewable Energy Sources (RES) [3]. Solar and wind 
power are key to the energy transition, as they are among the most 
promising and widely available clean energy sources [4], but their 
variability and non-dispatchability create challenges for the stability 
and reliability of energy systems. To address these issues, the Multi- 
Energy System (MES) approach has emerged as a comprehensive strat
egy that integrates electricity, heating, cooling, and gas networks, and 
leverages on synergies across sectors [5]. Unlike traditional methods 
that often focus on a single energy vector, the MES approach advocates a 
holistic view that enables the exploitation of synergies between sectors 

[6]. Technologies such as heat pumps, storage units, electrolyzers, and 
high efficiency cogeneration, become important in these kinds of sys
tems, and their success depends on the policies that are adopted to 
control and integrate the various components [7].

The optimal scheduling of MES has traditionally relied on methods 
that range from rule-based approaches to complex optimization tech
niques [8]. While rule-based methods offer transparency and repro
ducibility, they often lack the adaptability required for dynamic 
environments [8]. On the other hand, mathematical optimization 
techniques (e.g., LP, MILP, NLP) and meta-heuristic methods (e.g., GA, 
PSO, SA) can yield precise solutions under structured constraints, but 
they tend to become computationally prohibitive as the complexity of 
the system or the number of time steps increase, especially when accu
rate forecasts are impractical. Recent developments in Artificial Intel
ligence (AI), and Deep Reinforcement Learning (DRL) in particular, offer 
promising alternatives as they enable real-time decision-making in high- 
dimensional state and action spaces, without the need for predefined 
forecast horizons [9].

DRL techniques have evolved significantly over the years, with 
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continuous advancements in algorithms that have pushed the state-of- 
the-art in the context of control and optimization [10]. These im
provements have led to an enhancement of their stability, sample effi
ciency, and applicability to complex decision-making problems [11]. 
Such techniques as Deep Q-Networks (DQN) [12], Proximal Policy 
Optimization (PPO) [13], Deep Deterministic Policy Gradient (DDPG) 
[14], and Soft Actor Critic (SAC) [15] enable decision-making in real 
time and have been shown to outperform traditional optimization and 
control methods, in terms of both speed and accuracy. The importance of 
these techniques has been accentuated by the need for the optimization 
and automation of decision-making processes in energy systems, which 
are increasingly required to be more adaptive and efficient. Indeed, the 
review by Perera et al. [9] emphasized the potential of DRL to manage 
complex energy flows, and it reported that DRL methods have led to 
significant improvements in energy efficiency and to cost reductions for 
various applications, such as energy dispatching, building energy man
agement, and renewable energy integration.

Vamvakas et al. [16] conducted a comprehensive review of the 
recent applications of DRL to optimize energy systems, focusing on RES 
integration, building energy management systems, and electric vehicle 
charging stations. The authors concluded that DRL frameworks offer 
significant benefits, and that they have demonstrated a superior adapt
ability to dynamic environments and the complex behavior of systems 
than traditional control approaches.

DRL algorithms have yielded good performances in building energy 
management systems: from house heating [17], HVAC control (for a 
single building using DQN [18] and a cluster of coordinated buildings 
using SAC [19]) to lighting control [20] and the holistic control of all the 
manageable building elements [21]. Some limited examples of real- 
world tests and applications exist for HVAC systems [22] that show 
lower temperature variations from optimality, compared to comparable 
controllers. DRL methods have also been employed to manage electric 
vehicle charging stations with the aim of optimizing the charging 
schedules, peak shaving, and cost reductions. Dorokhova et al. [23] 
conducted a comparison of DQN and DDPG with other methods, such as 
rule-based control and MPC, while Zhang et al. [24] proposed LSTM- 
DDPG to improve data pattern extraction.

Some literature examples can be found concerning the dispatching of 
energy devices. Abedi et al. [25] developed a real-time control model for 
Battery Energy Storage Systems (BESS) using an RL approach that 
focused on optimizing storage management in residential settings using 
a simple Q-learning algorithm that dynamically adjusted according to 
the energy demand and pricing. Zhou et al. [26] introduced a specific 
DRL approach for the operation of Combined Heat and Power (CHP) 
systems that was aimed at reducing the solution time and at avoiding the 
need for complicated linearization processes. Guo et al. [27] proposed a 
real-time, dynamic, optimal energy management model for microgrids 
that they achieved by comparing DRL algorithms, such as PPO, DQN and 
DDPG, to control a microturbine and an energy storage system, and they 
found that it produced a significant reduction in the operation cost and 
computational burden, compared to such traditional methods as sto
chastic programming. Ruan et al. [28] used DDPG and Twin Delayed 
DDPG (TD3) algorithms to optimize the operation of combined cooling, 
heating, and power systems integrated with renewable energy and en
ergy storage at the building level, and they found that DRL methods 
outperformed PSO by a significant margin and showed performances 
close to MILP, as it reduced the computation time during online oper
ations; the TD3 agent improved the performance of the system, 
compared to DDPG. Zhou et al. [29] developed an improved DRL 
method that they used to manage a system composed of PV panel wind 
turbines, BESS, air conditioners, a CHP linked to the electric grid and to 
the district heating system, and Gas Boilers (GB). The authors used an 
improved Soft Actor Critic (SAC) algorithm with LSTM networks to 
obtain an efficient temporal feature extraction. Ceusters et al. [30] 
compared TD3 and PPO with Linear Model Predictive Control (LMPC) 
for MES management purposes, and they included such devices as wind 

turbines, solar PV, CHP units, and battery storage. TD3 showed promise 
for dynamic and uncertain scenarios and showed a comparable perfor
mance with LMPC. Bousnina et al. [31] compared the performance of 
DDPG and MPC in a digital twin environment of an MES and reported 
similar results.

Despite the flexibility and scalability of DRL, these algorithms have a 
common drawback with other optimized control methods: it is not 
possible to directly identify or extract the underlying optimization logic 
that the algorithm has discovered. In this respect, DRL works like a 
“black box” optimization technique. This limitation poses a challenge in 
terms of interpretability and validation. Therefore, the development of 
methods to extract, interpret and explain the strategies learned by DRL 
algorithms is of great value. 

• From a research perspective, the ability to extract the optimized 
control strategies identified by the algorithm enables a deeper un
derstanding of the internal dynamics of the analyzed energy system. 
It enables the identification of synergies between components and 
the discovery of relationships that are not obvious a priori. In this 
respect, such a methodological approach serves as a useful tool for 
exploring and understanding complex multi-energy systems.

• From an application perspective, the ability to explore the logic 
discovered by the DRL “black box” optimizer enables users to better 
understand the solutions found by the algorithm, thus increasing 
confidence in the correctness of the resulting control strategy [32]. 
At the same time, not all controllers have sufficient computational 
resources to directly implement DRL algorithms. The ability to 
extract rule-based control strategies (with lower computational re
quirements) therefore makes it possible to apply DRL-derived stra
tegies to resource-constrained controllers.

To the best of the authors’ knowledge, only Razzano et al. [33] have 
explicitly addressed the extraction of rules and the interpretability of 
solutions generated by DRL, and they applied this methodology to 
manage an HVAC system in an office building with limited environ
mental parameters. Leveraging on a rule extraction method from a DRL 
policy, this approach effectively exploits hidden system dynamics 
identified during training, and it outperforms the reference benchmark 
and reduces the complexity associated with the implementation of the 
algorithm on a physical controller, with respect to DRL. In contrast, the 
present work applies DRL-based optimization techniques to a more 
complex, large scale and interconnected MES. The analyzed scenario 
integrates: 

• Renewable energy generation technologies (Wind Turbines − WT, 
Photovoltaic panels − PV)

• Major energy networks (electricity, District Heating − DH, and gas)
• Energy conversion and storage technologies to facilitate interactions 

between the different energy sectors (Combined Heat and Power −
CHP, Battery Energy Storage Systems − BESS, Heat Pumps − HP, and 
Power-to-Gas − P2G)

The application of the DRL algorithms uncovered hidden synergies 
among the system components and thus provided a clearer and more 
detailed understanding of the optimal operation of the MES. The main 
contributions of this work are twofold: 

• A methodology for DRL interpretability: we propose an approach in 
which DRL is used as an exploratory tool to analyze the different 
behaviors of complex systems. This methodology transforms DRL 
from a black-box optimizer into an interpretable tool by translating 
its learned policies into intuitive rules. By analyzing the adaptive 
behaviors and state-action mappings of the DRL agent, it is possible 
to understand and validate decision-making processes. Additionally, 
this study highlights the conditions under which DRL achieves 
optimal solutions and identifies its limitations.
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• Analysis of MES optimal strategies: the MES was further analyzed 
considering the optimal strategies identified by the DRL model. This 
allowed a clear control strategy to be defined, which, through a 
sensitivity analysis, helped determine what technologies have the 
greatest impact on the overall performance of the considered MES.

The paper is structured as follows: Section 2 describes the configu
ration and mathematical models of the MES, along with the foundational 
elements of DRL and its specific application to the problem at hand; 
Section 3 presents and compares the simulation results obtained using 
both DRL and the derived rule-based strategies, as well as the results of a 
sensitivity analysis developed using the two rule-based strategies; Sec
tion 4 concludes the study by summarizing the main findings and dis
cussing the implications for real-world energy control systems.

2. Methods

This section presents the case study in detail, especially concerning 
the chosen scenario and the control strategies adopted, focusing on the 
characteristics of DRL, and specifically on the chosen algorithm (i.e. 
TD3).

2.1. Description of the scenario

The MES structure and energy scenario were taken from [6] and are 
detailed in this section. Fig. 1 illustrates the analyzed system, where 
electricity is sourced from RES (WT and PV) and CHP systems, and 
batteries are used for storage. Heat is supplied by CHP, HPs, GB, while 
waste heat is supplied by P2G methanation. The natural gas grid oper
ates as an open system for unrestricted NG transactions. The model 
simulates a full year in a quasi-steady state but neglects the dynamics 
and spatial distances of the components. A key aspect of this system is 
the integration of centralized HPs in district heating, which enhances 
efficiency and reduces emissions. P2G generates SNG (Synthetic Natural 
Gas) through a PEM electrolyzer, which produces H2 and O2. The ob
tained H2 reacts with CO2 in a methanation reactor to form methane, 
thereby recovering high-grade heat [34,35]. The SNG can be used in the 
system itself or sold to the grid, with H2 being stored in a buffer before 
methanation.

The presented MES was assumed to be located in northern Italy and 
to serve a heterogeneous demand consisting of only residential, com
mercial and industrial users. The district heating grid was instead 
assumed to serve residential and commercial users. The electricity de
mand was estimated from National Grid Operator data [36], while the 
DH demand was derived from the empirical relationship presented in 
[37]. The nominal capacities of the CHP were designed to be able to 
cover the maximum electric and heat load peaks. The selected scenario 
was characterized by a large amount of RES and several technologies 
capable of flexibly absorbing any random overproductions of renewable 

energy, namely HP, BESS and P2G. Table 1, Table 2, and Table 3 report 
the main input data and assumptions pertaining to the selected scenario.

The cost of natural gas was taken from [38] and a carbon tax of 100 
€/tonCO2 was considered for the consumption of fossil fuels. The 
generated SNG was not considered to have received incentives, and its 
value was thus assumed to match that of natural gas. Since the MES 
could buy electricity from the grid, it was considered as a price-taker 
that did not influence the overall electricity market; the cost of elec
tricity bought from the grid depends on the PUN (Prezzo Unico Nazio
nale, in English Single National Price) which is defined on an hourly 
basis [38]. As far as the CO2 emissions of the electricity bought from the 
grid are concerned, an emission factor of 51.6 gCO2eq/kWh was consid
ered to be coherent with the forecasts for 2040 for the Italian energy 
system [39]. The cost parameters are summarized in Table 4.

No constraints, such as a minimum capacity factor, were introduced 
to evaluate how important each technology was for the system, ac
cording to the identified optimal strategy. Moreover, the grid connection 
was also supposed to be sufficiently large to satisfy the electrical energy 
balance and that GB could balance the thermal demand. This way, the 
DRL optimizer was free to activate flexible technologies in order to 
maximize its objective function. However, in a real system, plants 
obviously have to operate for a certain number of hours to be cost- 
effective. If the identified optimal solution leads to a low-capacity fac
tor for a given technology, this suggests that this specific technology is 
unlikely to become a key asset for the analyzed scenario. On the other 
hand, a technology activated with high priority by the agent is likely to 
become an important asset for the scenario.

Fig. 2a illustrates the load duration curve of the energy demands. The 
electricity demand is quite constant throughout the year, whereas the 
district demand is characterized by higher peaks and seasonal depen
dence. Electricity demand includes the consumption of passive users, i.e. 
the electricity consumption of energy storage and conversion technol
ogies (i.e. BESS, HP and P2G) are not considered, and this consumption 
profile has been called “base load”, while the total electricity con
sumption has been called “total load”. The load duration curves of the 
PV and wind generation are reported in Fig. 2b.

A critical parameter in simulations of energy systems is the choice of 
temporal resolution. Shorter time steps enable more accurate dispatch
ing decisions by capturing the system dynamics in more detail. How
ever, smaller time steps significantly increase the complexity of the 
calculations. In the context of optimizing energy flows in multi-energy 

Fig. 1. Scheme of the energy system in which the involved technologies and the interactions between networks are highlighted.

Table 1 
Summary of the electric and heat demands.

Quantity Total [TWh] Peak [MW] Mean [MW]

Electricity demand 3.00 620 342
Heat demand 2.65 1380 302

A. Franzoso et al.                                                                                                                                                                                                                               Energy Conversion and Management 341 (2025) 120095 

3 



scenarios, such as the one analyzed in this study, a time discretization of 
one hour is usually chosen [40]. This resolution represents a balanced 
compromise: it ensures sufficient accuracy in representing the in
teractions between the different subsystems without causing an exces
sive computational burden. At this resolution, fluctuations in renewable 
generation and energy demand are effectively captured and it is 
acceptable to neglect the fast internal dynamics of all individual com
ponents except the P2G whose methanation unit exhibits dynamic 
behavior with time constants exceeding one hour. However, assuming 
that there is a hydrogen buffer separating the operation of the metha
nation unit from that of the electrolyzer, this hypothesis is also 
confirmed for this component (see Section S1.4 of the Supplementary 
Material for more details). Multi-energy systems are inherently hetero
geneous and include subsystems such as the electricity grid, BESS, dis
trict heating network, heat pumps and P2G plants. These subsystems 
differ significantly in their response times. For example, accurately 
capturing the dynamics of the electricity grid would require a much finer 
temporal resolution than that required for modeling the operation of a 
heat pump. If the goal is to evaluate the dynamic responses of all indi
vidual components, a viable approach could be co-simulation [41,42]. 
With this method, each subsystem can be simulated in its own tailored 

environment, using time step best suited to its dynamic behavior. 
However, such an approach is beyond the scope of this study. In line 
with the prevailing scientific literature, a uniform one-hour time step 
was chosen to focus on energy flow optimization rather than detailed 
dynamic modeling.

The conversion efficiency values of the different technologies 
considered in this study are summarized in Table 5. The mathematical 
model of each energy conversion and storage technology is provided in 
the Supplementary Material in Section S1.

2.2. Rule-based control algorithm

The scenario described in the previous section was initially 
addressed using the fixed rule-based control system presented in [6]. In 
this system, energy conversion and storage technologies are employed to 
satisfy the energy demands of the scenario and optimize the use of RES. 
Multiple technologies can be used for the same purpose; for example, 
heat can be provided by HP, CHP or GB units. The dispatching priority is 
based on the energy conversion efficiency of each technology, which 
means that those with the highest efficiency are prioritized. This 
efficiency-based dispatching logic was used to manage the surplus RES 
electricity, to meet the electricity demand, and to address the heat de
mand of the scenario. Fig. 3 shows the flowchart of the control logic that 
is applied. Specifically, when renewable electricity generation exceeds 
the demand of the system, the surplus energy is utilized by energy 
conversion and storage technologies, in descending order of efficiency. 
The most efficient technology, HP, is used first to cover the heat demand. 
If any surplus electricity remains after being converted by heat pumps, it 
is stored in the BESS systems. Once the BESS systems reach full capacity, 
any remaining surplus electricity is directed to P2G plants. Only after all 
these options have been exhausted is any residual surplus electricity 
curtailed.

The electricity demand is first met through RES generation. If RES is 
insufficient to cover the demand of the scenario, the energy stored in the 
BESS is used. Any remaining unsatisfied demand is supplied by CHP 
plants. Therefore, the primary role of CHP plants is to balance the 
electricity system, while heat is treated as a secondary product.

Table 2 
Installed capacity of RES technology.

Technology Nominal capacity 
[MWel]

Producibility [TWh/ 
y]

Full Load 
Hours

WT 1000 2.6 2583
PV 750 0.92 1226

Table 3 
Installed capacity of the energy storage and conversion technologies.

Technology Nominal capacity [MWel] Unit of measurement

HP 170 MWel

BESS 1000 MWhel

P2G 200 MWel

CHP 620 MWel

Table 4 
Economic parameters.

Parameter Value Ref

Purchase cost of NG 40 €/MWh [38]
Selling price of SNG 40 €/MWh Assumption
Carbon tax 100 €/tonCO2 Assumption
Purchase cost of elec. Variable (Based on PUN) [38]
Grid carbon intensity 51.6 gCO2eq/kWh [39]

Fig. 2. (a) Load duration curves of the energy demands (electricity and district heating), and (b) Duration curve for WT and PV generation.

Table 5 
Efficiency of the implemented components.

Technology Efficiency Ref

CHP ηel
chp = 0.5; ηth

chp = 0.4 [43]

P2G ηSNG
P2G = 0.6; ηth

chp = 0.12 [44,45]

BESS ηdis
BESS = ηchar

BESS = 0.92; Crate = 0.25 [6]
HP COPHP = 2.7 [46,47]
GB ηth

GB = 0.90 [6]
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Heat supplied to district heating users can be generated by HPs, CHP 
plants, GBs, or P2G units. Priority is given to HPs, which convert 
renewable electricity into heat. If the heat generated by HPs is insuffi
cient to meet the demand, the heat recovered from P2G plants, produced 
during the methanation phase, is utilized. Any remaining heat demand is 
satisfied by resorting to cogenerated heat from CHP and GB plants.

2.3. Deep reinforcement learning algorithms

Several different choices can be made, in the context of developing 
an optimized new rule-based model, on the optimization method used. 
Classic optimization methods, such as MILP or meta-heuristic methods 
can be used. However, MILP requires the formulation of constraints and 
such objective functions as linear equations and inequalities, and line
arity can limit the ability of the model to capture the inherent 
complexity of exploring large and non-linear solution spaces, thus 

making MILP less suitable when the problem structure cannot be 
approximated clearly by means of linearization. On the other hand, DRL 
solutions do not require any linear approximation. This makes them 
advantageous, since they can be applied to both problems that can be 
approximated well linearly and to those for which such an approxima
tion is not possible. In addition, MILP methods may require significant 
computational resources to solve optimization problems, while DRL 
models, once trained, can provide solutions faster [28]. Meta-heuristic 
methods are often effective for the navigation of poorly understood or 
highly complex solution spaces, but their performance tends to deteri
orate as the number of optimization variables increases, a challenge that 
becomes significant when it is compounded by multiple control vari
ables over numerous time steps. DRL offers a promising alternative as it 
iteratively interacts with the environment to learn dynamic control 
policies, and it was inherently designed to manage high-dimensional 
state and action spaces, thus making it suitable for complex, large- 

Fig. 3. Flowchart of the rule-based strategy highlighting both the dispatch priority for the electricity and district heating demand.
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scale problems. A DRL agent can be trained directly within a simulated 
representation of the physical system, thereby enhancing both its 
learning process and the control design process. However, DRL methods 
share some limitations with meta-heuristic methods, including the 
challenge of hyperparameter tuning and the lack of guarantees per
taining to achieving a global optimum, although they have shown better 
performances [28]. For this reason, a post-processing evaluation of the 
black-box solution found by the DRL agent is necessary to resolve any 
possible inaccuracies (see Section 3.2).

2.3.1. Definition of the Markov decision process
DRL problems are modeled as Markov Decision Processes (MDP) and 

are defined by three main elements, which are: 

• S is a finite set of states of the environment;
• A is a finite set of actions;
• Ra(S, Sʹ) represents the reward received after A transitions the envi

ronment from S to Ś ;

The S state contains information that can be used to uniquely 
represent the configuration of the environment at time t. An agent 
chooses an action, A, which is performed, and the environment then 
reacts by returning the new state, Ś , and the reward, R. The agent learns 
what discounted rewards result from the executed actions through a 
trial-and-error learning process: the trial phase involves selecting an 
action to execute within the environment, while the error phase corre
sponds to the received feedback reward, which is subsequently used to 
update the policy. The policy function, which is the core component of 
the optimization, maps the relationship between the states and actions 
within a probability distribution, thereby ultimately guiding the 
decision-making process. Specifically, policy π represents a conditional 
probability distribution that defines the likelihood of each possible ac
tion, given a particular state. Fig. 4 shows the application of this 
framework to this particular case study.

The agent observes the environment at each time step t, through the 
following quantities: 

St =

[
Net load(t), Heat demand(t),

electricity price(t), SOC(t), Hour(t)

]

(1) 

The St state consists of two parts: one is the endogenous part, which 
is a consequence of the previous action (SOC), while the other is the 
exogeneous part, which is global information (energy demands, 
renewable production, and electricity price), which is not impacted by 
the agent’s actions. Since the trends of energy demand, renewable 
production, and electricity price, to a certain extent, follow a daily trend, 
the hour of the day was also used as an observation.

The agent regulates the power level of the CHP (aCHP), the HP heat 

production (aHP), the BESS charge and discharge rate (aBESS), and the 
SNG production (aP2G) at each time step, t. All the actions were 
normalized over the [-1, 1] range and then scaled back to an appropriate 
value to improve the stability of the neural networks. 

At = [aCHP(t), aHP(t), aBESS(t), aP2G(t)] (2) 

As far as the BESS, whose actions are subjected to the constraints 
specified in Section S1.3, is concerned, the agent’s aBESS output is limited 
to pBESS.

The reward is the environmental feedback to the agent, and it is the 
objective function that has to be maximized, with its design playing a 
critical role in the agent’s training: in this case, the main goal is to satisfy 
both the heat and electricity demand, while minimizing the operating 
costs and, at the same time, running within the bounds. Therefore, the 
reward structure includes a real-valued element r1(t), which corre
sponds to the true objective function, and two additional terms, r2(t) and 
r3(t), designed as soft constraints of the system to guide the agent’s 
behavior effectively while ensuring it acts within the feasible action 
space. 

Rt = r1(t)+ r2(t)+ r3(t) (3) 

The first part, r1(t), is indicative of the economic performance of the 
system, and it accounts for the cost of electricity and natural gas. Since 
the aim of DRL is to maximize the reward, costs are represented as 
negative values. Because of the involvement of neural networks, it was 
necessary to reduce the magnitude of the first term in order to keep the 
reward values within an acceptable range for the neural networks. 

r1(t) = −
|CNG(t) + Cel(t) |

δ1
(4) 

where CNG(t) refers to the total gas costs and Cel(t) to the total electricity 
costs.

The total gas costs are calculated as follows: 

CNG(t) = cNG⋅ṁNG(t)⋅LHVNG + COem
2 (t)⋅Carbon tax (5) 

where cNG is the unit cost of natural gas [€/MWh], ṁNG(t) is the net 
amount of natural gas bought (if positive) or sold (if negative), and COem

2 
refers to the total gas emissions (see Section 2.1). Therefore, the term 
ṁNG(t) also accounts for SNG production.

The cost of the electricity bought from the grid is calculated as fol
lows: 

Cel(t) = cel(t)⋅Pgrid(t) (6) 

where cel is the unit cost of electricity [€/MWh].
r2(t) is a penalty term that is introduced to address two issues: the 

agent’s lack of inherent knowledge about battery constraints (e.g., 

Fig. 4. Diagram of MES optimization with DRL.

A. Franzoso et al.                                                                                                                                                                                                                               Energy Conversion and Management 341 (2025) 120095 

6 



charging/discharging limits and capacity) and the temporal sparsity of 
battery-related rewards. It discourages non-executable actions and 
misaligned decisions, and it guides the agent toward feasible and effi
cient battery management practices. Similar solutions were tested in 
previous research [28,31] to penalize actions that caused the SOC to 
move outside the permissible range, and this work has used the same 
approach: 

r2(t) = − |δ2⋅(aBESS(t) − pBESS(t)) | (7) 

where δ2 is the weight attributed to the penalty, aBESS is the action or
dered by the agent, and pBESS is the action that is actually executed in the 
environment.

Similarly, a small penalty, r3(t), was also introduced to prevent 
excess electricity dissipation in the HP, but this is not directly penalized 
in the r1(t) definition: 

r3(t) = −

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

δ3⋅

(

Q̇HP(t) − Q̇dem(t)
)

COPHP

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

if Q̇HP > Q̇dem (8) 

where δ3 is the weight given to the penalty, Q̇HP is the total heat pro
duced by the HP, and Q̇dem is the total heat demand.

The δ2 and δ3 terms were obtained iteratively to prevent the agent 
from developing suboptimal policies due to excessive bias and an 
overemphasis on penalty avoidance. Table 6 summarizes the values that 
were obtained.

2.3.2. Comparison and validation of deep reinforcement learning 
algorithms

In this study, two state-of-the-art DRL algorithms, that is, DDPG and 
TD3, were implemented and compared. Both methods follow an actor- 
critic framework and operate in a continuous action space, with TD3 
introducing key improvements that mitigate the overestimation of Q- 
values observed for DDPG. Details of their implementation, including 
the network architecture, training processes, and hyperparameter se
lection are provided in the Supplementary Material section (Section 
S2.1). The training methodology involved splitting the dataset into 
distinct training and testing subsets and then employing a shuffled 
episodic strategy to enhance generalization and limit overfitting. The 
training progression and evaluation metrics showed that the two algo
rithms achieved comparable performances, with TD3 demonstrating, as 
expected, improved stability. Since the two algorithms performed in a 
very similar manner after training, only the results obtained using the 
TD3 agent are presented in the next section. A comprehensive discussion 
of the training setup, reward progression, and performance analysis can 
be found in the Supplementary Material section (Section S2.2).

The trained model was tested separately on the training and test sets 
to assess any potential underfitting or overfitting. Underfitting occurs 
when a model is too simple to capture data patterns, and this leads to 
poor performance of both sets. Overfitting, on the other hand, results in 
excellent training performance, but also poor test results, due to an 
excessive noise fitting.

Thus, in order to rule out these issues, each agent was trained twice, 
and the training and test sets were switched for comparison purposes. 
Table 7 presents the economic rewards obtained with both training 
configurations. They show minimal differences, thus confirming the 
absence of overfitting. The consistency of the results obtained when the 

sets were swapped indicates that the training period involved slightly 
higher costs than the test period, but this variation is unrelated to the 
overfitting or underfitting phenomenon. Additional information can be 
found in the Supplementary Material section (Section S2.3).

2.4. Analysis, interpretation and rule-extraction

DRL algorithms are not inherently interpretable, as they lack explicit 
mechanisms for weighting input features. Therefore, well-known inter
pretability techniques, such as Feature Importance Analysis (FIA) [48], 
cannot be directly applied to them. To overcome this limitation, surro
gate models are used to approximate and analyze the decision process of 
the DRL agent [49]. In this work, an enhanced version of decision trees, 
Random Forests (RF), was used as a surrogate for the DRL algorithm. 
The RF model was trained using the observations (see Section 2.4.2) as 
features and the relevant technologies’ actions (see Section 2.4.2) as 
outputs. The performance of the surrogate model was verified by eval
uating the R2 value, which exceeded 0.98, demonstrating that the RF 
model accurately captures the DRL policy [48]. An FIA was then con
ducted with the RF surrogate models to correlate the importance of each 
observation with action selection. State-action correlation plots were 
also used to highlight the interactions between the energy conversion 
technologies and their respective activation orders, providing a com
plementary perspective to the FIA results. These plots allow a direct 
visualization of how specific system states, such as renewable generation 
levels, storage state-of-charge, or thermal demand, affect the control 
decisions taken by the DRL policy. By analyzing these correlations, it is 
possible to detect operational patterns, discover potential in
consistencies or identify unexpected behaviors in the learned strategy. 
This combined approach, leveraging both FIA and state-action correla
tion analyzes, enhances the interpretability of the DRL policy by offering 
both global (feature importance) and local (state-action relationships) 
insights. The findings from these analyzes served as the basis for the 
formulation of an optimized rule-based strategy designed to emulate the 
DRL policy while being transparent and easy to implement in the 
practical operation of the energy system (see Fig. 5).

3. Results and discussion

This section presents a comparative analysis between the DRL-based 
strategy and the simple rule-based strategy. The focus is on the energy 
and economic KPIs, the FIA scores and the most relevant state-action 
correlation plots. Further details can be found in the Supplementary 
Material. Building on this comparison, the development of an optimized 
rule-based strategy derived from both the original rule-based approach 
and the DRL policy is described, followed by a performance comparison 
with the DRL-trained strategy. The FIA results and state-action corre
lations were analyzed to investigate and interpret any discrepancies. 
Finally, a sensitivity analysis of the capacity factors of the different 
energy conversion and storage technologies was performed using the 
newly developed deterministic strategy.

Although only the results obtained using the TD3 algorithm are re
ported in this section, a simulation using the DDPG algorithm was also 
performed and the results are reported in the Supplementary Material. 
Since linear optimization methods are used in the literature (where 
applicable) [29,30,31] as a standard for benchmarking DRL solutions, in 
the Supplementary Material, the results obtained using a traditional 

Table 6 
Penalty parameters δ2 and δ3.

Parameter Value Unit of measurement

δ1 1000 /
δ2 0.25 /
δ3 50 €/MWh

Table 7 
Fuel and electricity costs obtained by the DRL agent over different portions of 
the dataset.

Fuel and electricity costs[M€] Original splits Inverted splits

Training set (even weeks) 66.9 67.7
Test set (odd weeks) 63.3 63.5
Full year 130.0 131.0
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MILP optimization [50] were reported. This step is taken to ensure that 
the DRL approaches achieve a solution that is close to the mathemati
cally optimal one. The DRL results were very similar to those of the MILP 
optimization, confirming the reliability of the implemented algorithms. 
MILP optimization is expected to outperform the DRL approach because 
MILP works under the assumption of perfect foresight of all future de
mand and production profiles and system conditions over the entire 
optimization horizon. Such perfect knowledge cannot be achieved in 
real applications. Therefore, the MILP solution represents a theoretical 
upper limit. In contrast, the DRL agent makes its decisions based solely 
on current observations and past data, without access to future infor
mation, which limits its ability to perfectly predict upcoming variations.

3.1. Comparative analysis and findings

The DRL strategy was compared with the best strategy found in [6] in 
which a rigid dispatch and supply priority was considered. The chosen 
dispatch order exploited storage/conversion energy technologies based 
on decreasing efficiency: HP, BESS and, finally, P2G. Table 8 reports 
some of the key parameters and compares the performance of the DRL 
agent with the rule-based mechanism; the differences were found to be 
sizeable. The DRL model maintained the gas consumption of the CHP at 
around 1.8 TWh, which is higher than the 1.6 TWh observed for the rule- 
based approach. However, the GB consumption was reduced by 60%, 
and this led to a significant decrease in CO2 emissions for the DRL 
strategy. The emissions were 426 kt, compared to the 524 kt observed 
for the rule-based system. Additionally, the economic analysis demon
strated that the DRL agent incurred fuel and electricity costs of 

approximately €130 million, which was considerably lower than the cost 
of €156.4 million associated with the rule-based method.

Fig. 6, Fig. 7 , and Fig. 8 show the energy flows (electricity genera
tion, electricity demand, and district heating, respectively) of a char
acteristic week taken from the test set, and they compare the rule-based 
strategy with the one identified by the DRL agent. Some key differences 
can be observed concerning the technologies involved: 

• Fig. 6 shows different utilization patterns for CHP (blue area). In the 
case of rule-based operation, the electricity production of the CHP 
never exceeds the base load. In other words, the electricity produced 
by the CHP is never used to power storage or energy conversion 
technologies. It can be noted that the electricity produced by the CHP 
increases in the DRL strategy.

• Fig. 7 shows different utilization patterns for HP, which is used more 
in the DRL strategy (light green) and in the BESS charging phase 
(purple);

• Fig. 8 confirms the previous observations about HP (light blue) and 
CHP (brown), and it shows their impact on the district heating sector, 
proving that both are used more in the DRL strategy.

Even though it is possible to draw some hypothesis at this stage as to 
why the DRL strategy showed much better results, a more detailed 
analysis of this comparison was conducted using methods that are 
generally adopted for the analysis of Machine Learning models, but 
which have here been adapted to DRL.

As discussed in Section 2.4, DRL models are black-box systems, and 
they thus lack inherent interpretability. To analyze the DRL strategy, FIA 
was conducted to quantify the impact of features (i.e., observations). 
The FIA of both the rule-based strategy and the DRL agent are reported 
in Fig. 9, but, for the sake of completeness, additional information is 
presented in the Supplementary Material section (Section S4). The FIA 
graphs show the dependency of the state of an observation on the action 
of one (or more) controlled devices. It is worth noting that these graphs 
show both direct and indirect dependencies. In the case of the rule-based 
algorithm, the operation of the BESS is not directly controlled by the 
heat demand. However, a higher heat demand leads to increased utili
zation of the HPs, which, in turn, absorb more energy from renewable 
sources. As a result, the amount of excess renewable energy that could be 
stored in the BESS is reduced, thus creating an indirect dependency of 
the heat demand on BESS utilization.

When the FIA graphs of the rule-based solution and the solution 
found by DRL are compared, similarities and differences can be 
observed. In both cases, the net load has a marked influence on CHP, 
BESS, and P2G. In the DRL case, the dependency of the net load on the 
heat pumps largely decreases, while the dependency on the heat demand 

Fig. 5. Methodological flowchart.

Table 8 
Comparison of the results over the entire year obtained using the DRL agent 
compared with the rule-based approach adopted in [6].

Quantity UoM Rule- 
based

DRL 
Agent

Rel. Diff. 
[%] 

(Rule-Based)

Gas Consumption (CHP) [TWh] 1.28 1.82 42.2%
Gas Consumption 

(Boiler)
[TWh] 1.61 0.63 − 60.9%

Gas Consumption 
(Total)

[TWh] 2.88 2.44 − 15.3%

SNG production [TWh] 0.28 0.34 21.4%
Heat from HP [TWh] 0.94 1.58 68.1%
BESS (absorbed) [TWh] 0.12 0.06 − 50.8%
Electricity from the grid [TWh] 0 0.04 −

Renewable curtailment [TWh] 0.41 0.39 − 4.9%
CO2 emissions [kton] 524 426 − 18.5%
Fuel and electricity 

costs
[M€] 156.4 130.0 − 16.9%
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increases; a similar, albeit less pronounced trend, can be seen for CHP. In 
the rule-based case, the various technologies were controlled on the 
basis of the net load value. This discrepancy shows that the heat demand 
plays a greater role in the optimal control of the system. It can also be 
seen that P2G depends on the BESS state of charge in the rule-based case. 
This is because P2G only works when BESS is completely full, due to the 
dispatching priority that is implemented in the rule-based case. This 
effect is not observed in the DRL, which indicates that the strategy fol
lowed by the DRL does not involve the same priority order as BESS and 
P2G. Finally, it should be noted that DRL also shows a slight dependence 
on electricity costs, especially for battery use. However, this dependence 
is negligible compared to that on the net load: because of the high RES 
overproduction in this scenario, it is more convenient to use BESS to 
exploit the RES overproduction than to follow electricity cost variations.

In order to further understand the relationship between the actions 
and observations, we analyzed the obtained state-action plots, in 

particular concerning those components, such as CHP and HP (Fig. 10) 
or BESS and P2G (Fig. 11), which showed very different behaviors from 
those of the rule-based strategy.

Fig. 10b-d shows that the DRL agent allows cooperation to be ach
ieved between CHP and HP, since the two technologies are often oper
ated at the same time. This effect can also be noted by comparing Fig. 6a, 
Fig. 7a, and Fig. 8a with Fig. 6b, Fig. 7b, and Fig. 8b, which represent the 
energy flows for a characteristic week of the test set: in fact, it can be 
seen that the difference between the two approaches mainly concerns 
the management of the district heating system: in Fig. 6b, the total 
generated electricity (RES in green, CHP plants in blue, and BESS in 
yellow) was higher than the demand during the night of 28th February. 
This is because the extra amount of produced electricity was used by the 
HP plants (see Fig. 7b in light green) to generate heat for the DH (Fig. 8b 
in light blue). In the case controlled by rule-based rules, whenever the 
CHP did not produce enough heat, the GBs were activated to compensate 

Fig. 6. Comparison of power management strategies of (a) the Rule-Based algorithm, and (b) the DRL algorithm for the period from February 28th to March 6th, 
showing the energy contributions of the CHP, RES and the grid, battery operation, and the load demands.

Fig. 7. Comparison of the electric consumption of (a) the Rule-Based algorithm, and (b) the DRL algorithm for the period from February 28th to March 6th, showing 
the contributions of the HP, BESS and P2G systems to the baseline energy demand.
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for the shortage. If we consider 1 MWh to have been produced by the 
GBs, the cost is €40. However, in the case of DRL, the 1 MWh of thermal 
energy would be covered by increasing the CHP load, and this would 
allow the HP to be activated. In this case, the CHP would produce 0.23 
MWh of heat and 0.29 MWh of electricity that the HP would convert into 
0.77 MWh of heat, for a total cost of NG of about €34, therefore pro
ducing savings of about 49% per unit of heat with respect to the utili
zation of gas boilers, as used in the rule-based mechanism.

The BESS and P2G utilizations show somewhat different trends, as a 
higher priority is assigned to BESS charging than to P2G methane pro
duction for the rule-based mechanism. This can be observed in 
Fig. 11a–b: the DRL agent only charged the BESS when the P2G was 
already powered with the maximum power. A difference in the use of 
these two technologies can also be seen in Fig. 7: a different placement of 
the purple area (which represents the energy absorbed by the BESS) for 
Fig. 7a and Fig. 7b. In the case of DRL control, the P2G was operated 
before BESS was charged; in this way the electrical energy stored in the 
BESS was reduced and the production of SNG was increased (see 
Table 8). However, considering the efficiencies and costs of energy 
carriers, storing energy in the BESS has proved to be more advantageous 

than producing SNG. Indeed, 0.85 MWh of electricity can be generated 
for every 1 MWh of energy stored in the BESS, and this leads to a 
reduction of the electricity production costs of approximately €100, 
depending on the scenario. If that 1 MWh were used in the P2G process, 
it would produce 0.6 MWh of SNG (for a value of €36). Therefore, in this 
case, the DRL algorithm fails to find the optimal solution. This subop
timal effect can be attributed to the agent’s focus on maximizing the 
discounted reward during training, which may result in a shortsighted 
approach that fails to fully consider the value of the energy stored in the 
BESS. This stored energy can only be discharged several hours after the 
charging phase, and the agent may therefore struggle to find a connec
tion between the action of having charged the battery at a certain 
moment and the benefit of using the stored energy at a future moment 
[28].

3.2. Optimized rule-based algorithm

The DRL agent implemented more efficient operational strategies 
than those used by the rule-based control algorithm presented in [6]. 
The superior performance of the DRL algorithms was due to the fact that 

Fig. 8. Comparison of the heat management of (a) the Rule-Based algorithm, and (b) the DRL algorithm for the period from February 28th to March 6th, showing the 
contributions from the boilers, HP, P2G, and CHP systems to the overall heat demand.

Fig. 9. The relative FIA results for (a) the rule-based strategy, and for (b)the implemented DRL agent strategy.
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these optimization algorithms exploited synergies between the compo
nents of the energy system that the original unoptimized rule-based 
algorithm had not taken into account. The evidence uncovered by the 

DRL algorithms, and which was highlighted through the FIA on the RFR 
surrogate model, enabled a better understanding of the analyzed system. 
The following rules were added to the control logic and are shown in 

Fig. 10. State-action correlation with focus on the CHP-HP interaction: (a, c) correspond to the rule-based strategy, while (b, d) depict the DRL strategy. The colors 
represent the net load (a, b) and the heat demand (c, d).

Fig. 11. State-action correlation with focus on the P2G and BESS interaction with respect to the net load, with (a) representing the rule-based strategy, and (b) the 
DRL strategy.
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Fig. 12: when the CHP was operating and the heat demand exceeded its 
heat output, the CHP generated sufficient electricity to augment the heat 
production of the HPs until either all the heat demands were met, or the 
HPs reached their maximum capacity. In this paper, the optimized rule- 
based algorithm was developed for different reasons: first, to prove the 
accuracy of the explanation of the solution identified by the DRL agents, 
as described in Section 3.1, second, to benchmark the agent’ perfor
mance in identifying any suboptimal or unexpected behavior and, third, 
to evaluate the importance of the different technologies installed in the 
energy system described in Section 2.1.

As can be seen in Table 9, the results of the optimized rule-based 
algorithm differ slightly from those of the DRL algorithm. Indeed, the 
total operating costs resulting from the DRL learned policy are 1.5 
higher; this difference can in part be imputed to the different priority in 
the dispatching order of the additional loads and in part to the deter
ministic nature of the rule-based algorithm, which allows a more precise 
control to be achieved for certain scenarios. CO2 emissions are slightly 
lower (− 0.2%), mainly because of the higher utilization of the P2G 
technology. Curtailment is 2.5% lower when the DRL agent is 

considered, due to the different dispatching orders of HP, BESS and P2G.
An RFR surrogate model was built to observe whether the new 

implemented rules accurately reflected the DRL policy, and FIA was 
developed (Fig. 13). FIA showed similar trends to those depicted in 
Fig. 9b, when considering the relationship between HP and the heat 
demand; however, the dispatching order of BESS and P2G was derived 
from the rule-based model, and FIA reflects this aspect.

The effects of implementing the new rules regarding the CHP and HP 
interaction can also be confirmed by comparing Fig. 14a–b with 
Fig. 10b–d, it can be observed that the two plots are almost overlapping. 
However, one of the limitations of DRL algorithms is their inability to 
constantly achieve perfect control, particularly in highly dynamic sys
tems, and the policy employed by the DRL agent may not achieve the 
same level of consistency and accuracy as a rule-based system. Differ
ences between the new rule-based strategy and the DRL one can also be 
noted by analyzing the operation of P2G and BESS. As mentioned in 
Section 3.1, DRL fails to find the best control of BESS. This suboptimal 
solution has been corrected in the new optimized algorithm. If we 
compare Fig. 15 with Fig. 11b, we can observe a shift in the 

Fig. 12. Flowchart of the optimized rule-based strategy.
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prioritization of these two technologies: in the DRL-controlled case, 
BESS is only charged after P2G has already been fully utilized, while in 
the optimized rule-based approach, P2G is activated after the BESS 
charging reaches its maximum. The impact of this operational difference 

is also evident in Fig. 17a and b, where the utilization of BESS (purple 
area) and P2G (orange area) differs for the two strategies. Moreover, 
some inaccuracies can also be noted in the DRL strategy, as in Fig. 16, 
that is, the CHP (blue area) and BESS (red area) interaction resulted in a 
slight overproduction of electricity for the evening of March 2nd. On the 
other hand, discrepancies in Fig. 18 (a and b) are negligible. Despite 
small differences and flaws, the overall behavior of the DRL agent re
mains close to the optimal solution, that is, it effectively balances cost 
reduction and operational flexibility. Nevertheless, it is important to 
recognize that even the rule-based control strategy, despite its deter
ministic nature, remains an approximation of reality, as energy systems 
are inherently complex and subject to uncertainties.

3.3. Sensitivity analysis

As mentioned in Section 2.1, a scenario with a high level of renew
able energy integration was considered, in which energy conversion and 
storage technologies were allowed to exchange energy freely through all 
the considered grids; a sensitivity analysis was carried out to analyze the 
trend of the capacity factors of the different technologies considering 
different renewable penetration scenarios and the diffusion of HP, BESS 
and P2G using both the unoptimized and optimized rule-based 

Table 9 
Comparison of the results over the entire year obtained using the DRL agent and 
the optimized rule-based algorithm.

Quantity UoM Opt. rule- 
based

DRL 
Agent

Rel. Diff. [%] 
(Opt. Rule- 

Based)

Gas Consumption 
(CHP)

[TWh] 1.78 1.82 2.2%

Gas Consumption 
(Boiler)

[TWh] 0.63 0.63 0.0%

Gas Consumption 
(Total)

[TWh] 2.41 2.44 1.2%

SNG production [TWh] 0.28 0.34 21.4%
Heat from HP [TWh] 1.62 1.58 − 2.5%
BESS (absorbed) [TWh] 0.12 0.06 − 50.8%
Electricity from the 

grid
[TWh] 0 0.04 −

Renewable 
curtailment

[TWh] 0.40 0.39 − 2.5%

CO2 direct emissions [kton] 428 426 − 0.2%
Fuel and electricity 

costs
[M€] 128.1 130.0 1.5%

Fig. 13. The relative FIA results for the new rule-based strategy.

Fig. 14. State-action correlation with focus on the HP-CHP interaction in the optimized rule-based strategy. (a) represents the dependency on the net load (green-to- 
purple scale), while (b) represents the dependency on the heat demand (blue-to-red scale). (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)

Fig. 15. State-action correlation with focus on the P2G and BESS interaction 
with respect to the net load in the optimized rule-based strategy.
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strategies.
The two variables that had the most impact on the performance of 

the energy system are the installed RES capacity and HP. This is because 
the amount of installed RES affects the amount of surplus electricity the 
agent has to handle, and the agent chooses the HP technology with the 
highest priority, thereby impacting the downstream technologies. 
Fig. 19a–d and Fig. 20a–d show the capacity factors of the CHP, HP, P2G 
and BESS obtained using the two rule-based strategies (the non- 
optimized rule-based strategy in Fig. 19 and the optimized one in 
Fig. 20) as a function of the RES installed capacity and HP installed 
power. The installed capacity values are reported in percentage, where a 
value of 100% refers to the capacity reported in Section 2.1, which was 
used in the previous analyses.

When Fig. 19a–b is compared with Fig. 20a–b, which represent the 
capacity factors of CHP and HP, respectively, similar trends can be 
observed: Fig. 19a and Fig. 20a show a decrease in the CHP capacity 
factors when the RES capacity increases, while the HP capacity factors 

tend to increase in Fig. 19b and Fig. 20b. However, the different stra
tegies greatly impact the importance of a technology for a certain sce
nario: in fact, it can be noted that the CHP utilization factor in Fig. 19a 
does not change when the share of HP increases, since there is no 
interaction between the two components; however, when the in
teractions (see Section 3.2) are considered, both the CHP and HP ca
pacity factors increase considerably, especially when the RES capacity is 
lower. In other words, the greater the installation of HP is, the more 
electrical energy must be produced by the CHP; as a result, less hot water 
is produced by the GB.

Analyzing how the capacity factor varied on the basis of operational 
logic and considering the system parameters allowed us to identify 
under which conditions a given technology could be advantageous. 
Indeed, a technology with a low-capacity factor, which means it is used 
marginally, is unlikely to generate sufficient benefits to justify the initial 
investment costs. Therefore, understanding these dynamics is crucial to 
evaluate the economic and operational sustainability of different 

Fig. 16. Comparison of the power management strategies of (a) the Optimized Rule-Based algorithm, and (b) the DRL algorithm for the period from February 28th to 
March 6th, showing the energy contributions from the CHP, RES and the grid, the battery operations, and the load demands.

Fig. 17. Comparison of the electric demand of (a) the Optimized Rule-Based algorithm, and (b) the DRL algorithm for the period from February 28th to March 6th, 
showing the contributions from the HP, BESS and P2G systems to the baseline energy demand.
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technologies. It can also be observed that the control strategy influences 
the capacity factor. Compared to the unoptimized rule-based approach, 
the optimized rule-based strategy shows a slight increase in the capacity 
factor for CHP and a more significant increase for HP. This demonstrates 
that it is essential to define the correct control strategy to understand the 
overall real impact of different technologies on the system. It can be 
noted that as the RES capacity increases, the capacity factor of CHP 
decreases, thus suggesting that CHP may not be the most suitable 
technology for high renewable energy generation scenarios. This finding 
is aligned with the results of [51], which suggests that, in the coming 

decades, natural gas CHP might no longer be the most efficient power 
generation method when renewable penetration increases.

The two different control strategies that were analyzed do not 
significantly alter the activation logic of P2G and BESS, and this has led 
to the overlapping of Fig. 19c, Fig. 20c, Fig. 19d, and Fig. 20d. Fig. 19c 
and Fig. 20c show the total stored energy in the battery; it can be noted 
that the BESS utilization increases in the first part as the installed RES 
power increases; however, after 125% of installed RES power, the uti
lization decreases slightly, as the chances of being discharged diminish. 
As the installed power of HP increases, the use of BESS decreases; this is 

Fig. 18. Comparison of the heat management of (a) the Optimized Rule-Based algorithm, and (b) the DRL algorithm for the period from February 28th to March 6th, 
showing the contributions from the boilers, HP, P2G, and CHP systems to the overall heat demand.

Fig. 19. Unoptimized rule-based strategy – sensitivity analysis of the capacity factors for CHP (a), HP (b), BESS (c), and P2G (d) as a function of the installed RES and 
HP capacities.

Fig. 20. Optimized rule-based strategy – sensitivity analysis of the capacity factors for CHP (a), HP (b), BESS (c), and P2G (d) as a function of the installed capacities 
of RES and HP.
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because the HP absorbs part of the RES overproduction, thus decreasing 
the need to store production surpluses. Fig. 19d and Fig. 20d show that 
the P2G capacity factor increases almost linearly as the RES capacity 
increases.

Decreasing the HP capacity causes the utilization of P2G to increase, 
in a similar way to what happens for BESS. Like the CHP systems, P2G 
plants require a large number of operating hours to be cost-effective. 
Although PEM electrolyzers offer relatively flexible usage, the metha
nation reactor operates more efficiently under consistent conditions. As 
mentioned in [34], the system can be designed to separate the electro
lyzer from the methanation unit by inserting a hydrogen storage unit, 
thereby allowing continuous operation of the methanation unit to be 
obtained. However, as also highlighted in [52], for this technology to be 
viable, the selling price of SNG must be significantly higher than that of 
conventional natural gas. For this reason, the agent did not prioritize the 
use of this technology. Clearly, if SNG production were to be incentiv
ized, the agent’s decisions would be different.

3.4. Discussion

In the present work, a temporal discretization of 1 h was chosen. This 
choice is in line with the scientific literature on modeling energy flows in 
multi-energy scenarios. The selected time step represents a compromise 
between calculation complexity of the calculation and the accuracy of 
the results. An hourly discretization allows a clear identification of 
fluctuations in energy production and demand and thus the definition of 
feasible operational strategies for the different control technologies. At 
the same time, this discretization does not allow a detailed analysis of 
the system dynamics (e.g. ramp rate constraints) associated with the 
technologies under consideration, which significantly reduces the 
computational effort required to find the optimal solution. A finer 
temporal resolution would enable the inclusion of such factors and allow 
the design of control strategies that also optimize the dynamic behavior 
of the different technologies. However, such an approach is beyond the 
scope of the energy dispatch optimization addressed in this study.

The developed methodological approach has proven to be effective 
in improving understanding of the internal decision-making mecha
nisms of the black-box solution. It enabled the identification of the key 
input features that influence the selection of actions and the exploration 
of the dependencies between the actions. Nevertheless, the interpreta
tion of these relationships required the support of expert domain 
knowledge to avoid inaccurate conclusions arising from spurious or 
indirect correlations, as discussed in Section 3.1.

Moreover, the interpretation process exposed some limitations of the 
DRL algorithm, particularly with respect to reward sparsity and credit 
assignment. Reward sparsity occurs when meaningful feedback (i.e., 
non-zero rewards) is received only occasionally, while credit assignment 
issue arises when there is an imbalance in the reward. In this case, both 
phenomena occur: 

• Reward sparsity: the scenario considered is characterized by high 
renewable penetration and, therefore, long surplus periods which 
distances the charging and the discharging phase.

• Credit assignment: the economic contribution of the BESS tends to be 
limited, particularly during the winter season, since it typically 
generates only marginal savings when compared to the usage of the 
CHP unit.

These effects combined led to suboptimal BESS utilization that 
needed to be corrected in the development of the optimized rule-based 
strategy. This hypothesis is confirmed by the comparison with the MILP 
optimization model, which slightly outperforms both the DRL and the 
optimized rule-based approach.

The MILP approach uses a perfect forecast horizon, while the DRL 
approach can only observe the current time step and avoids forecasts for 
the following hours. This is important in the context of developing a 

control strategy, as an analysis of the MILP-optimized strategy could 
lead to solutions that are difficult to apply. When considering finite 
horizon approaches that combine MILP with control schemes (such as 
Linear MPC with a finite prediction window), the performance degrades 
as reported in [30], leading to similar (or worse) performance compared 
to DRL.

4. Conclusion

In this paper, DRL has been used as a tool to explore synergies in 
complex energy systems. The proposed approach allows the black-box 
policies of DRL to be translated into more intuitive rules that could be 
generalized to conduct broader studies. An MES scenario with a high 
renewable energy penetration, was considered to pursue this goal. The 
MES incorporated CHP, BESS, HP, and P2G to couple the different en
ergy sectors and increase the flexibility of the system. In this system, 
energy conversion and storage technologies were assumed to be free to 
exchange energy flows with the grids, and the DRL agent was left free to 
explore different solutions in the feasibility region in order to find the 
most economically advantageous one. Initially, the strategy identified 
by the DRL agent was compared with a simple rule-based control algo
rithm that has been proposed in the literature for a similar case study. 
The optimization performed by DRL proved to be more effective than the 
simplified rule-based approach. However, because of the nature of the 
DRL algorithms, the proposed solution operates as a black box, thus 
making it impossible to directly identify the reasons behind the control 
decisions made by the DRL agent. Thus, the solution generated by the 
DRL was analyzed to address this limitation. Moreover, a surrogate 
model was trained, and FIA was developed to interpret the policy 
adopted by the DRL agent, and this allowed the interactions between the 
energy devices exploited by the DRL agent to be identified. This analysis 
has allowed us to understand the following aspects: 

• The reason why the DRL proposed strategy is more effective: it was 
found that this strategy depends on the optimization of the in
teractions between HP and CHP, which lead to more efficient heat 
management practices. This resulted in a reduced use of gas boilers 
(61% less) and a consequent increase in the use of heat pumps and 
CHP (43% and 70% more, respectively).

• The limitations of the implemented methodology: this technology 
also revealed some optimization limitations regarding the use of 
storage systems by the DRL agents, which was found to be subopti
mal. In other words, it was observed that the DRL algorithm struggles 
to find optimal control of the batteries. This issue is already known in 
the literature, and it is caused by the fact that the action of charging 
the battery is temporally separated for these devices from the gain in 
using the device, as the gain occurs during the battery discharge 
phase. This temporal decoupling makes it difficult for the DRL agent 
to establish the connection between the actions and rewards.

• Some minor inaccuracies were identified. These inaccuracies con
cerned the agent’s ability to perfectly balance the energy demand 
and production. However, these imbalances were found to be 
negligible.

Building on these insights, we have developed a refined rule-based 
strategy by integrating the most effective operational principles 
learned from the DRL. This new approach retains the transparency and 
simplicity of rule-based control, while incorporating the efficiency gains 
observed in the DRL optimization. A comparison between the two 
methods has shown that the performance of the optimized rule-based 
strategy closely matched the performance of the DRL solution, and it 
even produced slightly better results.

The flexibility and simplicity of the optimized rule-based algorithm 
enabled us to conduct a comprehensive sensitivity analysis, and this 
allowed us to obtain a clearer understanding of how different technol
ogies interact and perform in various scenarios. This adaptability is 
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crucial for the design of robust and efficient MES. By analyzing how the 
capacity factors of various technologies responded to changes in the 
installed capacity and operational strategies, we identified several key 
findings: 

• Among the examined technologies, HP, the most efficient conversion 
technology, exhibited the highest capacity factor. Because of the 
interconnected nature of MES, changes in one technology affected 
the other technologies. Indeed, an increase in the HP capacity raised 
the capacity factor of CHP, as greater electricity demand emerged. 
Conversely, a higher HP capacity reduced the utilization of BESS and 
P2G, as HP absorbed any surplus RES, thereby decreasing the flexi
bility requirements.

• As RES penetration continued to grow, CHP became less viable for 
cogeneration, since direct RES utilization and RES-powered HP for 
heat provision were more cost-effective. Indeed, a low CHP capacity 
factor may fail to justify investment costs. Nonetheless, backup 
power remains essential, raising the question of whether cogenera
tion or simpler alternatives would be preferable.

• Increased RES penetration also amplified the flexibility demands, 
thereby enhancing the utilization of BESS and P2G. However, BESS 
utilization declined beyond a certain threshold, due to energy satu
ration. P2G only achieved a 50% capacity factor for particularly high 
RES penetration levels, and it remained underutilized, due to its low 
efficiency and the availability of better alternatives, such as HP, 
therefore necessitating financial or regulatory incentives to make its 
adoption plausible.

In this study, DRL has been employed to optimize the operational 
strategies of an energy system. However, DRL has also shown a signifi
cant potential concerning the issue of optimal system sizing. Future 
research will explore the application of DRL as a decision-support tool to 
optimize the sizing of MES, with the aim of enhancing design-phase 
decision-making by integrating operational flexibility and long-term 
performance considerations.
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