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ARTICLE INFO ABSTRACT

Keywords: While playing a crucial role in global trade, seaports are polluting hubs. To mitigate greenhouse gas emissions
Smart port from ships at berth, the present study incorporates a combination of solutions to meet ships’ demand, including
Cold ironing shore-side electricity (Cold ironing), multi-energy storage, renewable generation, and artificial intelligence

Neural networks
Soft actor critic
Model predictive control

techniques for forecasting and optimizing renewable energy usage.

Key contributions include the sizing of a port based on real ship traffic data and area from the ports of
Genova and Trapani, the comparison of reinforcement learning and model predictive control for effective
energy management, and the development of artificial intelligence-driven forecasting models for building
demand, and photovoltaic and wind generation. Long Short-Term Memory and Time Delay Neural Networks
are used to predict renewable generation and demand, while sensitivity analyses demonstrate the flexibility
and efficiency of the Soft Actor Critic algorithm in handling forecast uncertainties. The hyperparameters of the
artificial intelligence models are optimized on the data of the port of Genova, and tested on both the ports.

Results highlight the strength of the developed control algorithms to achieve diesel usage reduction at
berth up to 100%. Numerical findings prove the model predictive control ability to extract knowledge from
input data and demonstrate the advantages of reinforcement learning in optimizing energy management under
limited and uncertain information. The model predictive control and the Soft Actor Critic algorithms were able
to achieve 95.9% and 94.4%, respectively, of the maximum achievable cash flow in the port of Genova, and
91.3% and 89.3%, respectively, in the port of Trapani.

1. Introduction 1.1. Background

The maritime sector accounts for more than 90% of global trade [1],
representing the backbone of global economy [2] while contributing
to around 3%-5% of global greenhouse gas emissions [3]. However,
pollution from ships is concentrated near the ports and inside the ports,
due to maneuvering and hoteling [4], contributing to the pollution of
coastal cities. Indeed, port regions have been proven to pollute more
than non-port regions, especially in terms of greenhouse gas emis-
sions [5]. To this extent, through the regulation 2023/1804/EU [6],
the European Union requires the use of shore-side electricity in ports,
known as Cold Ironing (CI), to ensure, by the end of 2029, the electric
connection of the ships to the port electricity distribution network, thus

The development of Smart Ports (SPs), characterized by advanced
computational processes and integration of cutting-edge technologies,
such as CI, AI and RESs, has increasingly contributed to the planning
and construction of environmentally friendly and low-carbon ports [2].

Over the last few years, CI has been studied at various levels to
overcome some technical and economic issues. In [8], the authors
present a procedure for short-circuit currents computation in the case
of low-voltage shore power connection systems where multiple ships
are allowed to operate simultaneously on one MV/LV transformer.
An analysis of the behaviour of the high-voltage shore connection

turning off ships generation units at berth. CI can provide significant system in the case of single phase-to-ground fault and three-phase short

environmental benefits, indeed, [7] demonstrates that CO, emissions circuit is presented in [9]. The aspects related to reliability of CI have
can be reduced by CI in the range of 48%-70%. been addressed in [10], which investigates the power system reliability
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considering the forced outage rate of ship electric generators and shore
connection. In [11] the study presents a CI control scheme capable to
maintain power quality. In [12] a high power charging network and its
control mechanism are developed for CI.

Currently, the shipping sector is exploring new alternatives to fossil
fuels other than batteries. Among several possibilities, such as am-
monia and methanol, hydrogen is the only one that is completely
zero-emission when produced with renewable energy [13]. Several
hydrogen ships, powered by fuel cells [14], have already been devel-
oped and are operating worldwide, such as hydrogen-fuelled passenger
ferries [15], and tanker and container ships [16]. Moreover, beyond its
use as fuel for ships, hydrogen is investigated as an effective energy
vector for storing energy in ports. Indeed, an increasing number of
worldwide-spread projects addressing the development of infrastruc-
tures dedicated to hydrogen production, storage, distribution, and use
for ports decarbonization is reported. Some virtuous examples are the
Port of Rotterdam, the Port of Valencia, and the Port of Hamburg [15].

The integration of RESs in ports enhances the environmental ben-
efits of CI, contributing to abate greenhouse gas emissions [17] and
shaping the port as a smart grid. A distributed power-sharing control
based on adaptive virtual impedance in a port, with RES performing
Cl, is presented in [18]. An adaptive Direct Load Control approach,
integrated with an IoT-based architecture is presented in [19] to op-
timize day-ahead scheduling and real-time load shedding to enhance
consumer comfort while reducing electricity costs. An optimal power
scheduling framework for port microgrids, integrating various utility
loads, thermal loads and CI is proposed in [20]. A mixed-integer
linear programming model is proposed in [21] to address integrated
operations planning and energy management in ports with smart grid
infrastructure, considering uncertain renewable generation. An optimal
stochastic control strategy of Battery Energy Storage System (BESS) and
hydrogen storage to manage CI and ZE-Ship hoteling operations in a
SP with RESs is presented in [22]. A similar framework is considered
in [23] with the objective of optimally sizing the distributed energy
resources and the infrastructure of a port.

Recent studies have highlighted the potential of AI, and RL in
particular, in modernizing port operations exploiting Al’s ability to
extract knowledge from large sets of data. Adopting Al enables ports
to optimize energy management and respond effectively to climate
change by reducing their reliance on fossil fuels and transitioning
towards zero-emission operations, thereby enhancing sustainability and
efficiency [24]. The study in [25] investigates the use of various
data-driven models, including artificial neural networks, for accurate
prediction of ship berthing times. These models support the opti-
mization of berth allocation and energy scheduling, enhancing the
operational efficiency of ports and reducing environmental impact.
In [26], the importance of machine learning in developing efficient
Ship Energy Efficiency Management Plans is highlighted. In particular,
machine learning techniques are employed to analyse ship activities at
container ports, identifying key variables influencing CO, emissions.
Regarding the utilization of RL for port management, [27] investigates
the application of multi-objective deep RL in power scheduling for
emission-free ships, not only ensuring zero emissions but also improv-
ing the reliability of power systems in all-electric ships, demonstrating
the practical application of Al in managing complex and dynamic
systems in maritime settings. In [28], an energy management system
that uses Double Q RL for shipboard plug-in hybrid fuel cell and battery
propulsion systems is proposed, where the policy generated by the RL
agent is used directly by ships as a guide strategy to achieve long-term
cost performance without prior knowledge of future power loads or
demands.

1.2. Motivations and contributions

Recent advances in researches comparing the performance of MPC
and RL controllers have been made mainly in the field of thermal
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energy management. In [29], an MPC algorithm and several RL control
algorithms are developed to control the heat pump in a residential
building. The analysis focuses on the ability of the control algorithms in
reducing the electricity bill and the thermal discomfort, and the results
revealed the superiority of the MPC. In [30], RL control algorithms and
MPC are compared for energy management of a cold-water buffer tank
and the best performances were obtained with a RL controller. Recent
contributions have investigated hybrid control schemes that combine
RL with predictive control in power electronics. In [31] an architecture
has been proposed that combines RL and predictive control to reduce
switching frequency and improve robustness in power converters. Sim-
ilarly, an online learning integrating MPC has been developed in [32]
for real-time control of power converters.

However, important issues remain unsolved, i.e., existing compara-
tive analyses on MPC and RL control algorithms have not investigated
complex energy management problems, and the analyses are limited
to the performance of the algorithms and do not encompass other
key features, such as inputs uncertainty and extent of knowledge.
Recent studies have not addressed a comparison between the energy
management in SP operations achieved with conventional control tech-
niques such as MPC, and with RL. Moreover, a detailed analysis of the
impact of using Al-generated predictions for future energy loads and
generation is not present. For these reasons, this study aims to answer
the following Research Questions (RQs):

RQ1: what are the economical and operational impacts of using Al
predictions versus not using predictions?

RQ2: how do MPC-based and RL algorithms perform in optimizing the
energy management of an SP?

Specifically, a detailed case study is conducted adopting RL and
MPC under various scenarios to determine the potential gain in eco-
nomic performance when utilizing Al-based predictions. Unlike pre-
vious AI/RL-based approaches that optimize ship-to-grid connection
with a focus on CO, reduction, our work addresses the broader port
system, defining optimal operations from an economic perspective.
Furthermore, while previous studies primarily evaluated performance
metrics, our study explicitly examined the role of uncertainty in inputs
and the extent of knowledge required by each approach.

To summarize, this paper puts forward the following contributions:

Scope expansion: the proposed framework addresses SP opera-
tions as an integrated system, rather than focusing on isolated
subsystems, it incorporates RESs, and dynamic demands from
buildings and ships;

Al-prediction integration: the analysis considers the economic and
operational impacts of integrating Al-based forecasts for buildings
energy demands and PV and wind generation, and evaluates the
interaction between predictive accuracy and control performance;
Data uncertainty and availability: the effect of input uncertainty
and the extent of model knowledge on the relative performance of
MPC and RL controllers is examined, the performances of several
RL algorithms are evaluated and compared with two different
MPC algorithms that are suitably developed to handle different
amount of data;

Sensitivity and scenarios analysis: robustness and sensitivity anal-
yses are conducted to assess the influence of forecast errors,
control parameters, and extent of available information;
Real-world grounding: the presented case studies are based on
actual ship data and port area characteristics from two ports with
different seasonality and purposes, ensuring high relevance and
practical implementation.

The remainder of this paper is organized as follows: Section 2
describes the framework of the study, detailing the case study and the
data, Section 3 illustrates the adopted methodology to manage the port
operations, Section 4 presents the results, and Section 5 summarizes the
findings of this paper.
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Fig. 1. Smart port architecture.

Table 1
Energy prices.

i — ¢ — ci - dg _
¢ =1584€/MWh ¢ =160€/MWh c¢ =165€/MWh c"=165€/MWh c/* =185€/L

e

cl

Day/h 0-7 7-8

Mon-Fri 51.97 €/MWh 62.23 €/MWh
Sat 51.97 €/MWh 62.23 €/MWh
Sun 51.97 €/MWh 51.97 €/MWh

8-19 19-23 23-midnight

75.83 €/MWh 62.23 €/MWh 51.97 €/MWh
62.23 €/MWh 62.23 €/MWh 51.97 €/MWh
51.97 €/MWh 51.97 €/MWh 51.97 €/MWh

2. System framework

In this section, the SP set-up is outlined, and the data are presented.
The case of the port of Genova (Italy) and the case of the port of Trapani
(Italy) are analysed, however the overall configuration of the SP is
the same for the two cases. Fig. 1 shows the architecture of the SP.
The SP includes multi-energy storage, i.e., a BESS, and an Electrolyzer
(Ely) loading a tank and serving ZE-Ships for berth operations. RES
generation is present as PV rooftop panels and Wind Turbines (WTs).

The SP is meant to operate CI, allowing the ships at berth to connect
to the utility grid through a converter. However, while ZE-Ships must
be fed by the Ely, the ships operating CI have their on-board Diesel
Generators (DGs) to possibly satisfy their demand.

The yearly electrical demand at the shore-connection was defined
based on [33], which provides an estimation of the total electrical load
of Ro-Pax ships moored at a quay in the port of Genova and in the port
of Trapani, in 2019, and of the yearly demand of hydrogen of ZE-Ships,
identified in the categories of chemical and oil tankers. To compute
the hydrogen consumption from the energy demand, the equivalence
IMW h = 50kgy, was used, which is based on hydrogen lower heating
value [34] and considers that ZE-Ships are equipped with on-board fuel
cells with an efficiency of 60% [35]. It is assumed that only one Ro-Pax
ship and one ZE-Ship at a time can be moored at the corresponding
quay.

The architecture of the SP also considers the presence of office
buildings, simulating this load using historic data from a university
office building located outside the port of Genova and Trapani.

The SP exchanges electrical energy with the utility grid and with
ships operating CI. Moreover, it supplies hydrogen to ZE-Ships. There-
fore, the study assumes that energy export is remunerated at c¢, energy
import is paid at ¢/, hydrogen sold to ZE-Ships is remunerated at c”,
and the energy consumed in CI operations is remunerated at c¢. The
use of DGs is supposed to cost c¢?¢ to Ro-Paxs. Finally, to promote
RES utilization, the port is penalized by c¢¢ for the curtailment of RES
generation.

2.1. Data

The yearly demand of Ro-Paxs and ZE-Ships in the ports of Genova
and Trapani and the corresponding load duration curves are shown in

Fig. 2. It is possible to observe how only one ship at a time is moored
at each berth, as stated in Section 2, shaping the energy demand
profiles as a series of steps. The building demand, shown in Fig. 3, is
lower than the ZE-Ships and Ro-Paxs demands, in both the considered
ports. When comparing the demands of the ships in the two considered
ports, the Ro-Paxs demand in the port of Genova is consistently larger,
both in maximum and mean value, while the ZE-Ships demand is
larger in terms of maximum value but smaller in terms of mean value.
The differences in the load duration curves of the ships in the two
ports highlight the different seasonality and characteristics of the two
considered ports. Specifically, as a port on an island and far from the
mainland coast, the port of Trapani is characterized by low Ro-Paxs
traffic, with peaks in the summer, and by a stable tanker ships traffic,
i.e., ZE-Ships.

To reproduce PV and wind generation, the software Hybrid Opti-
mization of Multiple Energy Resources (HOMER) was fed with histor-
ical weather data from the location of the port of Genova and of the
port of Trapani taken from [36].

The values of energy prices are shown in Table 1. The diesel cost
c¢ is set to 1.85 €/L, which corresponds to 470 €/MWh considering
an energy efficiency of the on-board DGs of 40%, a fuel density of
0.820 kg/L, and a lower heating value of 43.2 MJ/kg. Note that it
is required ¢ < ¢9¢ for CI to be profitable for the Ro-Paxs, and also
¢l > ¢! for CI to be profitable for the SP.

2.2. System sizing

For both the port of Genova and the port of Trapani, the sizing of
the SP devices was carried out using the software HOMER [37], which
simulates the system for every possible combination of devices in a
microgrid and calculates the LCOE in each simulation. The possible
sizes of every device in the system and the selected ones are shown
in Table 2.

For the case of the port of Genova, to establish the maximum size of
the PV power plant, an available area of 123 800 m? to install the panels
was considered, estimated by Authority of the port system in [38],
which, with an expected efficiency of 0.1 kW/m?, returned a potential
peak power of 12.38 MW. Given the smaller area of the port of Trapani,
a maximum installable power of 3 MW was considered.

Similarly, a maximum of 20 Enercon E-48 [39] WTs, each one with
a rated power of 800 kW and a maximum power of 810 kW, and a
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Fig. 2. Left column refers to the case of the port of Genova, right column refers to the case of the port of Trapani. From the top: Ro-Paxs energy demand, Ro-Paxs
load duration curve in terms of energy demand, ZE-Ships hydrogen demand, ZE-Ships load duration curve in terms of hydrogen demand.
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Fig. 3. Building energy demand (used for the ports of Genova and Trapani),
generation in the port of Genova, wind generation in the port of Trapani.

maximum of 35 WES 18/80 [40] WTs, each one with a rated power of
80 kW and a maximum power of 83.3 kW, were considered as upper
limits for the wind power generation in the port of Genova. For the case
of the port of Trapani, the upper limits for the E-48 and the WES-18
were set to 5 and 10, respectively. Additionally, the constraint that only
one type of WT can be installed was considered when sizing the SPs.

The VRFB was considered as the BESS technology, because of its
low investment cost and outstanding performance in stationary applica-
tions [41]. VRFBs are particularly useful in energy applications, when
they are employed to provide energy arbitrage and support islanded
operations [42]. Specifically, a 0.25C (fully charged/discharged in 4 h
at nominal current) VRFB was considered.

The selected technology for the Ely was the proton exchange mem-
brane, having the advantages of being a commercialized technology,
operating at low temperatures, and showing better performance than
the alkaline (another already commercialized technology), against a
higher investment cost [43].

Given the input data, i.e., annual profiles of Ro-Paxs, ZE-Ships and
building demand, solar irradiation, and wind speed, HOMER computes
the LCOE for every possible combination of devices sizes in the two

PV generation in the port of Genova, PV generation in the port of Trapani, wind

considered ports, applying the load following dispatch strategy. Un-
der the strategy adopted, whenever a generator is operating, it only
produces enough power to meet the primary load, ensuring that the
on-board DGs would only be used to meet Ro-Paxs demand. The final
system configuration, reported in Table 2, is the one returning the
lowest LCOE. Note that, in simulating the system, HOMER has complete
and full knowledge of the inputs from the beginning along the whole
simulation.

In optimizing the sizes of the devices, a discount rate of 6%, an
inflation rate of 2%, and a project lifetime of 25 years were considered
as optimization parameters in the HOMER software. The results show
the lowest LCOE when 20 E-48 turbines, 0 WES-18 turbines, and 12.38
MW of PV are installed for the case of the port of Genova, and when
3 E-48 turbines, 0 WES-18 turbines, and 2.5 MW of PV are installed
for the case of the port of Trapani. Given the sizes of the RESs, the
wind and PV generations are shown in Fig. 3. The optimal sizes of the
remaining devices are shown in Table 2.

Moreover, for the case of the port of Genova, the optimal solution
contemplates the installation of the maximum RES generation and of
the converter to operate CI, while for the port of Trapani, the total
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Table 2
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Smart ports devices characteristics and sizes. Top section: the first column lists the devices, the second column lists the search space for the sizes
of each device in the port of Genova, the third column lists the search space for the sizes of each device in the port of Trapani, the fourth column
lists the device installation cost, and the fifth column lists the device expected lifetime. Bottom section: the first column lists the devices, the
second column lists the sizes of the devices minimizing the LCOE in the port of Genova, the third column lists the sizes of the devices minimizing

the LCOE in the port of Trapani.

Device Size (Genova) Size (Trapani) Installation cost Replacement cost Lifetime (years)

Grid Connection [12, 14, 16] MW [7 - 9] MW 2000 €/kW - -

Converter [0 - 12] MW [0 - 8.5] MW 200 €/MW 200 €/MW 15

PV [0 - 12.38] MW [0 - 3] MW 1000 €/ MW 750 €/ MW 25

E-48 [0 - 20] units [0 - 5] units 800000 €/unit 600000 €/unit 20

WES-18 [0 - 35] units [0 - 10] units 96 000 €/unit 72000 €/unit 20

VRFB [4, 6, 8, 10, 12] MWh [0, 0.4, 0.8, ..., 4] MWh 36530 €/MWh 27500 €/MWh 25

Ely [0.5 - 1] MW [0.5 - 1] MW 1000 €/kW 750 €/kW 15

Hydrogen Tank [2.5, 3, 3.5] ton [2.5, 3, 3.5] ton 205 €/kg 205 €/kg 25
Results of the sizing

Device Genova Trapani

Grid Connection 14 MW 7 MW

Converter 12 MW 8.5 MW

PV 2.38 MW 2.5 MW

E-48 20 units 3 units

WES-18 0 units 0 units

VRFB 4 MWh 1.6 MWh

Ely 0.75 MW 0.825 MW

Hydrogen Tank 3.5 ton 3 ton

installed RES generation is lower than the maximum allowable, but the
size of the installed converter is the largest possible.

Finally, in the port of Genova, the installed battery is a 1 MW/4
MWh VRFB, the smallest of the possible sizes, while the installed Ely
power is 0.75 MW, coupled with the largest hydrogen tank size, i.e.,
3.5 ton. Differently, in the port of Trapani, the installed battery is a 0.4
MW/1.6 MWh VRFB, the rated power of the installed Ely is 0.825 MW,
and the hydrogen tank size is 3 ton.

3. Methodology

This section presents the equations modelling the SP described in
Section 2, the energy forecasting algorithms, and the MPC-based and
RL control algorithms to manage the SP operations. Fig. 4 displays the
block diagram of the proposed methodology.

3.1. Port model

In this subsection, the models adopted for each system compo-
nent are presented. In all the following equations, ¢ indicates the
discrete-time with a sampling time A=1h and the reported powers are
considered as mean values within the sampling time interval.

3.1.1. Connection with the grid
During the timestamp 7, the SP can import power Pj Or export power
P¢. Therefore, it results that:
i < 58
0< P <6 P @

0< P < (1-65)P8 2

max’

where PS,. is the rated power of the connection, ie., 14 MW, as
reported in Table 2, and §f is a binary variable.

3.1.2. Ro-Paxs

The Ro-Paxs demand is indicated with P’. The power generated by
on-board DGs is indicated with Edg and it must satisfy the following
constraint:

0< P <P ©)

Historical data
|
* Building demand ¢ Weather data * Porttraffic * Energy prices\

Port model
(HOMER)

I
v v

* RES generation * Sizes of the devices

[

pRe
999
(o) ]

l Control algorithm |«
« RL
* Forecasted RES * MPC

generation
* Forecasted
build demand
A
+ CASH FLOW
v

Fig. 4. Block diagram of the proposed methodology. Historical weather, port
traffic and energy prices data are fed to the port model in HOMER which
returns the sizes of the devices in the port and the profile of renewable
generation. Forecasted renewable generation is obtained from the profile of
renewable generation, and used as input to the control algorithms, together
with the sizes of the devices and the historical port traffic and energy prices,
which maximize the port cash flow.

3.1.3. RESs

The total power generated by RESs is indicated with P/**, whereas

P¢ indicates the curtailment, which must be such that:

0 < Prc < Ptres. (4)
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3.1.4. VRFB

The VRFB can exchange power with the system by charging and
discharging, according to its State of Charge (SoC). The following
equations model the VRFB power exchange and the dynamic of its SoC:

h b b
0 < Ptc < Pmax(SI ’ (5)
OSPIdSSPzax(I_(stb)’ (6)
ds
— A ch pch PI
St+l—Sr+E_tb<'7 P, _F g Q)
0<S, <1, (8
NL'

b _ b b t+1
Et+l - Enom - O'8Enom Ne¢ 9

ref
N, =N+ 1Sy -S| E, (10)

where: P" and P¢* are the VRFB charging and discharging powers at
timestamp ¢, respectively; n°" = 0.837 and #¢* = 0.837 are the VRFB
charging and discharging efficiencies, respectively, for a round trip
efficiency n® = 4" -y = 0.70; P?__is the VRFB nominal power, ie.,
1 MW; S, [p.u.] is the battery SoC at timestamp f; Etb is the battery
capacity at timestamp ¢; Erl:om is the battery nominal capacity, ie., 4
MWh; Nf is the equivalent number of cycles computed by the battery
from the beginning of its life to timestamp #; N, ;s the number of
complete cycles that leads to battery end of life, thus Etb = 08E° ;

6% is a binary variable ensuring that the VRFB does not charge and
discharge during the same timestamp ¢.

3.1.5. Hydrogen generation and storage system

The hydrogen tank is fed by the Ely and discharged by the demand
of ZE-Ship. The Ely has a technical operation minimum when it is
producing hydrogen, equal to 10% of its rated power [44]. Therefore,
the dynamic of the hydrogen storage system can be represented by the
following equations:

Py < P < Pl 5 an
A el pel h

H,+1=H,+E(n P — P!, (12)

0<H <1, 13

where: P¢ is the power consumed by the Ely; P! is the hydrogen
required by the ZE-Ship; P,f,’a " Prfé.,1 are the Ely maximum and minimum
power limits, i.e., 0.75 MW and 0.075 MW, respectively; H, [p.u.] is the
LoH; E" is the hydrogen tank capacity, ie., 3.5 ton; n¢ is the efficiency
of the Ely, i.e., 0.65; ﬁf’ is a binary variable indicating the on/off status

of the Ely.

3.1.6. Power balance and operational costs
At every timestamp ¢, the following power balance needs to be
matched:

Pfres +P{i +Png +Ptds — Pls +Pte +Pfh +Ptcl +P’I +Ptc, (14)

where P! is the building demand. The SP economic return at every
timestamp ¢ is:

Jy=A(ct P+ (P = B + Pl el P = ). as)

where at every timestamp #: ¢ and ¢! are the cost of the energy exported
and imported to the grid, respectively; ¢’ and ¢t are the rates applied
from the port to the Ro-Paxs for the CI service and to the ZE-Ships for
the hydrogen bunkering, respectively; ¢; is a penalty applied on the
curtailed renewable energy.
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3.2. Energy forecasting algorithms

In order for the MPC and the RL algorithms to work in an optimal
manner, an accurate forecasting of some of the key variables is of
paramount importance. To this end, three separate regression algo-
rithms were implemented and optimized to forecast the future values
of PV generation, wind generation, and power demand from an office
building. Each forecasting algorithm adopted a time-series approach,
where a sequence of input features was utilized to predict the future
value of the respective variable.

In addition to past variable values, temporal information was inte-
grated into each model. To forecast PV and wind energy generations,
the models were enriched with hourly and yearly temporal features,
while the building demand forecasting model incorporated temporal
data related to the hour of the day and the day of the week. To accu-
rately reflect temporal cycles, these temporal features were represented
using sine and cosine functions of each temporal value, multiplied by
2z and divided by the appropriate number of instances (7, 24, or 365).

In predicting PV energy generation and building demand, the fore-
casting model structures identified in prior work [45] were leveraged,
based on Time Delay Neural Network (TDNN) with a single hidden
layer. These models were optimized from scratch in the current study,
because the sampling rate for the features is different. Conversely, for
the prediction of WTs energy generation, the performance of a Long
Short-Term Memory (LSTM) neural network was explored in addition
to the TDNN. TDNNs are renowned for their ability to capture the
temporal context within sequential data while maintaining the training
time short [46], while LSTMs excel in handling long-term dependencies
and are particularly suited for catching short-term information for
accurate forecasting [47].

Each model underwent training using an autoregressive approach,
i.e., during the training phase, it was trained solely to predict the
next value of the variable. However, during the testing phase, each
prediction was recursively fed back as an input, allowing the model
to produce predictions with a variable prediction horizon, eliminating
the need for training multiple separate models. This strategy allowed us
to concentrate on fine-tuning a select set of hyperparameters, namely
the input sequence size, number of hidden units, and learning rate.

Across all regression models, input sequences ranging from 1 to
36 h, a spectrum of hidden units from 20 to 260, and L2 regularization
values spanning from 10~ to 1 were explored. To optimize each model,
a comprehensive grid search was conducted utilizing the first two years
of available data, with the third year reserved for evaluating unbiased
performance during the final testing phase. Specifically, the initial 80%
of the two years of data served as a discovery set, while the remaining
20% functioned as a test set for selecting the optimal configuration.
Furthermore, to mitigate overfitting, the discovery set was randomly
divided in an 80%/20% ratio for training and validation, enabling early
stopping measures.

3.3. Model predictive control-based algorithm

To optimally manage the SP operations, two MPC-based algorithms
were developed. The first one is an MPC algorithm optimizing the
port operations, coupled with a method to optimally schedule the
minimum LoH needed to supply ZE-Ships looking at a time horizon
longer than the one of the MPC. The second one consists of a slightly
modified version of the same MPC algorithm, without the minimum
LoH scheduling.

The MPC optimal algorithm is described in Section 3.3, introducing
the issues calling for either the changes in its formulation, presented in
Section 3.3.2, or the adoption of the minimum LoH scheduling problem,
detailed in Section 3.3.3.
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3.3.1. Basic MPC algorithm

The MPC technique is a well-renowned control technique that,
for a discrete-time system, consists of solving at a given timestamp
a suitably defined optimal control problem over a finite prediction
horizon, employing inputs forecasts. Once the optimal control problem
has been solved, an optimal control trajectory, spanning the whole
prediction horizon length, is obtained, and the first element (the one
related to the current timestamp) is applied to the system. Then, the
same procedure is repeated at the following timestamp [48].

The objective of the MPC is to maximize the SP economic return,
assuming that at the hour ¢, given a prediction horizon of length 7', the
following data are available:

+ a forecast profile of the RES generation {Pt’f]i }Z 0',

« a forecast profile of the building demand { P p +k}k o

+ a scheduled profile of ZE-Ships hydrogen demand { P, ik }T_‘(;;
+ a scheduled profile of Ro-Paxs energy demand {P. k} e o’

« the current SoC S, and LoH H,;
+ all energy prices from time ¢ to time 7+ T — 1.

Thus, the optimization problem, at every hour ¢, is formulated as
follows:

T-1
max J
[Xk) Z k+t

Xk - [Pli’Plf’Pdg Pc Pch Pds Pel]

(16)

subject to: (1)—(8), (11)—(14).

To implement the MPC strategy, it is then required to know at every
timestamp ¢ the forecasts of the following T — 1 timestamps of RES
generation and building demand. Given the features to forecast, typical
values of T are lower than 24 h. Much longer prediction horizons
are unreliable and unrealistic. However, under these circumstances,
problem (16) cannot be solved due to insufficient LoH. Indeed, given
the step-shaped profile of the ZE-Ships demand, where no hydrogen is
demanded for periods much longer than 7', the MPC tends to empty
the hydrogen tank, since no hydrogen demand is foreseen in the next
T hours, and since operating the Ely is an energy consumption, thus
a cost. Once the tank is empty and a ZE-Ship arrives, the Ely cannot
meet the ship hydrogen demand, not even working at full load, and
the constraint (13) is violated. Note that the violation of (13) does not
mean that the system is poorly sized. Indeed, under the assumption of
having, at the beginning of the simulation, the perfect knowledge of all
inputs for the whole simulation period (HOMER sizing condition), no
constraint would be violated.

3.3.2. Modified cost function
One way to solve the above-mentioned issue consists of rewarding
high values of LoH, modifying problem (16) as follows:

T-1
{I)l(a’? Z (Jieqs + wH, )
(=) 17
. T
X, = [P’,P;,Pfg,P,f,P,f",P,fS,P,f’]

subject to: (1)-(8), (11)-(14); where w is a positive weight helping to
raise the LoH. Note that, this solution is only effective if the controller
prioritizes the hydrogen tank loading over the expense of importing
energy from the grid. Therefore, it must be w > ¢/ P5,..

The change introduced in (17) ensures compliance with (13), but
it compromises the purely economic nature of the cost function, which
now differs from the SP operating profit. In the following, this algo-
rithm will be addressed as MPC_,.
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3.3.3. Minimum LoH scheduling

Another way to solve the issue on the violation of (13), while
maintaining pure economic cost function, consists of scheduling at
a given timestamp 7 a profile of minimum LoH {H _, } lig‘l over a
prediction horizon with length HT, ensuring that (13) would not be
violated, and change (13) with:

H <H <1, telr,r+T-1]. (18)

Note that the necessary condition to avoid constraint violation is
HT > T. The profile of minimum LoH {H, +k}” T-1 depends on the
expected ZE-Ships hydrogen demand { P p + ‘ } !, whose knowledge can
be more or less accurate, depending on the length of the prediction
horizon HT. Assuming a normally distributed zero-mean error ¢, =
P }A’T’Lk with standard deviation o*, the constraints (12)-(13) are
probabilistic, and the standard deviation relative to the LoH is found
as:

19)

For a generic normally distributed random variable, x ~ N (%,02),
the chance constraint P (x < x <X) > 1 — § can be written as:

x+00 <% <x-0o, (20)

where 0 = \/Eerf‘l(l —2p) [49]. Therefore, the probabilistic ver-
sion of (12)-(13), applied to the case of minimum LoH, are Vi €
[t,7+ HT —1]:

N A .
A = B+ o (P = BY). @D
0c7 < H,<1-05". (22)
Then, to find the scheduled { H ,,}7=1, the following optimization
problem is solved :
(H, )y = min (A, 10 (23)
(Pl
subject to: (11), (21)-(22). Once {H H_k}ka) ! has been found, prob-

lem (16) can be solved, subject to (1)-(8), (11), (12), (14), (18). In the
following, this algorithm will be addressed as MPC .

To summarize, the overall MPC;;; algorithm consists of the follow-
ing steps to be replicated after a fixed time interval D:

1. At timestamp ¢ = 7, get {H_ +k}H -1 by solving (23) over the
finite prediction horizon ¢ € [r,7+ HT — 1] subject to (11),
(21)-(22);

2. Vt € [r,7+ D — 1], solve (16) over the finite prediction horizon
t € [t,t + T — 1] applying the MPC technique;

3. Set r = 7 + D and repeat.

3.4. Reinforcement learning algorithm

The RL algorithm used in this study is Soft Actor Critic (SAC), an off-
policy actor-critic deep RL method incorporating entropy maximization
into the RL objective to enhance exploration and training stability [50].
SAC’s ability to efficiently handle complex tasks and its robustness in
high-dimensional action spaces make it particularly suitable for appli-
cations in robotics, autonomous driving, and video games, where it has
demonstrated considerable success. The incorporation of entropy into
the optimization process not only facilitates exploration but also signifi-
cantly stabilizes the training process, establishing SAC as a versatile and
powerful tool in the RL landscape. The SAC aims to balance exploration
and reward maximization by augmenting the RL objective with an
entropy term, thus encouraging the policy to explore more diverse
actions. The importance and difficulty of shaping a reward function
in deep RL-based energy management is well known [51], especially
when it comes to hydrogen storage optimization [52]. Recent studies
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highlighted the effectiveness of including entropy maximization in RL-
based optimizers, culminating with the review [53] who connected
entropy-regularized SAC to energy system control, justifying its use for
complex storage incentives.

The state-value function J(x) estimates the expected return (total
discounted reward) over all future timestamps from state s following
policy z according to the equation:

J(m) =E,., [Z 7' (RGsp @y 504) + aH(n(-ls,)))] : (24)

=0

where:

7(-|s,) is the policy, i.e., a probability distribution over all possible
actions () given the state s,;

E,._, is the expectation taken over the trajectory r generated by
following policy ;

y" is the discount factor raised to the power of the time step
t, quantifying the diminishing importance of rewards received
further in the future, and it is a value between 0 and 1;

R(s;, a;,5,,1) is the reward function, giving the immediate reward
received when transitioning from state s, to state s, ; due to
action q,;

a is a scaling factor for the entropy term, used to control the
degree of exploration in policy optimization;

H(x(:|s,) is the entropy of the policy # at state s,, measuring
the randomness of the policy, with larger entropy implying more
exploration.

The action-value function under policy 7, O” (s, a), that incorporates
the entropy term is given by the equation:

0%(s,.a,) = JE[R(S,, a4 5041) + y(Q”(s,+1,a,+l) + aH(n(-|s,+1)))], (25)

where:

7(:|s,41) is the policy, a probability distribution over actions given
the state s,,;.

07 (s,, a,) is the action-value function under policy =, estimating
the expected return (total discounted reward) from state s, taking
action a, and thereafter following policy ;

E is the expected value operator, computed taking the expectation
over the random variables involved, specifically over the next
state s,; and next action a,,;

y is the discount factor, quantifying the difference in importance
between future rewards and immediate rewards, and it is a value
between 0 and 1;

Q7 (s,41,a,41) is the action-value function evaluated at the new
state s,,.; and new action g,,; chosen according to policy z;
H(x(-|s,;,)) is the entropy of the policy r at state s,,;, mea-
suring the randomness of action selection, with larger entropy
encouraging more exploration.

Actor updates are performed using gradient ascent on the policy
network’s parameters to maximize (24).

Establishing an environment is a fundamental step for the imple-
mentation of a RL algorithm, delineating both an action space and
an observation space to determine the agent’s interaction with the
environment. The action space encompasses all possible actions that the
agent can execute, either discrete or continuous. Similarly, the observa-
tion space encompasses all relevant information available to the agent,
providing insights into the current state of the environment, which is
essential for informed decision-making. Typically, an action generates
a variation of some observations, which allows the RL algorithm to
explore how its actions modify the observed quantities and learn from
its environment effectively.

The environment is designed to mimic the SP architecture de-
picted in Fig. 1. Both the action and observation spaces are defined
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as continuous, requiring only the specification of the minimum and
maximum values for each quantity. The range of optimal parameters
was identified by preliminary tests, and their optimal combination was
selected via a grid search evaluating performance on the last 20% of the
first two years of available data (i.e., last 20% of the training set). We
investigated the variable number of hidden neurons of the actor (n,)
and the critic (n,) neural networks in the range between 4 and 100,
the learning rate in the range between 103 and 10!, and the entropy
value between 1 and 5.

The action space consists of three actions: “(dis)charge the VRFB”,
“charge the Ely”, and “use DG”. After having optimized the config-
uration through a grid search, the observation space consists of 20
observations, which are:

+ the current values, at timestamp 7, of RES energy generation, ship
loads, hydrogen loads, SoC, LoH, energy price (Table 1), power
from/to the grid, diesel utilized, economic gain/loss, timestamp
of the year, battery capacity and number of equivalent cycles, and
a dummy variable acting as an internal counter for data storage;
the predictions over the next 6 h performed by the algorithms de-
scribed in Section 3.2 regarding the total RES generation (sum of
the predictions concerning PV and WTs) and total office building
load;
« the future values, assumed as known in advance, of the total ship
load and hydrogen request over the next 24 h, and of the single
hydrogen requests for timestamps 7+ 1,7+ 3, and ¢ + 5.

The upper and lower limits of the actions are determined by the
technical constraints and parameters described in Section 2, while
those for the observations are based on the values observed in the
training set. At each timestamp, the quantities in the observation space
vary depending on the actions selected according to the current policy
following the equations described in Section 3.1. Therefore, the reward
function utilized to update the RL model at each timestamp is defined
as follows:

R(spap.s41) =J,—q - P8

1

—ay -4y (26)

where J; is the net economic gain, ¢; and a, are two constants em-
pirically set to 150 and 10, respectively, and 4, represents the total
difference between the actions suggested by the RL controller and the
actions actually implemented, which may have been adjusted according
to the post-optimization procedures outlined in Section 3.5. Here, P,d‘g
refers to the generated power at timestamp 7, which is associated
with an operational cost that the controller seeks to minimize. The RL
algorithm is trained on 500 episodes, each of length 17520 h (2 years),
whereas it is tested on the last year of available data in order to provide
a fair comparison with the performance of the MPC. To minimize
the likelihood of system failure and ensure the controller’s ability to
manage all load situations, an episode was interrupted and a negative
reward of 107® was assigned whenever the controller was unable to
satisfy all loads despite the post-optimization operations. The training
curves of the SAC algorithm are presented as supplementary materials.

3.5. Post-optimization operations

The MPC-based and RL algorithms described above use forecasts of
RESs generation and building demand to decide the optimal control
to apply. However, forecasts may be different from the actual RES
generation and building demand. Thus, the scheduled optimal control
needs to be modified accordingly, since all the constraints must hold
true at every timestamp ¢. The connection with the main grid is called
to account for any excess of energy generation or demand so that (14)
holds true, by modifying the programmed values of imported and
exported powers, in the limits imposed by (1) and (2). Thus, the new
values of P! and P¢ are computed from the scheduled ones 13," and 13,3
as follows:

P =max (B}, B} + (B[ = F)) = (B = F])). @7
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Y =max (Pf, B = (B[ = ) + (P = F)). 28

From (27) and (28), it results that if the expected overall generation,
Pres— Pl is larger than the actual one P/*° — P/, meaning there has been
a deficit of generation, such deficit is imported from the grid. On the
other hand, if the expected overall generation, 13,’ es — 131’ , is lower than
the actual one P’*— P/, meaning there has been an excess of generation,
such excess is exported to the grid.

However, by modifying the power exchanged with the grid, con-
straints (1) and (2) can be violated. To account for this issue, if the new
value of P/ is such that P! > P}, the following procedure is adopted.
At the end of every step, the new modified value of Pt" ensuring (14) is
found, and if it is in the limits set by (1) the procedure stops, otherwise
it goes on to the next step:

+ the RES curtailment is decreased in the limited amount set by (4);

+ the VRFB charge is decreased, or eventually, the VRFB discharge
is increased, in the limited amount set by (5), (6), and (8);

« the DG power is increased in the limited amount set by (3).

Instead, if the new value of P¢ is such that P¢ > P5,, the following
procedure is adopted. At the end of every step, the new modified value
of P¢ ensuring (14) is found, and if it is in the limits set by (2) the
procedure stops, otherwise it goes on to the next step:

the DG power is reduced in the limited amount set by (3);

the Ely power is increased in the limited amount set by (11),
and (13);

the VRFB charge is increased, or eventually, the VRFB discharge
is decreased, in the limited amount set by (5), (6), and (8);

the RES curtailment is increased in the limited amount set by (4).

After having balanced the forecasting error, the new VRFB SoC, ca-
pacity and number of equivalent cycles, and the new LoH are computed
with (7), (9)-(10), (12).

Finally, in real-world applications, any control algorithm must be
complemented with backup strategies to ensure operational safety in
case of failures. This applies universally to RL, MPC, and traditional
control methods.

Critical infrastructure management always requires fail-safe mecha-
nisms and redundancy to mitigate risks. However, since this is a general
requirement for all control strategies, a detailed discussion on risk
mitigation is beyond the scope of this paper.

4, Simulations and results

The hyperparameters of the RL and energy forecasting models were
optimized for the port of Genova, while the port of Trapani is con-
sidered as a validation case study. Straightforwardly, Section 4.1-4.5
presents the detailed models and the results obtained for the case
study of Genova, while the results related to Trapani are reported in
Section 4.6.

The control algorithms were tested on the data of the third year;
the first and second years of the available data were used to train the
neural networks and obtain the RESs and building demand forecasts.

This section presents the results referred to the port of from the
developed Al forecasting models, which provide predictions used as in-
puts for the controllers. Additionally, the section includes the outcomes
of the MPC algorithms with prediction sequences of varying lengths
as input, as well as the results of the SAC algorithm with different
observation spaces. A comparative analysis of the results achieved with
the two approaches is also presented.
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Fig. 5. NMAE of the forecasting algorithms over a prediction horizon of 24 h
for the port of Genova.

4.1. Sensitivity analyses

In order to test the developed algorithms under different levels of
information knowledge, two sensitivity analyses were conducted, one
on the length of the prediction horizon of the MPC, and MPC,y
algorithms, and one on the type of predictions passed to the SAC.

The sensitivity analysis on the length of the prediction horizons
of the MPC,, and MPC;,y; was carried out to assess the ability of
the developed algorithms to optimize the SP operations at various
levels of information and risk. Indeed, the MPC technique requires
the knowledge of the inputs along the whole prediction horizon, thus
the longer the prediction horizon, the more extended the information
on the inputs. However, longer prediction horizons lead to less risky
decisions. In fact, once the first step of the control trajectory is applied,
the MPC will repeat the optimization with the additional knowledge of
just the last timestamp of the prediction horizon. Since the state of the
system is already defined for every timestamp of the optimization but
the last one, the last timestamp will be less likely to create disturbances
on the state of the system if it represents a small percentage of the
prediction horizon.

Specifically, the MPC,, and the MPC; ;; were tested at the following
values of T: 6, 12, 18, and 24 h. Concerning the MPC; y, HT was
kept constant to 1 week, assuming that the expected ZE-Ships hydrogen
demand {P" }7=! was exact only for the first T+ 24 h. At midnight
of the current day, and every 24 h, thus  is hour 00:00 and D is 24 h,
the actual ZE-Ships demand was perturbed starting from the timestamp
t = T+ 25 by randomly increasing and decreasing the vessel demand
and randomly shifting forward and backward in time the vessel arrival
and departure time. The choice of not perturbing the ZE-Ships demand
for the first T+ 24 h lies in the assumption that the MPC control sees an
exact scheduled profile of both Ro-Paxs and ZE-Ships demands, possible
only if during the first T+ 24 h the ZE-Ships demand is not perturbed.
In fact, at 11 p.m. on any simulation day, for which the minimum LoH
profile to be met was scheduled 23 h earlier, the MPC algorithm looks
ahead until hour T- 2 of the following day, a timestamp T+ 23 h away
from when the minimum hydrogen profile was last defined.

Regarding the RL algorithm, the performance of the SAC algorithm
was examined when:

1. it has complete knowledge of future inputs;
2. it has zero knowledge of the future inputs;
3. predictions of the inputs are available.

To accomplish the analysis, the SAC was tested using (a) real
observations, (b) no observations, and (c) Al predictions as observations
of the next 6 h of total RES generation and office building demand. The
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Table 3
Sensitivity analyses.
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Algorithm Sensitivity variable
Prediction horizon length T

MPC, [6, 12, 18, 24] h

MPC, iy [6, 12, 18,241 h

SAC w/ Al predictions
SAC w/ ground truth
SAC w/o predictions

RES generation and building demand
Al predictions
Real values hours

Table 4

Results over one year of simulations for the case of the port of Genova.

Port of Genova

Algorithm Cash flow [M€] Final S [p.u.] Final H [p.u.] Overall cash flow [M€]
T [h]
6 2.403 0.212 0.994 2.423
MPC,, 12 2.348 0.584 1 2.367
18 2.332 0.639 1 2.351
24 2.326 0.426 0.990 2.346
T [h]
6 2.542 0.213 0.036 2.543
MPC, 4 12 2.553 0.587 0.043 2.544
18 2.560 0.589 0.049 2.561
24 2.564 0.589 0.035 2.564
ny/ne
SAC w/ Al predictions 50/100 2.513 0 0.525 2.523
SAC w/ ground truth 50/100 2.506 0 0.562 2.517
SAC w/o predictions 10/50 2.491 0 1 2.510
Oracle 2.674

last case represents a real application. The first, though unrealistic, and
the second cases serve as comparisons to assess the ability of the SAC
to extract patterns from the input data and provide flexibility against
error-corrupted or absent future observations.

Table 3 resumes the conducted sensitivity analyses.

4.2. Performance analysis of Al forecasting models

The grid searches regarding the predictive neural networks yielded
the following optimized configurations: for PV energy generation fore-
casting, a TDNN with 64 hidden neurons, taking as input 12-hour (12
timestamps) input sequences, and a regularization coefficient of 107;
for building demand forecasting, a TDNN with 144 hidden neurons, tak-
ing as input 36-hour input sequences, and a regularization coefficient
of 0.3; for WTs energy generation forecasting, an LSTM with 70 hidden
units, taking as input 11-hour input sequences, and a regularization
coefficient of 107°.

The predictions were performed in an autoregressive manner, mean-
ing the network predicts the next value in the sequence, which is then
fed back into the network to predict subsequent values. In this study,
autoregressive predictions were extended up to 24 h into the future.
The Normalized Mean Absolute Error (NMAE) on the test set, i.e., the
last year of data with respect to the average value of the models are
reported in Fig. 5. NMAE is the Mean Absolute Error normalized by
the mean of the ground truth values for a given sequence of true values
yi™ and corresponding predictions yf”d. It is defined as:

1 1

NMAE:FW
y

N
D1y — yred (29)
i=1
where N is the total length of the simulation, ie., the number of
predicted values, and 7™ represents the mean of the ground truth
values over the entire sequence.

The results for PV generation and building load align with those
presented in our previous study [45]. The NMAE of building energy
forecasting ranges from 0.15 for 1-hour-ahead predictions to 0.25

for 24-hour-ahead predictions. For PV energy forecasting, the NMAE
ranges from 0.25 to 1.25. The NMAE for WT energy forecasting ranges
from 0.34 to 1.41, with WT forecasting proving to be the most chal-
lenging. This difficulty is expected given the limited number of features
considered in this study, as the best-performing studies on this topic use
additional meteorological features for medium-term predictions [54].
Based on these results, only short-term predictions up to 6 h were used
as input for the SAC regarding RES forecasting (PV+WT), with NMAEs
of 0.67 and 0.99, respectively.

4.3. MPC Results

Table 4 shows the results in terms of annual cash flows for all the
developed algorithms. Specifically:

the column “Algorithm” refers to the technique adopted in the
simulation;

the column “Cash Flow” refers to the sum of the SP economic
return J, (15) over a simulation of one year;

the column “Final S” refers to the VRFB SoC at the end of the
simulation;

the column “Final H” refers to the tank LoH at the end of the
simulation;

the column “Overall Cash Flow” refers to the sum of the cash flow
and the profits coming from fully discharging the VRFB and the
hydrogen tank to meet ships’ demand.

The algorithm denominated “Oracle” represents the maximum
achievable cash flow and is used as a benchmark, and consists of
an optimization procedure on the simulated year maximizing the SP
economic return, assuming to have perfect knowledge of all the inputs
from the beginning, i.e., HOMER sizing conditions.

From Table 4 it can be seen how the MPCy, described in Sec-
tion 3.3.3, outperforms the MPC,,, described in Section 3.3.2, for every
prediction horizon length 7.

10
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Fig. 6. Real and expected ZE-Ships hydrogen demand.
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Table 5

Diesel usage reduction at berth for the case of the port of Genova.

Algorithm Diesel usage reduction [%]
T [h]
6 77.1
MPC,, 12 68.4
18 62.7
24 58.4
T [h]
6 100
MPC, o,y 12 100
18 100
24 100
ny/ne
SAC w/ Al predictions 50/100 98.1
SAC w/ ground truth 50/100 98.6
SAC w/o predictions 10/50 75.6
Oracle 100

Regarding the MPC;y, results show that larger cash flows are
obtained at larger prediction horizon lengths. This trend reflects the
ability of the LoH scheduling algorithm to make the most of the input
information. For the sake of completeness, Fig. 6 shows four exam-
ples of the expected ZE-Ships hydrogen demand profile {£/ }/7-1,
compared with the actual demand profile.

On the other hand, the MPC, with the modified cost function shows
better performances at smaller values of T. Short prediction horizons
cause the MPC to take riskier actions, however the LoH is always kept
in safe intervals by (17) and thus the riskier actions cause no harm and
provide better results.

Finally, as reported in Table 5, it is worth remarking that MPC; ;i
does not use DGs, for every prediction horizon length of T, thus
contributing to reduce by 100% diesel usage at berth. While MPC,
occasionally uses on-board DGs, especially at larger prediction horizon
lengths T. In this case, CI contributes to reduce diesel usage at berth by
77.1%, 68.4%, 62.7%, and 58.4%, for T equal to 6, 12, 18, and 24 h,
respectively.

4.4. Reinforcement learning results
All RL models were trained using Adam as optimizer and with a

discount factor of 0.99. The actor network architecture was designed to
generate the policy for the agent, consisting of the following layers: an
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input layer, a fully-connected hidden layer with n, neurons followed by
another fully connected layer with n,/2 neurons, followed by a single
neuron with ReLU transfer function; then, the network splits into two
branches: a mean branch, consisting of a fully connected layer with 3
units, responsible for predicting the mean of the action distribution,
and a standard deviation branch, which starts with a fully connected
layer with 3 units and then incorporates a standard deviation layer from
the original actor network. These layers and branches are connected
to form the complete actor network. The critic network evaluates the
value of state-action pairs, guiding the agent by providing feedback on
the actions taken. The critic net mimics the structure of the actor net,
with the exception that the number of hidden neurons n is optimized
separately and a fully connected layer with one unit produces the
critic’s output, which represents the value estimate.

Beside SAC that takes as input the predictions from the developed
AT algorithms, two additional SAC configurations were examined: one
that takes the future ground truth as a prediction (simulating perfect
predictions), and one that does not receive information on the predicted
features. The results of the RL algorithms are reported in Table 4. The
optimal values of n, and n. were identified through a grid search on
the discovery set. Optimization also returned a best learning rate value
of 0.03 and an entropy weight of 3, and a target entropy value of —3
for each model.

The results reported for the RL are the average results achieved
over 100 runs, each initialized with the same experimental setup as the
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Best results for different RL models with Al predictions for the port of Genoa.

Model Cash flow [M€]

Final S [p.u.]

Final H [p.u.] Overall cash flows [M€]

SAC
TD3
DDPG
AC
PPO
TRPO

2.513 0
1.895 1
0.639 0.12
1.992 1

0.525 2.523
1 1.936
0 0.639
0 1.993

Training failed (agent never completed an episode)
Training failed (agent never completed an episode)

Oracle

2.674

MPC simulations. The SAC algorithm fed with Al predictions achieves
a cash flow of 2.523 M€, which is slightly higher than the cash flow
achieved by the SAC algorithm with ground truth (2.517 M€) and
the SAC without predictions (2.510 M<€). This result demonstrates that
the integration of Al predictions can slightly improve the cash flow
performance over no predictions. Interestingly, the model that receives
Al predictions performs slightly better than the model that receives the
ground truth, i.e., predictions without errors. This could be explained
by the nature of RL: the AI predictions might introduce a beneficial
bias that can result in better performance despite individual prediction
errors. By incorporating predictions with a degree of error, the model
might explore a wider range of strategies, potentially discovering more
profitable approaches over time [55]. This could also lead the model
to be able to generalize in a wider range of situations [56].

A similar behaviour is observed for the overall cash flow. Indeed,
the final SoC is zero for all the SAC models; conversely, the SAC without
predictions shows a different outcome with a final value of one for the
LoH, which is due to the system’s tendency to charge the Ely as much as
possible. Overall, the results indicate that incorporating Al predictions
into the SAC framework can enhance the economic performance of the
system. However, this improvement is limited compared to the perfor-
mance of the model without predictions, indicating that knowledge of
future hydrogen and ship loads (assumed to be known in advance in
both cases) is more crucial for the system’s performance. In addition to
the SAC algorithms, the performance under different configurations of
other state-of-the-art RL models was investigated, including Actor Critic
(AC), Deep Deterministic Policy Gradient (DDPG), Twin Delayed Deep
Deterministic Policy Gradient (TD3), and Proximal Policy Optimization
(PPO). However, these algorithms achieved considerably worse results
compared to SAC, as reported in Table 6.

Unlike the MPC; .y, the RL controller sporadically uses DGs in some
situations, as reported in Table 5. However, combining CI with SAC and
Al predictions reduces diesel usage by 98.1%, consistently higher than
what is achieved by the MPC_,. This significant reduction is notable
compared to the 75.6% reduction achieved by SAC without predictions,
which, however, is close to the 77.1% reduction achieved by the MPC,.
As a comparison, using SAC with ground truth as a prediction reduces
diesel use by 98.6%.

The Oracle method achieves the highest overall cash flow of 2.674
ME, serving as a benchmark for the maximum achievable performance.
The SAC models, while not reaching the Oracle’s performance, show
competitive results, particularly when enhanced with Al predictions.
These results highlight the effectiveness of using Al predictions in con-
junction with SAC models to optimize cash flow, with an improvement
over models using no predictions.

4.5. Comparison between MPC and RL performance

The MPC strategy itself has the limitations discussed in Section 3.3.1
given by the difficulties of handling step-shaped loads. To overcome
these limitations, two variations were made to the classic MPC problem
formulation, one with a modified cost function rewarding high LoH
values, MPC_,, and the other scheduling a minimum optimal LoH
profile to be observed, MPC; ..

The MPC; y; algorithm tends to perform better when it has access
to more detailed and accurate information. This trend is evident from
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Fig. 7. NMAE of the forecasting algorithms over a prediction horizon of 24 h
for the port of Trapani.

the results where the resulting control algorithm with long prediction
horizon yields outcomes closer to the oracle, which represents the
maximum achievable performance. Conversely, the MPC, shows better
performance at lower prediction horizon length, i.e., less information.

On the other hand, SAC demonstrates superior robustness and flexi-
bility in conditions with limited information, yielding outcomes close to
the MPC; ;. RL can better leverage shorter-term predictions and more
effectively manage and mitigate inevitable prediction errors. This result
translates into consistent financial performance even with less accurate
forecasts, making the use of SAC with AI predictions a competitive
choice.

While MPC excels with highly realistic predictions, RL may be more
advantageous in scenarios where predictions are uncertain or prone to
errors. This difference suggests that the choice between MPC and RL
heavily depends on the specific operational context: if very realistic
long-term predictions can be obtained, MPC might deliver optimal
results; conversely, in situations where predictions are less reliable,
RL might offer a better trade-off due to its adaptability and error
management capabilities.

4.6. External validation case study: Port of Trapani

This section presents the results obtained in the case study of the
port of Trapani. The aim of this Section is to evaluate the flexibility of
the proposed approach dealing with a port with different seasonality;
straightforwardly, the best-performing configuration, identified on the
data from the port of Genova, was applied to the new dataset after
retraining the models on the new data, without modifying their struc-
ture or re-optimizing hyperparameters. This approach allows for testing
the adaptability of the framework to different port configurations and
seasonal patterns with minimal additional computational cost.
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Results over one year of simulations for the case of the port of Trapani.

Port of Trapani

Algorithm Cash flow [M€] Final S [p.u.] Final H [p.u.] Overall cash flow [M€]
T [h]
6 1.087 0.002 0.816 1.100
MPC, 12 1.083 0.196 0.995 1.100
18 1.073 0.197 0.991 1.089
24 1.066 0.039 0.966 1.082
T [h]
6 1.102 0.296 0.999 1.119
MPC, i 12 1.107 0.968 1 1.124
18 1.109 0.796 1 1.126
24 1.109 1 1 1.126
na/nc
SAC w/ Al predictions 50/100 1.089 0.228 1.000 1.102
SAC w/ ground truth 50/100 0.975 0.418 0.924 0.999
SAC w/o predictions 10/50 0.984 0.010 0.500 0.992
Oracle 1.234
Table 8
Diesel usage reduction at berth for the case of the port of Trapani.
Algorithm Diesel usage reduction [%]
T [h]
6 81.5
MPC,, 12 82.7
18 85.8
24 83.6
T [h]
6 99.9
MPC, i 12 99.9
18 99.9
24 99.9
ny/ne
SAC w/ Al predictions 50/100 95.0
SAC w/ ground truth 50/100 100
SAC w/o predictions 10/50 99.0
Oracle 100

The same sensitivity analyses utilized for the Genova case study
were performed. The neural networks utilized for the predictions main-
tain the same configurations described in Section 4.2, achieving the
results on the test set reported in Fig. 7. The prediction NMAEs over
24 h of autoregressive forecasts are similar to those observed for the
port of Genoa, with the error in wind prediction being significantly
lower, likely due to greater wind regularity in Trapani.

Table 7 reports the results of 1 year of simulations for the port
of Trapani. The results of the MPC algorithms completely respect the
trends shown for the results of the port of Genova. Indeed, MPC;
outperforms the MPC,; for every prediction horizon length 7, at larger
prediction horizon length the MPC;; shows larger cash flows while
MPC,, shows smaller cash flows. Specifically, the MPC;,y; and the
MPC,, at T = 24 are able to achieve 91.3% and 87.7% of the maximum
achievable cash flow, i.e., “Oracle” cash flow.

Moreover, as reported in Table 8, it is worth remarking that MPC; ;i
does not use DGs but to cover the peaks of Ro-Paxs demand higher than
7 MW (nominal grid connection), for every prediction horizon length
of T, thus contributing to reduce by 99.9% diesel usage at berth. While
MPC,, occasionally uses on-board DGs, especially at larger prediction
horizon lengths T'. In this case, CI contributes to reduce diesel usage at
berth by 81.5%, 82.7%, 85.8%, and 83.6%, for T equal to 6, 12, 18,
and 24 h, respectively.

The SAC algorithm, retrained using the same configuration de-
scribed in Section 4.4, achieved a cash flow of 1.102 M€, 0.999 M€,
and 0.992 M€ with a corresponding reduction in diesel utilization of
95.0%, 100%, and 99.0% when fed with AI predictions, the ground
truth, and without predictions, respectively.

The results of the case of the port of Trapani proved again the ability
of the MPC; to extract knowledge from the input and maximize the
cash flow and the ability of the SAC to deal with uncertain information.
Indeed, the SAC fed with AI predictions is still able to outperform the
MPC,, for every T.

4.7. Robustness analysis

The performance of the proposed algorithms can depend on the
values of the parameters of the controlled devices, i.e. the VRFB and
the Ely. Parameters such as the efficiencies of the VRFB and Ely, may
change in real operations, and they can be different from the ones
in the models used during the algorithms design. Therefore, to test
the robustness of the proposed methods, two mismatch analyses were
conducted: maintaining the Ely efficiency #¢ at 0.65 and the VRFB
round trip efficiency #* at 0.70 during the control design, operations
were simulated in the following cases:

+ mismatch up: 7 =0.70 and »* = 0.75;
» mismatch down: #° = 0.60 and #® = 0.65.

In this way, the controllers take action considering efficiencies
that are lower, in the case mismatch up, and larger, in the case of
mismatch down, than the real values. Such analyses were conducted
on all the tests listed in Tables 4 and 7, but the case of SAC with
ground truth and the Oracle, as these cases are not applicable in real
applications. The results are shown in Table 9 and present a situation in
which the percentage variation of the overall cash flow, with respect to
the results listed in Table 4 and in Table 7, is particularly limited for the
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Results of mismatch analyses on model parameters. Percentage variations of the overall cash flow in the case of increased
electrolyzer and battery efficiencies (mismatch up) decreased electrolyzer and battery efficiencies (mismatch down).

Algorithm Port of Genova [%] Port of Trapani [%]
T [h] mismatch up mismatch down mismatch up mismatch down
6 1.0 -1.0 1.3 -1.5
MPC,, 12 1.3 -1.0 1.3 -1.7
18 1.0 -1.0 1.6 -1.7
24 0.7 -0.9 1.5 -1.6
T [h]
6 0.6 -0.9 1.5 -2.0
MPC, 12 1.2 -0.6 1.3 -2.2
18 0.8 -1.0 1.2 -2.2
24 0.7 -1.0 1.2 -2.3
ny/ne
SAC w/ Al predictions 50/100 0.3 -0.7 0.1 0.1
SAC w/o predictions 10/50 0.2 -0.1 0.3 0.5

SAC algorithms. The maximum and minimum differences pertain to the
MPC algorithms with longer time horizons; however, they are limited
to 1.6% and —2.3%. In general, the proposed algorithms appear to be
robust to parameter mismatch, particularly in the case of the SAC with
Al predictions.

4.8. Implementation aspects and computational complexity

The software General Algebraic Modeling System (GAMS) [57] and
the solver Complex Linear Programming Expert (CPLEX) [58] were
used to solve the problem (17) in the algorithm MPC_, and the problems
(16) and (23) in the algorithm MPC; ;. The computational time of MPC
algorithms depends on the number of variables to be optimized and
the type of programming. Both MPC,, and MPC, ; are mixed-integer
linear programming algorithms, and their number of variables increases
with the length of the prediction horizon. However, even at the longest
prediction horizon length, i.e., 24 h, both the algorithms take less than
1 s to run. Such running time is largely short considering the 1-hour
sampling time interval.

The computational complexity of the considered neural networks
was analysed to evaluate their scalability and computational feasibility.
The complexity of a TDNN is O(n, x I), while the complexity of the
LSTM neural network is given by O(4nfl + 2n;, x I) where n,, is the
number of hidden units and [ is the length of the input sequence. The
computational complexity of the SAC during training depends primarily
on the number of model parameters and the number of training steps.
The actor network consists of two fully connected layers with n, and
n,/2 neurons, while the critic network comprises two independent Q-
networks, each with layers of n. neurons. Given an observation space
of size s and an action space of size a, the forward pass complexity for
each step scales as

O(sn, +n, X %‘1 +2(sn. +an, + nf)) (30)
where the dominant term is O(nf) since the number of hidden units
is significantly larger than the input and output dimensions. During
training, the overall complexity can be approximated as O(ENn?) ),
where E is the number of episodes and 7 is the length of each episode.
In contrast, the testing phase scales as O(N nf), with a contribution of
O(nf) for each estimation, corresponding to a testing time of less than
1 s, which is largely feasible in real-life applications given the 1-hour
sampling of the data. All tests were performed using Matlab R2023B
on a system running Windows 11 Pro (version 23H2), equipped with a
13th Gen Intel Core i7-13700K processor (3.40 GHz), 32 GB of RAM,
and an NVIDIA GeForce RTX 3060 GPU.

5. Conclusions
The presented paper compares the performance of two advanced

control strategies, MPC and SAC, in optimizing cash flow, and con-
temporarily reducing fossil fuel usage, in SP operations. The study
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highlights the strengths and limitations of each approach under varying
levels of prediction accuracy.

Answer to RQ1: The MPC; ; algorithm performs optimally with
longer prediction horizons, making effective use of detailed and ac-
curate information. It closely approaches the benchmark “Oracle”
method, which assumes perfect knowledge of future inputs, achieving
95.9% and 91.2% of the maximum possible cash flow in the use cases
of Genova and Trapani, respectively. The MPC, performs better with
shorter prediction horizons, it occasionally uses DGs, and it shows
the poorest performances among the investigated algorithms. The SAC
algorithm demonstrates superior robustness and flexibility, performing
well even with less accurate and shorter-term predictions, achieving
94.4% and 89.3% of the maximum possible cash flow in the use
cases of Genova and Trapani, respectively. This approach shows a
consistent performance and a significant reduction in diesel usage,
especially when enhanced with Al predictions. Moreover, SAC shows
better performances than other state-of-the-art RL models like DDPG,
TD3, and PPO.

Answer to RQ2: Both MPC and SAC approaches contribute to a
reduction in fossil fuel usage and greenhouse gas emissions up to 100%
in both use cases. The choice of the best technique should be based
on the operational context and the availability of accurate prediction
information. The MPCy,; proves to be better in scenarios with highly
realistic and long-term predictions, whereas the SAC algorithm offers
better performance in environments with uncertain and less reliable
predictions.

In summary, both MPC and SAC approaches are promising tech-
niques for enhancing the efficiency and sustainability of shore power
operations, with SAC providing a more adaptable and error-tolerant
solution in scenarios with less certain predictions. Regarding compu-
tational complexity, the computational cost of SAC is primarily driven
by the number of hidden units in the critic network. Consequently, re-
ducing the size of the actor network can lower overall complexity while
maintaining a good balance between performance and efficiency, albeit
with potentially suboptimal results. Similarly, although re-optimizing
the hyperparameters of the neural network might lead to improved
results, the case study of the port of Trapani demonstrated that satisfac-
tory performance can be achieved also without resorting to extensive
model retraining. Moreover, dealing with larger ports could mean
dealing with multiple batteries, electrolyzers and/or hydrogen tanks,
thus the only variables that can increase in their number are those
related to additional energy storage systems. However, given the very
restrained inference time of the developed control algorithms, larger
case studies would not be problematic to handle.

Finally, possible future developments could extend the framework
to integrate EU ETS trends in the analysis and explore other adaptive
control algorithms, such as Multi-Agent RL, or hybrid RL-MPC algo-
rithms that can hopefully integrate the ability of the MPC of producing
optimal results and the robustness and flexibility of the RL.
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