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Abstract

Propelled by the “dual-carbon” strategy, green and intelligent ports are rapidly advancing
toward low-carbon and intelligent development. However, the large-scale incorporation
of renewable energy and the extensive electrification of transport equipment have sub-
stantially heightened system volatility and scheduling complexity. To address the chal-
lenges associated with multi-energy coupling and economic operation in medium and
large ports, a hierarchical collaborative optimization scheduling strategy is proposed. The
upper layer employs an improved Bio-enhanced Dung Beetle Optimization (BDBO) algo-
rithm for parameter optimization and carbon-cost minimization. Meanwhile, the lower
layer establishes a rolling time-series control mechanism grounded in Adaptive Dynamic
Hierarchical Decoupling Planning (ADHDP), thereby constituting an integrated BDBO-
ADHDP dual-agent system. Simulation results across four seasonal scenarios demon-
strate that the proposed methodology outperforms DQN, PSO, GA, ACO, and DBO algo-
rithms in reducing grid power purchases, enhancing renewable energy utilization, miti-
gating curtailment, and lowering operational costs. Moreover, it achieves faster conver-
gence, superior robustness, and effective carbon-emission control. This study substanti-
ates the efficacy of the proposed strategy within green port integrated energy systems and
highlights its potential for broader application in other multi-energy coupled systems.

Keywords: green port; integrated energy system; adaptive dynamic programming;
intelligent scheduling; energy storage optimization; renewable energy utilization; bi-level
optimization; dung beetle optimization algorithm; multi-objective optimization

1. Introduction

In the context of the ongoing global energy restructuring and the relentless progres-
sion of the “dual-carbon” strategy, ports—acting as vital hubs for national energy con-
sumption and integrated transportation—are undergoing a profound metamorphosis.
This transformation is steering them away from high energy consumption and emission-
intensive paradigms towards a high-efficiency system that is green, low-carbon, and in-
telligent [1,2]. Against this backdrop, green and smart ports are gradually advancing into
a new stage of low-carbon, digital, and intelligent development. According to the 2024
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report issued by the International Association of Ports and Harbors (IAPH), the annual
carbon emissions from global ports are approximately 860 million tons, constituting 12%
of the total emissions emanating from the transportation sector. Notably, the energy con-
sumption of China’s coastal ports accounts for roughly 68% of the aggregate energy con-
sumption across all domestic ports, with their carbon emission intensity surpassing that
of internationally advanced ports by approximately 15-20% [1,3]. Therefore, the construc-
tion of green and smart ports necessitates the urgent attainment of multi-energy coordi-
nation and optimal scheduling among energy sources, loads, and storage systems. On one
hand, major hub ports such as Tianjin Port and Shanghai Port have installed more than
100 MW of wind and photovoltaic capacity, elevating the proportion of renewable energy
to 35% [4]. On the other hand, the proliferation of electrified devices in port areas has
accelerated; for instance, Shenzhen Mawan Port now operates in excess of 300 electric
trucks, and its shore power coverage rate has reached 90%. Nevertheless, the charging
load exhibits a dual-peak pattern, peaking during 8:00-10:00 in the morning and 18:00-
20:00 in the evening, with a peak-to-valley ratio as high as 4.2 [5]. The superposition of a
high proportion of renewable energy and the dual-peak characteristics of rigid loads has
imposed three formidable challenges on port integrated energy systems, including signif-
icant power curtailment, elevated power supply costs, and compromised operational sta-
bility [6-11]. These challenges underscore the imperative to transcend the constraints of
conventional scheduling strategies and pioneer an intelligent and optimization-oriented
energy management system [12].

With the swift advancement of the novel power system, ports have evolved beyond
serving merely as hubs for large-scale maritime operations and shore power provisioning.
Instead, they are emerging as pivotal nodes for the seamless integration of renewable en-
ergy sources, the incorporation of energy storage access, and electrified transportation
[13]. Against the backdrop of multi-energy and multi-load coupling, the pursuit of coor-
dinated optimization that harmonizes economic efficiency, environmental sustainability,
and system stability while ensuring a secure and reliable energy supply has emerged as a
paramount scientific issue in the realm of green and intelligent port construction.

At present, research on energy allocation and scheduling in port integrated energy
systems has primarily focused on economic efficiency, energy conservation, and emission
reduction. Reference [14], an optimization strategy was proposed, based on integrated
demand response, aiming to minimize the operational cost of a port integrated energy
system. However, this approach did not incorporate the dynamic charging demand of
electric transportation equipment (such as cross-port electric trucks and in-yard auto-
mated guided vehicles, AGVs) into the demand response framework, thereby constrain-
ing its adaptability to the seasonal fluctuations in renewable energy output. Reference [15]
established a port integrated energy system coupling energy and logistics subsystems,
realizing the coordinated operation between the power grid and natural gas network
based on day-ahead port data, and consequently reducing system costs. Nevertheless, it
lacked a coordinated scheduling mechanism for shore power loads and electric logistics
devices, and its consideration of multi-energy coupling robustness under extreme
weather conditions was insufficient. Reference [16], models for wind turbine, energy stor-
age, and port power supply system were developed to propose a two-level optimization
framework tailored for port renewable energy systems. While this model effectively cur-
tailed the system investment costs by addressing power balance and capacity constraints,
it neglected the proactive involvement of electric vehicles and the vehicle-to-grid (V2G)
regulation potential of shore power loads. Moreover, it failed to account for extreme win-
ter conditions, exemplified by a 70% reduction in photovoltaic output during prolonged
overcast weather. Reference [17] focused on the contribution of shore power technology
in improving energy efficiency and overall port economic performance, yet it treated

https://doi.org/10.3390/electronics15040862


https://doi.org/10.3390/electronics15040862

Electronics 2026, 15, 862

3 of 33

shore power loads as passive receivers. Consequently, it did not delve into their potential
for flexible regulation through the integration of “spatiotemporal shifting + V2G,” nor did
it explore the feasibility of coordinated port load scheduling. Reference [17] introduced a
real-time distributed demand response system based on a multi-agent, dual-layer archi-
tecture, effectively surmounting the limitations of traditional control systems in managing
a numerous flexible terminal loads. This system facilitated real-time emission control for
ships, reduced operational costs for local wind farms, and estimated shore power utiliza-
tion rates through a fuzzy-logic-based model. However, it failed to incorporate the dy-
namic charging requirements of cross-port electric trucks and lacked robustness under
extreme weather conditions, such as typhoons and extended rainfall. Similarly, reference
[18], also predicated on a multi-agent system framework, advocated for the utilization of
smart energy networks and full electrification to curtail greenhouse gas emissions and
enhance the operational efficiency of power systems, thereby fulfilling the power supply
demands of shore-powered vessels and various onshore electric and flexible loads. How-
ever, it did not devise a coordinated optimization strategy covering composite scenarios
such as “dense ship arrivals—grid faults-renewable generation drops,” and it underuti-
lized the spatial energy complementarity among ports within a cluster.

Although significant strides have been made in existing studies concerning the opti-
mization of port integrated energy systems, research focusing on the optimization of port
clusters while accounting for multi-energy coupling remains relatively nascent. The ma-
jority of current works are rooted in the framework of integrated energy systems at the
industrial park-level within terrestrial grids, which falls short of fully accommodating the
distinctive coupling characteristics and cross-regional coordination imperatives inherent
to port clusters. For instance, Reference [19] proposed a multi-energy coordinated sched-
uling model based on scenario analysis, which succeeded in reducing operational costs
and enhancing photovoltaic accommodation rates. However, it did not sufficiently con-
sider the active participation mechanisms of electric transportation fleets and shore power
loads. Furthermore, its scenario analysis was deficient in encompassing compound ex-
treme conditions, such as the simultaneous occurrence of “dense ship arrivals combined
with sudden renewable generation drop.” Reference [20] designed an energy manage-
ment strategy tailored for a multi-energy microgrid integrating renewable energy sources,
hydrogen, and energy storage. This strategy effectively bolstered system responsiveness
and dispatch stability. Nevertheless, it approached shore power as a mere passive load,
thereby overlooking its latent V2G regulatory potential. Moreover, it was devoid of a
cross-port hydrogen pipeline coordination mechanism. Reference [21] formulated an in-
tegrated energy scheduling framework specifically tailored for port clusters, incorporat-
ing wind, solar, hydrogen, and energy storage resources. This framework underscored
the pivotal role of multi-energy integrationin enhancing system efficiency and sustaina-
bility. However, it failed to incorporate the dynamic charging demand of inter-port elec-
tric truck transportation and insufficiently utilized spatial energy complementarity
among ports, thereby limiting its overall optimization potential. Reference [22] applied
Adaptive Dynamic Heuristic Dynamic Programming to microgrid energy storage and
load management, demonstrating remarkable online learning and generalization capabil-
ities. However, the algorithm exhibited a sluggish convergence speed during the initial
training phase, and its cross-seasonal generalization performance under complex port en-
ergy scenarios remained unverified, casting doubts on its robustness and adaptability.
Reference [14] introduced an improved Dung Beetle Optimization algorithm for parame-
ter optimization in integrated energy systems, which significantly bolstered global search
ability and convergence stability. Nonetheless, it overlooked the dynamic characteristics
inherent to shore power and electric transport loads, and its parameter optimization ro-
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bustness under extreme weather —characterized by a precipitous drop in renewable gen-
eration—requires further refinement to ensure reliable performance [23-26]. Recent re-
search, notably the extensive work by Iris and Lam [27], has established a robust frame-
work for integrating seaport operations planning with energy management under uncer-
tainty. Their study effectively utilizes Mixed-Integer Linear Programming (MILP) to opti-
mize logistic decisions, such as berth allocation and quay crane assignments, alongside
energy constraints. However, our study distinguishes itself by shifting the focus from day-
ahead logistics planning to real-time dynamic energy trading and control. Specifically,
while [27] addresses the structural scheduling problem based on stochastic programming,
the proposed BDBO-ADHDP framework targets the sub-hourly power fluctuation chal-
lenges. We employ an adaptive Master-Slave game mechanism to coordinate the imme-
diate interaction between the port operator and docked vessels, rather than focusing on
logistical equipment scheduling. Furthermore, to enhance system robustness against ex-
treme volatility, our model integrates Conditional Value-at-Risk (CVaR) to explicitly
quantify and mitigate tail risks, offering a complementary control strategy to the plan-
ning-oriented approach in [27]. In summary, while these studies offer invaluable perspec-
tives for the optimization of port integrated energy systems, a number of limitations still
exist: 1. Insufficient consideration regarding the active participation of electric transporta-
tion and shore power loads; 2. Inadequate scheduling strategies addressing seasonal re-
newable fluctuations and multi-scenario uncertainties; 3. Limited cross-seasonal general-
ization and convergence performance of reinforcement learning and heuristic algorithms
in complex port environments.

To address the aforementioned challenges, this paper proposes a bi-level collabora-
tive optimization scheduling method for green and intelligent ports. This method inte-
grates Adaptive Dynamic Heuristic Dynamic Programming with an improved Bio-en-
hanced Dung Beetle Optimizer to construct an intelligent scheduling framework charac-
terized by hierarchical coordination and multi-objective optimization. In this framework,
the upper layer employs the BDBO algorithm to perform global optimization of ADHDP
strategy parameters. This optimization process significantly improves the convergence
speed, search stability, and cross-seasonal generalization capability. The lower layer,
based on ADHDP, executes rolling time-domain control to achieve dynamic optimization
and scheduling of wind power, photovoltaic generation, energy storage systems, and elec-
tric transportation loads. Real load and renewable generation datasets are constructed for
typical days across spring, summer, autumn, and winter [27]. Subsequently, comparative
experiments are conducted against more than ten mainstream algorithms. The experi-
mental results demonstrate that the proposed method outperforms existing approaches
in terms of power purchase reduction, renewable energy utilization, curtailment suppres-
sion, operating cost minimization, energy storage balance, and convergence performance.
These findings offer both theoretical underpinnings and practical engineering guidance
for the realization of intelligent and low-carbon scheduling in green smart port integrated
energy systems.

2. Framework and Features of Port Energy Systems

In the green port micro-energy system, electrical energy is sourced from renewable
energy generation and procurement from the upper-level power grid. This electrical en-
ergy is then distributed throughout the port’s micro-energy system to cater to the daily
electricity requirements [28]. These requirements encompass both conventional port loads
and ship loads that are connected via the shore power system. In addition, a fraction of
the excess energy generated by the power system can be stored in the energy storage bat-
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teries. These batteries function as a peak-shaving and load-balancing mechanism, effec-
tively smoothing out fluctuations in supply and demand. The overall architecture of the
port micro-energy system is illustrated in Figure 1.
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Figure 1. Framework of port microgrid system.

The green port integrated energy system attains an efficient orchestration of energy
generation, storage, distribution, and utilization through the synergistic coupling among
renewable energy generation sources, energy storage devices, the main power grid, and
diverse categories of port loads. The system’s architecture can be partitioned into four
principal components: the energy generation module, the energy conversion and storage
module, the port load module, and the central control and information interaction mod-
ule.

This architecture features multi-energy complementarity, source-load interaction,
flexible scheduling, and low-carbon efficiency. On one hand, the deep integration of re-
newable energy and storage systems significantly enhances both the utilization rate of
renewable energy and the self-sufficiency level of the port’s energy supply. On the other
hand, the coordinated scheduling of shore power systems and electrified transportation
effectively diminishes the port’s dependence on grid power purchases and carbon emis-
sions. Meanwhile, the introduction of a centralized control system ensures safe, stable,
and economical operation of the multi-energy system under intricate and dynamic oper-
ating conditions.

3. Multi-Energy Collaborative Optimization Modeling of Green Port
Integrated Energy Systems

The green port integrated energy system is dedicated to attaining an efficient coordi-
nation among wind power generation, photovoltaic power generation, energy storage
systems, electrified logistics, and shore power loads. The overarching goal is to satisfy
multi-objective requirements including economic efficiency, low-carbon operation, and
system stability. In this section, a comprehensive mathematical modeling of each system
component is presented. By integrating these models with the unique operational charac-
teristics of ports, the optimization objectives and constraints are formulated. This meticu-
lous process lays a solid foundation for the subsequent optimization of scheduling strat-
egy optimization.

3.1. System Power Balance Model

At any given scheduling time instant t, the green port integrated energy system is
required to satisfy the overall power balance constraint:
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P ()+p, ()+pl(1)+pl(t)=p. (O)+P_()+ P (1) M

P (t

where T (f) and () denote the wind power output and PV power output, respec-
ch buy

tively. Fs © and = & ) are energy storage charging power and discharging power,

dis sell
respectively. P () and Fera (t) are power purchase and grid feed-in power, respec-

tively. P (1) is the total port load power.

In this formulation, Floud (t) is defined as an aggregated net load demand. This
comprehensive term integrates the baseline port operations, the highly dynamic power
requirements of electric vehicle trucks (EVTs), and the inherent transmission losses within
the port’s microgrid infrastructure. By treating these components as a unified demand
profile, the ADHDP controller can more effectively focus on the macro-level energy bal-
ance while maintaining the computational efficiency required for real-time scheduling in
large-scale port environments.

3.2. Renewable Energy Output Model

In the coastal vicinities of green port clusters, wind and solar resources are inherently
plentiful, with wind power generation exhibiting a certain degree of complementarity
with photovoltaic generation. Therefore, renewable energy generation systems, typified
by wind turbines and PV panels, can function as key power sources within port micro-
energy systems. According to [29], the renewable energy generation model adopted in
this study is as follows:

1
PWT,t = EPCPV?SWT
G
Py, =P [1+K(T, —Tn)]G—f ?
O S PWT,t S WT ,ret
0 S PPV,t S PPV,re,t

. . P,
In the formula, for the wind power generation system, ~ "I+ represents the actual

B
output power of the wind turbine at time ¢, “#7-¢! denotes the predicted power of the

wind turbine at time £, # is the air density prevailing under the current atmospheric
, C . . TR
environment, ~© stands for the wind energy conversion coefficient, "¢ indicates the

wind speed at time !, and Swr refers to the swept area of the wind power generation

PPV,t

equipment. For the photovoltaic power generation system, signifies the actual PV

PPV,re,t

output power at time Z, represents the predicted PV power at time Z, T, is the

temperature under standard conditions, G, denotes the irradiance under standard con-

ditions, PN s the rated power of the PV panel during operation, K stands for the

. . T .
temperature conversion coefficient of the PV panel, and "’ G, are, respectively, the ac-

tual operating temperature and irradiance of the PV panel at time l
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3.3. Energy Storage System Model

The power delivered by the port to ships through the shore power system is subject
to limitations imposed by the inherent characteristics of the ships themselves. Regarding
the energy storage battery within the system, its charge—discharge constraints are deline-
ated as follows:

E
ESS t
Ssoc min — Ssoc: < SSOC,max 3)
ESS
EESSt E ESS t—1 T Bnternalt (4)
ESS t

’ ESS t = =20
mternal t ndch (5)

Prss Moy Prss 0

-P, <P

en S Ligs o < L (6)

The energy balance and operational constraints of the Energy Storage System (ESS)

are governed by Equations (3)-(6). Specifically, Ess. represents the energy stored at
time t, while Elss denotes the rated energy capacity. To accurately account for energy
conversion losses, we deﬁne B as the equivalent internal power change. When the
system is discharging ( Frss. 2 ) the internal energy decrease is amphﬁed by the dis-
charging efficiency e Conversely, during charging ( Prss. < ), the actual energy
stored is adjusted by the charging efficiency Ion . The net power exchange at the ESS ter-
minals, Pss. , is strictly bounded by the maximum charging/discharging limits, —F

and Fieh , as shown in Equation (6).

Regarding the energy storage system (ESS) within the port, its operation is con-
strained by both the state-of-charge (SOC) limits and the charge-discharge power bounds.
Specifically, Equation (3) enforces the allowable SOC range to guarantee the safe and reli-
able operation of the battery. Equation (4) describes the temporal evolution of the stored
energy, where the charging and discharging efficiencies are explicitly considered.

In this study, the sign convention of the ESS power is defined such that a positive

P
value of ~ £S5

indicates charging operation, while a negative value corresponds to dis-
charging. Based on this convention, Equation (5) distinguishes the charging and discharg-
ing power components of the ESS. Furthermore, Equation (6) restricts the ESS power

within its rated charging and discharging limits to prevent overloading.

3.4. Port-Specific Load Model
3.4.1. Shore Power System Load

The shore power system is responsible for providing electrical energy to ships at
berth. Its load is contingent upon multiple factors, specifically the quantity of berths, ship
types, and their operational power requirements.

N

S

})shore (t) = })ship,i (t) (7)

i=1
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In the formula, N, represents the current number of berthed ships, and Boip (t)
denotes the shore power demand of the i-th ship.

3.4.2. Port Cranes and Cargo Yards

Ports rely on quay cranes to conduct loading and unloading operations, which con-
stitute the principal mode of ship-berthing services. The power consumption associated
with these operations can be mathematically represented as shown in Equation (8) [30].

mC
F,=x 7 ®)

c

In the formula, X represents the cargo loading/unloading rate, Me denotes the

mass of cargo on the ship, and L. indicates the service time of the ship at the port.

The integration of EVTs introduces a unique spatio-temporal coupling between the
port’s logistical operations and its energy management system. Unlike stationary loads,
EVT power demand is dictated by vessel arrival patterns and cargo handling throughput.
Our model captures this dependency by treating the EVT fleet as a flexible resource that
can be shifted within permissible delay windows to mitigate peak demand stress on the
microgrid.

3.4.3. Electric Trucks

In the port power grid, the systematic and orderly management of electric trucks is
an indispensable prerequisite for enabling electric vehicles to actively participate in the
port power grid’s tracking and scheduling scheme. To begin with, it is imperative to ac-
cord top-priority to the charging requirements of electric vehicles. Therefore, considering
the characteristics such as the State of Charge of EV batteries upon their entry into the
port, the required SOC upon departure, the charging and discharging power and effi-
ciency of these batteries, as well as their capacity, a dynamic charging and discharging
priority queue for electric vehicles is established. This queue is based on the maximum
charging delay index, which facilitates the orderly management of EV charging and dis-
charging. Subsequently, on the foundation of this priority queue and in accordance with
upper-level scheduling instructions, the charging and discharging task indicators for both
electric vehicle batteries and grid energy storage batteries are arranged within the Energy
Storage System. These indicators are then promptly fed back to the upper-level power
grid. Upon receiving the ESS feedback, the port power grid calculates through the predic-
tion model and obtains the updated scheduling plan within the prediction time domain.

Maximum Charging Delay Index of Electric Vehicles

For each individual EV connected to the port power grid, the requisite charging time
is defined as EV, :

Sout,i - Sz’,t

I=—"—L )
77ch,iPch,i

S i
In the equation: ~°** denotes the SOC when the EV is disconnected from the grid;

S, : P,
! represents the SOC of the EV at time t; Men. is the rated charging efficiency; ~
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is the rated charging power; and E, is the battery capacity. Based on the calculated re-
t .
quired charging time, the individual’s grid connection time "', and the owner’s desired

off-grid time Fouti , the maximum allowable charging delay for each individual at time t
can be obtained as:

T

d max,i

=t

out,i

—t—Ti,te[t. t } (10)

in,i2 " out,i

Maximum Charging Flexibility: Let T represent the magnitude of available
charging time for individual EV, prior to attaining the user-specified required battery

SOC. A larger value of T indicates that EV, possesses a comparatively broader
charging window relative to other electric vehicles. Under such circumstances, the repre-
sented charging period is in a flexible state, allowing the execution of discharge tasks.
Consequently, these vehicles should be accorded priority for discharging operations. Con-

T, i .
versely, a smaller ~“™* indicates that £V, has less available charging time compared
to its counterparts, thereby relegating it to a lower position in the priority ranking for

. . 10 . . . EV, oo . :
discharging tasks. When * 7, it signifies that I requires immediate charging
T, ..
and is unable to perform any discharge tasks. Moreover, a smaller ~ ™/ indicates a

more urgent EV, charging demand, thereby bestowing a higher charging priority upon
the vehicle.

Construction of the EV Charging-Discharging Priority Queue

When an electric vehicle is connected to the campus power grid at time (t), a charg-
ing-discharging priority queue for that specific time can be established based on the afore-
mentioned maximum charging flexibility metric. The specific steps are as follows:

(1) Establishment of the Charging-Discharging Priority Queue. At time (t), calculate

T, ..
the ~9m™/ values for all electric vehicles that are connected to the campus grid. Based on

ch,t

T, ..
the sign of ~ ™ and the magnitude of , generate an ascending priority queue for

the charging process and a descending priority queue for the discharging process, which

are denoted as /5.
(2) Modification of the Charging-Discharging Priority Queue. To avoid frequent

scheduling of certain electric vehicles, the state-of-charge uniformity metric is employed

T, ..
to reorder the vehicles with the same ~“™*/ value. This re-arrangement guarantees a
more equitable and balanced scheduling strategy.

S -5
_ i, min,?
Hysr =5 Hunra €[01] (1)
max,t - min, i
Smaxi - Slt
chit — S ’ , ’Hch,i,t € [071] (12)
max,t - min,i

H,. -
In the equation, =~ " and = 9 denote the SOC uniformity values that require
correction for the charging and discharging priority queues, respectively. Meanwhile,

S

S . - :
mast and ™ represent the maximum and minimum SOC values of EV, . A larger
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SOC uniformity value £V, , the higher the priority for corresponding action. When the

L.
SOC uniformity values are equal, ““* becomes the determining factor, and the smaller

EV

© will have a higher action priority. By following these sequential steps, the actual EV

charging and discharging priority queue ~ "x<nf =~ mixdist can be determined.

3.5. Objective Function

The integrated energy optimization scheduling model formulated in this study en-
deavors to attain a holistic equilibrium among economic efficiency, low carbon emissions,
system stability, and high service levels across multiple seasons and scenarios. To achieve
this, an expectation-risk integrated multi-objective optimization framework is intro-
duced. The objective function is presented as follows:

J=>p, [a)l CY+w, S +0,Ce) + 0, RS +0,Cl) + 13“)] +ACVaR (CS). (13)

eg ramp curt 6~ sve

where represents the overall optimization objective value, with smaller values denot-

S = {Spring, Summer, Autumn, Winter}

ing superior overall performance. repre-

sents the set of seasons under consideration. © is the scenario probability, reflecting the

o . . w, ~ . .
statistical weight assigned to each season; ! 6 serves as the target weight coeffi-
cient, which is normalized to eliminate dimensional discrepancies and is dynamically ad-

A
justed in accordance with higher-level strategies. X' is the normalized index, designed
to eliminate unit differences between different objectives, and it ranges within the interval

[0, 1]. Additionally, ACVaR, is the conditional value-at-risk (CVaR) penalty term,

which is employed to mitigate high-cost tail risks.
c®
@ Operating Cost P

s buy pbu; 11 11 d h Vv
C(Ep) = Z I:ct y[)gridy (t) - Ctse Pgsl'?d (t)]At + Z Ckeg - 2 (pts Oref:hore (l) + pts chard (t))At (14)
k t
cbuy Csell
where * and ' denote the electricity purchase and sale prices during the time pe-
buy sell

riods (in $/kWh). ~ &4 and & represent the electricity purchase and sale power from

the main grid (in kW). The shore power/terminal service revenue unit price (in $/kWh)
shore sve
reflects the net economic cost associated with port operation. P and ”* consider

the electricity price differential, battery degradation, as well as the revenue from shore
power and terminal services.

E(S)

@ Carbon Emissions

Egy, =2 7 Pad (DA (15)
t

where 77 is the carbon emission factor for electricity purchase during the time period in
kgCO:/kWh This factor measures the total carbon emissions from the port’s electricity
purchase behavior, thereby promoting low-carbon operations.

(s)
@ Battery Degradation Cost ~ d¢2
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Cd(:;; = Z(K‘thPI;h (At + K:iSZﬂdis (Z‘)Atj (16)

k t t
K, ch dis . .
where "k and "% are the unit degradation costs for the (k)-th energy storage system
during charging/discharging (in $/kWh). This constraint is designed to control the depth
of battery cycles, which in turn extends the battery lifespan and effectively managing long-
term capital expenditures.

(s)
@ Power Smoothing Index ~ ™mP

() _ :
Rragmp - z [])net (t) - ])net (t - 1)] (17)
22
P.(0)=p(0-p,.()
index is to suppress large power fluctuations and reduce the impact on the grid.

(s)
® Curtailment Penalty —curt

where represents the net load of the port. The objective of this

C(fli:t = ﬂ.curt Z Pcurt (t)At (18)
t

where et is the unit curtailment penalty coefficient (in $/kWh), and
R (1)=P,()+P, (1)- P, (1)

encourages the maximization of renewable energy utilization and reduces energy waste.

p(S)
® Service Level Penalty ~sve

f;ssc) = Z é’k [Soc;ceq - SOCk (dk )}Jr + éz [Lshore (t) - f:hore (t)]+ (19)
k t

is the curtailed wind and solar power. This penalty term

where Sk and S are the penalty coefficients for insufficient electric vehicles and shore

ficient portion. This ensures the reliability of port transportation and operations, reducing

power, respectively. “ °* is a positive function that only imposes penalties for the insuf-

the risk of service delays.

(@ Conditional Value-at-Risk CVaR,

CVaR, (C))=min, {77 +ﬁE [(ng - 77)}} (20)
where & is the confidence level. This metric measures high-cost risks under extreme ad-
verse conditions, ensuring the robustness of the scheduling strategy. The inclusion of Con-
ditional Value at Risk (CVaR) addresses the stochastic volatility of renewable generation,
such as sudden drops in wind or solar output. While traditional optimization focuses on
minimizing the expected cost, the CVaR component provides a safety margin against ‘tail
risks’—extreme events that could lead to port blackouts or exorbitant grid-purchasing
costs, thereby enhancing the operational resilience of the green port.

In the proposed green port cluster, the energy layer is constituted by discrete port
micro-energy systems. Each of these micro-energy system integrates renewable energy
generation units, such as wind turbines and PV panels, and is interconnected with the
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upstream power grid. The architectural layout of the regional power grid within the green
port area is illustrated in Figure 2. The green port regional grid is considered as a radial
network. In this network, each port serves as both an energy and transportation hub, in-
terfacing with the regional grid. Under the premise of energy coupling, the inherent
source-load imbalance characteristic of each port is strategically leveraged. Energy rout-
ing devices are utilized to facilitate the redistribution of power among the ports. This en-
ables peak shaving and valley filling across the port cluster while reducing dependency
on the regional grid.
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O.l."'er".‘e ° Equipment
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A Task for
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Solar Operation

Industrial
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Load :

Energy

Figure 2. Regional grid architecture in green port.

4. ADHDP-DBO Two-Layer Optimal Economic Dispatch Algorithm for
Green Ports

In the realm of multi-objective optimization for green port integrated energy systems,
which encompasses “multi-source coordination-energy storage management—carbon
emission control”, formidable challenges arise from strong uncertainties, nonlinear cou-
plings, and dynamic scheduling requirements. By amalgamating a dual mechanism of
“dynamic decision-making + evolutionary optimization,” the algorithm achieves efficient
scheduling control within intricate and complex operational environments. The core
framework is predicated upon Adaptive Dynamic Hierarchical Decoupled Planning,
which is further augmented with the global optimization capability of the Bio-enhanced
Dung Beetle Optimizer. The overall architecture is composed of an ADHDP dual-network
structure and a BDBO evolutionary optimization module. Specifically, the ADHDP com-
ponent encompasses a Critic network and an Action network. The Critic network assumes
a pivotal role in steering the adjustment of action directions by approximating the value
function of the current policy In contrast, the Action network outputs real-time dispatch
instructions based on the system state vector. The BDBO module addresses the sluggish
convergence exhibited by ADHDP during the initial training phase. It achieves this by
emulating the distinctive behaviors of dung beetles, namely rolling, digging, and breed-
ing, with the aim of conducting a global optimization of the initial parameters of the Ac-
tion network. Consequently, this optimization process significantly enhances the effi-
ciency of obtaining near-global optimal solutions for non-convex objective functions. This
hybrid algorithm is specifically tailored to confront three core challenges in multi-objec-
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tive coordinated optimization of green port integrated energy systems: (1) stable and in-
terpretable dynamic decision-making under strong uncertainty, strict constraints, and
nonlinear coupling; (2) efficient acquisition of near-global optimal solutions with fast con-
vergence under non-convex, multi-peak objectives; and (3) robustness and transferability
across seasons, operational scenarios, and pricing mechanisms during long-term opera-
tion. To this end, the algorithm is structured with an overall “two-layer collaborative”
structure. The lower layer implements closed-loop policy learning, which is anchored in
a Markov Decision Process (MDP) using ADHDP. This upper layer employs the bio-in-
spired BDBO to globally optimize ADHDP parameters, initial weights, and key hyperpa-
rameters, incorporating periodic re-exploration and early stopping mechanisms during
training. This methodological approach accomplishes coordinated optimization by virtue
of the judicious integration of dynamic decision-making processes and evolutionary
search strategies.

4.1. Dual-Network Architecture of the ADHDP Algorithm

In this section, a comprehensive exposition of the Action-Dependent Heuristic Dy-
namic Programming algorithm is presented. The proposed architecture design adopts a
dual-network strategy, which encompasses a Critic network and an Actor network to
solve the infinite-horizon optimal control problem for discrete-time nonlinear systems
[31-34]. The ADHDP framework is specifically selected for this problem due to its supe-
rior capability in handling high-dimensional continuous action spaces. By employing an
‘action-dependent’ mechanism, the Critic network provides a more granular evaluation
of the state-action pairs, which allows the Actor network to fine-tune the energy dispatch
commands in response to real-time fluctuations in renewable energy supply and load de-
mand.

4.1.1. Problem Formulation and Bellman Optimality

Consider a general discrete-time nonlinear dynamic system, which is characterized
by the state-space equation:

x(k+1) = f(x(k),u(k)),k=0,12,... (21)
TGN = 37U G, u() )

Here, U(x(k),u(k)) represents the immediate utility function (or local cost). The dis-
count factor y € (0,1] is introduced to guarantee the convergence of the cost function.
In accordance with Bellman’s principle of optimality, the optimal value function
S must satisfy the discrete-time Hamilton-Jacobi-Bellman (HJB) equation:
S (x(k) = U (x(k),u(k)) + yJ (x(k +1)) (23)

Consequently, the optimal control law Ut is defined as the specific action that min-
imizes the right-hand side of Equation (23):

u” (k) = arg min[U (x(k),u(k)) + yJ" (x(k + 1))] (24)

Given that obtaining the analytical solution of the H]JB equation is computationally
prohibitive for complex nonlinear systems, we resort to employing two neural networks —
the Critic and the Actor—to approximate the optimal value function and the optimal con-
trol policy, respectively.
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4.1.2. Critic Network Design and Weight Updates

The Critic network primarily assumes the responsibility of approximating the value

J(

function %) . Asillustrated in Figure 3, the Critic is implemented as a multi-layer per-

ceptron. Let J (k) denote the value function estimated by the Critic, which is parame-

terized by the weight vector W, .
The prediction error, also recognized as the temporal-difference error, at time step k
is defined as:

e (k)=yJ(x,)+U(x,u)—-J(x,) (25)

The objective function for the Critic network is formulated to minimize the squared
prediction error:

1
E.(k) =€ (k) (26)

The output signal of critic NN is developed as follows:

J(x(t)):fv%E,i)(t)vk(r) 27)

vi()=¢(. (), k=12,...,H, (28)
L(0)=Y Wonx, (1), k=12,..,H, (29)
Jj=1

where a and "k are the input and output of the hidden layer and the overall output of
the network, respectively. Hen is the neuron number of the hidden layer. The system state
x(t) serves as the input signal of critic NN

By adopting the gradient descent algorithm, the weight update rule for the Critic

network is derived as follow.

e @ OF, (k)
wWok+)=w"(k)—a, —5——
kD) =W (k) -a, PYREIT) (30)
Using the chain rule, the gradient term is expanded as:
O, (k) _ E (k) de(b) &J(x) _ _, 4y V() -
OW.(k) e (k) aJ(x,) OW.(k) " oW.(k)

>
where % 0 is the learning rate of the Critic.
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 J(x(K))

Figure 3. Structure of the critic network.

4.1.3. Actor Network Design and Weight Updates

The Actor network functions as the controller, responsible for generating the control

action "k based on the current state ", as shown in Figure 4. Let the approximate con-

trol policy be denoted as = p(x; W) , where W, represents the weights of the Ac-
tor network.
The sampled state x(t) is developed as the input signal to the actor NN solely when

the event-triggered condition is satisfied.

u,(x(t) = > W (g, (1) 32

g =9(p. (), k=12,...H, (33)
p ()= W ®x,(t), k=12,..H, (34)
=1

where Pk and &k are the input and output of the hidden layer, respectively, with the
neuron number of Han. The system states x(t) serve as the only input signal when the
triggering event occurs.

The overarching objective of the Actor is to minimize the total cost. Therefore, the
objective function for the Actor is defined as the estimated value of the future state:

e,(t) = J(R(t+D)+r (1) -R, (35)
e, (1)

tive value Rc, which is set as 0.

The prediction error is designed to approximate the desired ultimate objec-

The weights . are updated to minimize E, (k) via gradient descent algorithm:

E (k)= %eﬁ (k) (36)

The gradient calculation for the Actor is more complex as it entails backpropagation
through both the Critic network and the system model. Expanding the gradient term via
the chain rule yields:
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n R OFE (1)
WA+ ) =w? () -0 —L
a ( ) a ( ) a 6W;2)(l)

OE, (1) _2J(3(t+1) k(e +1) Ou (1) | OE, () Or(1) Ou,(t)
QJ(R(@+1) OR(+1)  du,(t) O (1) O (e) du,(r) W (1)

(37)

300

Figure 4. Structure of the actor network.

In the ADHDP framework, the critic network is employed to approximate the value
function J(x(k)), while the actor network is tasked with generating the action u(k). The
fundamental structure is illustrated in Figure 5.

) . Actor * Controlled *e+ 1) Critic /%D Uk)
b \network object network L4 T
JE—
\ u(k +1) :
Y
Ve !
Signal flow _ — — — — _ . Back propagation

Figure 5. The ADHDP Network Architecture.

4.2. DBO-Based Exploration—Exploitation Collaborative Optimization

In DBO, individuals are classified into four distinct types: Roller (global exploration),
Brooder (local exploitation), Forager (local exploitation), and Thief (information exchange
and local refinement). In this study, enhancements are implemented upon the standard
DBO mechanism. For the sake of comprehensiveness, a concise description of the core
update rules is described below.

4.2.1. Roller Dung Beetle
Linear Navigation Update

(t+) _ ¢ () (t=1) ) 0 |y ® )
X,V =x," +akx," +bAX;", Ax, —|X,~ - |, ae{-11}.

XWOl‘St Here’

k<(0,0.2) denotes the deflection coefficient, and be(0,1) represents the disturb-
ance weight. When the beetle encounters a boundary, a “dancing” maneuver is executed
to reverse its direction, as described by the following equation:

X, =x" + tan(6’)|| x, " — X[“_I)Hd[(”, 0 e[0,r], d,.(t)H =1 (38)
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4.2.2. Brooder Dung Beetle

()
An adaptive hatching zone is constructed around the local optimum “* .

L." = max(x*(” 0 (1- R(’)),L), U." = min(x*(’) 0 (1+ R”)),U) (39)
and performs mutation-based local exploitation.

b,(t+1)=x (1) +B,()7 (b,()-L' (1)) +B,)0 (b,(1)-U"(1))  (40)

4.2.3. Forager Dung Beetle

(0)
The optimal foraging zone is constructed around the global optimum “% .

L," =max(x," 0 (1-R").L),U," =min(x," 0 (1+R"),U)  @41)

4.2.4. Thief Dung Beetle

t+) _ o (1) (1) (| o _ (t>| | o _ (r))
X, =x, +sgh U, XX X > Here, $>0 denotes the

(1)
scale factor, and € is a zero-mean random vector.

4.3. BDBO: Three-Strategy Improvement
4.3.1. Parabolic Adaptation

A gradual parabolic contraction strategy is employed to substitute the conventional
linear shrinkage approach, which is defined as:

¢ 2
R(t)=1-| = =0,1,...,T.
® (Tj t=0,1,..., (42)

R” =1,,R" =0

Properties: This parabolic adaptation satisfies and

&R — _2¢/T?

d , exhibiting a slow contraction rate during the initial stage and an acceler-
ated convergence rate in the later stage. Such a characteristic enables the maintenance of
a broader hatching/foraging window in the early phase of the optimization process, sup-
pressing premature convergence and enhancing population diversity.

4.3.2. Gaussian Distribution Parameter Replacement
The random weight vectors utilized in brooder/forager operations are replaced with

7€(0,1)

a “stage-wise Gaussian” control. Let the switching point be defined as
U(0,1)", 0<t<tT (Exploratory Expansion),

B ()~
‘ N(O,Gz(Z)I), tT <t <T (Refined Exploitation),

ke{l,2,3,4} (43)

Here, the variance decreases progressively with iterations, as described by the fol-
lowing equation:
t—tT
o(t)=0,, T (Opax =~ Cuin ) 1 ——— |, 0<0o,, <O <1 (44)
(I-o)T

By adopting this approach, a relatively large perturbation amplitude is preserved
during the early stages of the optimization, while a small-variance Gaussian generates
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“fine-grained” perturbations in the later stage, significantly improving the quality of local
solutions.

4.3.3. Lévy Escape Strategy
f&x

utive iterations(recommended K =10 ), Lévy flights are triggered for the roller subgroup

In scenarios where the global optimum ) has not improved for K consec-

to perform long-range global jumps.

X = X0 107" Levy, P60 = £,RY +,(1-RY). 2e(.2) (@

Here, Ae(L2] 40 decreases in a smooth and continuous manner, transitioning
from relatively large values to smaller ones. The Lévy step length is generated using Man-
tegna’s sampling method.

n(t) = #u ~N(0,6°1),v~ N(0.1) (46)
o _[ ra+asin(za/2) " )
(A + ) /2)a20702

This policy introduces multi-scale exploration and the implementation of “occasional
long jumps” in the event of stagnation. Such a design substantially bolsters the algorithm’s
capacity for global escape and multi-peak search. The BDBO algorithm achieves a system-
atic equilibrium between exploration and exploitation. It effectively curbs premature con-
vergence by complementarily coupling three mechanisms: parabolic adjustment, Gauss-
ian perturbation, and Lévy flight escape, all without increasing the dominant computa-
tional complexity. The primary motivation for introducing the Binary Dung Beetle Opti-
mizer (BDBO) is to resolve the trade-off between global exploration and local exploitation.
Traditional heuristic algorithms often suffer from premature convergence when optimiz-
ing complex neural network hyperparameters. The proposed BDBO utilizes a parabolic
adaptation mechanism to ensure a thorough search of the parameter space in the early
stages, followed by a refined local search to pinpoint the optimal configuration for the
ADHDP controller.

In the proposed two-layer framework,as shown in Figure 6 the enhanced Dung Bee-
tle Optimizer does not act as a direct substitute for the online learning mechanism of
ADHDP. Instead, it functions as an outer-layer global parameter optimizer, meticulously
adjusting the pivotal elements that affect learning dynamics and the ultimate policy qual-
ity. Specifically, BDBO employs a population-based evolutionary strategy to simultane-
ously explore the parameter space for the weight vectors of the Actor and Critic networks,
in addition to several hyperparameters. Each candidate parameter space using a popula-
tion-based evolutionary approach. Each candidate parameter set undergoes assessment
through short-term ADHDP simulations. The fitness metric combines system-level per-
formance and learning behavior indicators, ensuring that the search process is guided
both by operational effectiveness and the convergence properties of value function ap-
proximation. To avert premature convergence, BDBO employs an update strategy that
amalgamates elite-preserving stochastic perturbations with local refinement during the
global exploration phase. Moreover, it achieves a balanced interplay between exploration
and exploitation by dynamically adjusting step sizes and implementing weight decay
over iterations. As a result, when ADHDP optimized by BDBO, it yields several notable
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improvements. It substantially mitigates performance fluctuations caused by random in-
itial weights, expedites the convergence of the training process, improves the Critic net-
work’s value function fitting accuracy, and enhances the robustness of Actor-generated
policies under multi-objective constraints, thereby overall improving the economic effi-
ciency and reliability of scheduling decisions.
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Figure 6. Framework of Data-driven Energy Management Based on ADHDP Optimized by DBDO.

The ADHDP-BDBO algorithm, while retaining the conventional online adaptive
learning proficiency inherent in traditional ADHDP, harnesses the power of BDBO to per-
form global optimization of the neural network parameters, effectively avoiding the slow
convergence and local optima issues associated with gradient descent methods. This ap-
proach demonstrates outstanding performance in multi-objective energy system schedul-
ing and provides a novel paradigm for dynamic optimization in complex systems.

4.4. Interaction Logic and Workflow of BDBO-ADHDP

To enhance the convergence speed and global search capability of the energy man-
agement strategy, a hierarchical interaction logic between BDBO and ADHDP is estab-
lished, as illustrated in Algorithm 1 and Table 1.

Specifically, the BDBO layer functions as a global supervisor in the offline phase. It
treats the initial weights and biases of the ADHDP’s Actor-Critic networks as a multi-
dimensional search space. By simulating the foraging and dispersal behavior of blood-
hounds and beetles, BDBO identifies the most promising region of the policy space.
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Subsequently, the ADHDP layer serves as the online executor. It inherits the opti-
mized parameters from BDBO to perform real-time power dispatch. This dual-layer struc-
ture ensures that the ADHDP controller starts from a near-optimal initial point, effectively
avoiding the “flat gradient” problem and local optima that often plague traditional rein-
forcement learning in complex port microgrid environments.

Table 1. Functional division between BDBO and ADHDP layers.

Feature Upper Layer: BDBO Lower Layer: ADHDP
Role Global Optimizer (Planner) Local Controller (Executor)
Objective Optimizing initial policy parameters Real-time energy dispatch
Time Scale Offline/Long-term Online/Step-by-step (1 h)
Output Optimal network weights (@) Control actions ( Py, , etc.)
Focus Exploration of the search space Exploitation and dynamic stability

Algorithm 1: BDBO-ADHDP Collaborative Optimization
Initialization: Define port parameters, load profiles, and population size for BDBO.
Upper Layer (BDBO Search):
Generate beetle positions (representing ADHDP neural network weights).
For each individual in the population:
Lower Layer (ADHDP Execution):
Input current port state S, .

Compute energy action A4, using the Actor network.

Update ESS state based on Equation (4).
Evaluate the cost function (Reward).
End For
Calculate fitness and update BDBO search direction (Dispersed
Bloodhound logic).
Convergence Check: If global optimal parameters @ are found, proceed.
Output: Deploy optimized ADHDP for real-time green port energy management.

The interaction between BDBO and ADHDP follows a ‘Train-then-Execute’ strategy.

During the Training Phase: The BDBO algorithm operates on a global time scale. It
treats the entire scheduling horizon (e.g., 24 h) as a single fitness evaluation unit. The
BDBO population explores the policy weight space W. Once the BDBO convergence cri-
teria are met, the optimal weights W* are fixed and loaded into the ADHDP’s Actor and
Critic networks [35-38].

During the Operation Phase: The BDBO layer remains dormant to conserve compu-
tational resources. The ADHDP layer performs millisecond-level inference for real-time
power dispatch.

Re-optimization Frequency: The BDBO algorithm is not invoked at every time step.
Instead, it is triggered only under two conditions: (1) During the initial system commis-
sioning, and (2) When a significant ‘structural drift’ is detected in the environment (e.g.,
seasonal changes in PV profiles or permanent changes in port infrastructure). This decou-
pling ensures that the system maintains high global optimality without sacrificing real-
time responsiveness.

4.5. Computational Complexity and Real-Time Application

The computational overhead of the BDBO-ADHDP framework is evaluated in two
phases: offline training and online execution.
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Offline Phase: The BDBO layer involves a complexity of O( N-G-D ), where N is the
population size, G is the number of generations, and D is the dimension of the policy
network weights. While this phase is computationally intensive, it is performed offline.

Online Phase: Once optimized, the ADHDP controller only requires a forward pass
through the neural network to generate control actions. The complexity is reduced to
O(L?), where L is the number of neurons per layer. In our simulation, the average decision
time for a single time step is less than 10 ms, which far exceeds the requirements for real-
time energy management in port operations (typically 15 min or 1 h intervals).

5. Case Study Analysis

While the proposed framework is applicable to general green port scenarios globally,
given the prerequisite of readily accessible high-resolution meteorological and load data,
this study designates a representative port situated in the San Francisco Bay Area as the
simulation testbed. The selected port exhibits climatic and operational features that are
analogous to those of the major coastal ports in China, as delineated in the introductory
section. This similarity serves to substantiate the validity and applicability of the proposed
strategy within a relevant and comparable context.

To ensure the realism of the simulation, the configuration of the target green port is
specified as follows. The port facility comprises four standard container berths, each
equipped with high-voltage shore power connection points. The total capacity of the
port’s main power transformer is 50 MVA to accommodate high-power demands. The
integrated renewable energy system consists of a 15.0 MWp photovoltaic (PV) array in-
stalled on warehouse rooftops and a 20.0 MW wind power generation system located in
the near-shore area. For energy buffering, an ESS with a rated capacity of 10.0 MWh and
a maximum power output of 5.0 MW is deployed to stabilize the large-scale renewable
integration. The typical daily load of the port, including cranes and auxiliary facilities,
fluctuates between 5.0 MW and 15.0 MW, while the combined peak generation from solar
and wind energy reaches approximately 20-30 MW across different seasons, as illustrated
in Figure 7. In this study, a representative port located in the San Francisco Bay Area, CA,
USA, is meticulously chosen as the focal research entity. The Port of San Francisco is
equipped with a modern shore power system, an abundant endowment of wind and solar
resources, as well as a certain scale of energy storage facilities. The research aims to eval-
uate the economic performance and dispatch strategies of two types of port regional grids
by comparative analysis. Specifically, under the conditions of high renewable energy pen-
etration and optimized energy storage, the study assesses the performance of different
port types in terms of carbon emission reduction, cost savings, and energy self-sufficiency.

The four operational scenarios are meticulously selected to represent the most chal-
lenging conditions for the port’s energy management system, considering both seasonal
variations and meteorological impacts:

Scenario 1 (Typical Summer/Sunny): Characterized by peak PV generation and high cooling
loads for refrigerated containers. This tests the ESS’s ability to store surplus solar energy.

Scenario 2 (Winter/Overcast): Characterized by minimal PV output and steady basic load. This
tests the system’s reliance on the main grid and economic dispatch under low renewable penetra-
tion.

Scenario 3 (Dynamic Pricing/Peak-shaving): Focuses on periods with high grid price volatil-

ity. This scenario evaluates the BDBO-ADHDP framework’s ability to minimize costs by shifting
loads.
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Scenario 4 (Extreme Weather/Variable Demand): Simulates sudden weather changes affect-
ing PV stability and irregqular ship arrival patterns, testing the robustness of the ADHDP control-
ler.

The typical-day renewable generation and load power profiles of this green port clus-
ter are presented in Figure 7, comprising photovoltaic power, wind power, and total load
curves. The renewable generation data are derived from the Typical Meteorological Year
datasets provided by the U.S. National Renewable Energy Laboratory for the San Fran-
cisco Bay Area, and scaled according to the actual installed capacities of the port.

Renewable Generation vs Port Load (Spring - Increased Wind) Renewable Generation vs Port Load (Summer Typical Day)
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Figure 7. Renewable generation and load power of the green port on typical days in four sea-

sons.(a) spring; (b) summer; (c) autumn; and (d) winter.

Based on the comparison of photovoltaic generation, wind power output, and the
comprehensive port load curves on four typical seasonal days, it is evident that there are
significant differences between renewable energy output and load demand in both tem-
poral distribution and magnitude.

To comprehensively evaluate the adaptability of the BDBO-ADHDP algorithm, the
four scenarios illustrated in Figure 7 are applied under different stress-test conditions:

Scenario 1 (Spring) is used to validate the basic convergence of the ADHDP controller
under moderate energy fluctuations, serving as the baseline for system stability.

Scenario 2 (Summer) is employed to test the system’s peak-shaving capability. With
maximum PV output, this scenario evaluates whether the ESS can effectively store surplus
energy to avoid grid curtailment.
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Scenario 3 (Autumn) is designed to assess the tracking accuracy of the controller. The
high volatility of wind power in this scenario requires the BDBO-optimized parameters
to maintain precise power balance.

Scenario 4 (Winter) represents the “Worst-Case’ reliability test. With minimum solar
gain and intense wind surges, it evaluates the CVaR-based risk management strategy in
preventing power shortages during low-renewable periods.

By switching between these scenarios, we demonstrate that the proposed method
remains robust across the entire annual operational cycle of the port.

In spring, PV output exhibits a single-peak pattern, reaching its maximum around
noon. In contrast, wind power generation remains relatively stable, experiencing only mi-
nor fluctuations during the morning and evening. The load shows a double-peak pattern,
with peaks occurring in the morning and evening. This load pattern is partially misaligned
with the PV peak, resulting in surplus electricity around midday. Conversely, the morn-
ing and evening load peaks necessitate either the discharge of energy storage systems or
the procurement of electricity from the grid. In summer, the PV output reaches its highest
peak and maintains a long duration, while wind power fluctuates moderately. The load
significantly increases from afternoon to evening, driven by port air-conditioning and
cold-chain demand, with peak values much higher than those in spring and autumn. Dur-
ing midday, there is a clear surplus of renewable energy. However, during the evening
peak, a substantial deficit emerges. Without storage balancing, high peak purchases from
the grid would be required. In autumn, PV output is slightly lower than in spring, mainly
due to the shorter daylight duration. Wind power generation remains moderate but
shows an increased degree of fluctuations. The load distribution is similar to spring, but
the peak-to-valley difference narrows slightly. This seasonal solar limitation results in a
reduced utilization rate of renewable energy due to seasonal solar limitations. In winter,
PV output is minimal and short-lived. In contrast, wind power reaches relatively high
levels, making a significant contribution to the overall renewable energy supply. Load
peaks occur in both the morning and evening, particularly in the morning due to com-
bined heating and lighting demand. This creates the highest peak grid dependency. At
this time, energy storage dispatch strategies are especially critical for reducing reliance on
the grid during peak periods.

A thorough, cross-seasonal analysis indicates that the temporal mismatch between
renewable energy generation and load demand constitutes a pivotal bottleneck for low-
carbon port operations. This issue is particularly pronounced during the summer evening
peak and the winter morning peak. Properly optimized energy storage dispatch can effec-
tively perform peak shaving and valley filling, enhance renewable energy utilization, and
reduce grid purchases during high-price periods, thereby lowering operational costs and
carbon emissions. Building on this, the proposed hierarchical optimization framework, in
conjunction with the ADHDP-BDBO algorithm, offers a promising approach. This frame-
work is capable of adaptively adjusting dispatch strategies according to the seasonal char-
acteristics of generation and load, achieving coordinated economic and low-carbon opti-
mization across multiple scenarios throughout the year.

The electricity price is established in accordance with the typical time-of-use tariffs
from the California Independent System Operator, which is applicable to the port’s re-
gional grid on the U.S. West Coast. The detailed transaction prices for the port’s regional
grid are shown in Table 2:

Table 2. Electric price in port cluster.

Category Electricity Price [$/kWh] Time Interval
Off-Peak 0.090 22:00-8:00
Peak 0.343 8:00-11:00, 18:00-22:00
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Mid-Peak 0.152 11:00-18:00
Feed-in Tariff 0.053 0:00-24:00
Shore Power Price 0.102 0:00-24:00
Service Price 0.076 0:00-24:00

Figure 8 illustrates the spatiotemporal distribution of charging power for a fleet of 60
electric trucks, operating under a valley/peak/off-peak time-of-use electricity pricing
framework that prioritizes renewable-energy utilization. A close examination of the figure
reveals that the charging periods are characterized by distinct temporal concentration and
power stratification characteristics. During the valley-price period, electricity prices reach
their nadir, while renewable energy generation exhibits relatively high levels in certain
intervals. This combination of low-cost electricity and abundant renewable supply leads
to a concentration of charging demand, culminating in the formation of the most promi-
nent high-power density zone throughout the day. At this time, the total utilization of the
charging station approaches its upper limit, effectively reducing the unit energy cost. In
contrast, during peak-price periods, charging activities experience a significant decline.
Only a limited number of vehicles engage in charging, primarily when their SOC falls
below the threshold or task urgency requires immediate replenishment. The power utili-
zation during these periods is substantially lower than in the valley period, indicating that
the scheduling strategy effectively avoids high-cost electricity consumption. During off-
peak periods, charging behavior assumes a moderate intensity. This charging pattern is
largely synchronized with the photovoltaic generation peak, forming a collaborative
charging window with moderate electricity prices and a high proportion of renewable
energy, thereby further reducing carbon intensity.

EV Truck Charging Heatmap (kW)
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Figure 8. Electric Truck Charging Heatmap.

Figure 9 elucidates the temporal relationship between TOU electricity pricing and
renewable energy availability. Photovoltaic output peaks around noon, with renewable
energy availability approaching 1.0 at approximately 12:00. This peak in renewable energy
generation coincides precisely with the mid-day flat electricity price, thereby creating an
optimal scenario that offers both low-carbon and cost-effective charging opportunities for
electric vehicles. In contrast, wind power output remains relatively stable and contributes
significantly during the nighttime valley-price period, ensuring a high proportion of clean
energy even under large-scale simultaneous charging. The complementary characteristics
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Grid Power (MW)

Grid Power Comparison in Spring

of price and renewable energy availability are readily apparent. Low-price periods gener-
ally align with high renewable availability, enhancing both overall renewable utilization
and economic efficiency. Building on the results shown in Figure 1, the proposed strategy
enables spatiotemporal load shifting through a dual-factor scheduling mechanism based
on price and renewable signals, effectively performing peak shaving and valley filling
while maximizing clean energy usage. Statistical results indicate that the total supple-
mental energy provided by the system meets over 95% of the vehicle demand. Moreover,
there is a significant reduction in grid consumption during peak periods, and charging
during valley periods and renewable output peaks is substantially increased, demonstrat-
ing the dual advantages of economic efficiency and low carbon emissions.

TOU Price and Renewable Energy Availability (Valley/Peak/Flat by given schedule)
T T T T

09

——®— TOU Price
——=—— Renewable Energy Availability
0.35 |- - —0.8
031 07 —
o
= B
E 0.25 |- 06 2
e T
8 <
£ 02} 105 3
2 @
S i
R {04 2
.
01 g 03 &
—o @
v TN
0.05 | 0.2
D 1 1 1 1 0o
0 5 10 15 20 25

Hour

Figure 9. Temporal Profiles of TOU Electricity Price and Renewable Energy Availability for Sched-

uling Optimization.

To conduct a thorough assessment of the adaptability and superiority of the pro-
posed BDBO-ADHDP algorithm under different meteorological conditions and load char-
acteristics, four typical seasonal days, spring, summer, autumn, and winter, are selected
for simulation and comparative analysis. For each seasonal scenario, photovoltaic and
wind power generation outputs, as well as the comprehensive port load curves, are gen-
erated leveraging measured data and records from a typical meteorological year. Under
identical equipment parameters and operational constraints, the scheduling performance
of BDBO-ADHDP is juxtaposed with that of over ten algorithms, including DQN, PSO,
GA, ACO, DBO, and ADHDP.

Total Grid Electricity Comparison in Spring

Total Grid Electricity (MW+h)
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Grid Power

Figure 10. Spring Scenario: Power Purchase Optimization by BDBO-ADHDP.(a) Comparison of

power purchased from the grid; (b) Total grid electricity comparison over the 24-hour period.

In the spring scenario, as shown in Figure 10 the output of renewable energy sources
exhibits a relatively stable pattern, whereas a temporal mismatch exists between the pho-
tovoltaic generation peak and the load peak. The BDBO-ADHDDP algorithm adeptly facil-
itates energy storage during the midday PV peak period and releases it during the evening
load rise, resulting in a significantly smoother power purchase curve compared with
benchmark algorithms. Consequently, the total quantity of purchased electricity is re-
duced by more than 15%, while the depth of the energy storage cycles remains moderate,
effectively preventing excessive battery usage.

Total Grid Electricity Comparison in Summer

Grid Power (MW)
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(@)
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g 8
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8
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Figure 11. Summer Scenario: Power Purchase Optimization by BDBO-ADHDP..(a) Comparison of

power purchased from the grid; (b) Total grid electricity comparison over the 24-hour period.

In the summer scenario, as shown in Figure 11 air-conditioning loads constitute a
substantial portion of the total demand, giving rise to pronounced and long-lasting peak
loads that partially overlap with the photovoltaic generation peak. The ADHDP-BDBO
algorithm pre-charges energy storage during off-peak periods and prioritizes energy re-
lease during high-temperature, high-load hours, significantly reducing peak-period
power purchases and lowering the peak-to-valley difference by more than 20%. Mean-
while, the strategy effectively alleviates PV curtailment, improving renewable energy uti-
lization by over 8% and achieving the lowest overall operating cost among all compared
methodologies.

Autumn Total Grid Electricity Comparison in Autumn
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Figure 12. Autumn Scenario: Power Purchase Optimization by BDBO-ADHDP..(a) Comparison of

power purchased from the grid; (b) Total grid electricity comparison over the 24-hour period.
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In the autumn scenario,as shown in Figure 12 the contribution of wind power esca-
lates, while the peak period of PV generation contracts, and the overall load profile be-
comes relatively smoother. The BDBO-ADHDP algorithm flexibly coordinates wind, so-
lar, and storage resources—reducing grid power purchases during high wind output pe-
riods in the morning and evening, while smoothly compensating for insufficient PV gen-
eration during midday. Among all evaluated algorithms, this approach yields the most
substantial reduction in grid purchases, with energy storage utilization and cycling fre-
quency maintained within the economic range, thereby effectively balancing operational
cost and battery lifespan.

Grid ison in Winter Total Grid Electricity Comparison in Winter

— % ACO-ADHDP
DBO-ADHDP

M
g
3

| —<4— BDBO-ADHDP.

00

Grid Power (MW)
Total Grid Electricity

3
8

g

°

(@) (b)

Figure 13. Winter Scenario: Power Purchase Optimization by BDBO-ADHDP..(a) Comparison of

power purchased from the grid; (b) Total grid electricity comparison over the 24-hour period.

In the winter scenario, as shown in Figure 13 photovoltaic generation is minimal,
wind power exhibits high volatility, and heating demand induces distinct morning and
evening load peaks. Under these challenging conditions, the BDBO-ADHDP algorithm
ensures the stability of the grid power curve procurement through pre-charging and time-
shifted discharging strategies, thereby achieving approximately 12% reduction in peak-
period grid power consumption while maintaining the lowest wind curtailment rate
among all algorithms.

Table 3 further quantifies the adaptability of the proposed strategy under extreme
seasonal conditions. Confronted with the challenge of overlapping high air-conditioning
loads and PV generation peaks during summer, the algorithm reduces peak grid pur-
chases by over 20% through peak shaving and valley filling. Conversely, in winter, when
PV output is minimal, the strategy seamlessly transitions to a wind-priority operational
mode, significantly reducing the wind curtailment rate. This capacity to adaptively mod-
ify scheduling logic according to seasonal characteristics ensures the operational stability
and economic efficiency of the port microgrid throughout the year.

Table 3. Dispatch Performance Under Typical Seasonal Scenarios.

Peak Grid Power Reduc-

Season Main Challenge Optimization Focus tion Feature Highlights
lobal h allevi
Spring Temporal Mismatch Load Shifting ~15% Global seare ¢ eviates
convergence issues
. . Lowered peak-to-valley
Summer High AC Load & PV Peak Peak Shaving >20% . .
difference significantly
Autumn High Wind Volatility =~ Fluctuation Smoothing ~16% Mamtaered lowest opera-
tional cost
Winter Winter Fow PV & Heat- Grid Support 12% Lowest wind curtailment
ing Load rate
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Across all four seasons, the results unequivocally indicate that the BDBO-ADHDP
method consistently outperforms other benchmark algorithms across five key perfor-
mance indicators: total grid power purchase, renewable energy utilization, curtailment
rate, operational cost, and energy storage cycling balance. Moreover, it exhibits excep-
tional convergence speed and operational stability, substantiating its strong adaptability
and potential for large-scale application in green port integrated energy systems charac-
terized by significant seasonal variability.

As delineated in Table 4, the proposed strategy effectively constrains the battery cy-
cling frequency within an economically viable range, thereby substantiating that the cost
reduction is achieved through intelligent scheduling rather than excessive battery degra-
dation.

Table 4. Comparison of Battery Usage and Algorithm Convergence.

Algorithm Battery Cycling Depth of Discharge Convergence Speed Stability
DQN/PSO >45 (High) Aggressive Slow Low
Traditional ADP ~40 (Medium) Moderate Medium Medium

BDBO-ADHDP 33-34 (Optimal) Balanced Fast High

Regarding total grid power procurement, the proposed strategy attains an annual
average reduction of approximately 14.9% in comparison to uncoordinated scheduling
and 6.4% compared with traditional ADP, effectively diminishing the port’s reliance on
external grid power. This not only mitigates grid stress during peak intervals but also
curtails electricity costs during periods of elevated prices. In terms of renewable energy
utilization, the annual average reaches 79.05%, surpassing 74.2% ADP and 67.6% for un-
coordinated scheduling. The curtailment rate of renewable power is significantly reduced
by over 20% across all seasons, with the most pronounced improvements observed in the
highly volatile spring and autumn periods. This is primarily due to the global search ca-
pability of BDBO, which effectively alleviates the local convergence issue inherent in
ADHDP. Consequently, it achieves more optimal coordination between energy storage
charging/discharging sequences of energy storage and the fluctuations in renewable gen-
eration.

From an economic perspective, the annual operational cost registers a decline of
12.8% in comparison to uncoordinated scheduling and a reduction of 4.5% compared to
ADP, thereby manifesting a clear economic advantage. Meanwhile, the cycling frequency
of the storage system remains confined within the range of 33-34 cycles, indicating that
the proposed strategy fully utilizes peak shaving and valley filling functions while avoid-
ing excessive battery degradation.

The performance improvements demonstrated by the BDBO-ADHDP framework
translate into several practical advantages for port authorities and terminal operators:

Enhanced Operational Agility: The proposed framework provides an automated,
real-time response to the high volatility of renewable energy and ship arrivals. For port
operators, this means a significantly reduced reliance on manual intervention and tradi-
tional heuristic rules, which often fail under extreme weather or peak shore-power (SPS)
demands.

Economic Risk Mitigation: By achieving a more precise balance between self-genera-
tion and grid procurement, the system effectively shields the port from electricity price
spikes. The optimized “peak-shaving” capability allows managers to defer expensive grid
infrastructure upgrades by utilizing existing ESS more effectively.

Decarbonization Compliance: The results offer a quantifiable pathway for ports to
meet International Maritime Organization (IMO) carbon intensity indicators (CII). Deci-
sion-makers can use the simulation outcomes to conduct cost-benefit analyses for future
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investments in larger PV arrays or hydrogen refueling stations, knowing the control logic
can scale accordingly.

Infrastructure Planning: The sensitivity analysis provides a “look-ahead” capability
for infrastructure investment. For instance, the results indicate the specific threshold
where increasing battery capacity stops yielding economic returns, preventing over-in-
vestment in storage hardware.

The observed reductions in grid power purchases and operational costs offer signif-
icant strategic value beyond mere numerical improvements:

For Port Operators: The 12.8% reduction in grid dependence (as shown in Scenario
3) directly enhances the port’s energy autonomy. By shifting peak loads to periods of high
PV generation, operators can avoid “demand charges” imposed by utilities during peak
hours, which often constitute a large portion of industrial electricity bills. Furthermore,
the reduced cycling of the ESS under our optimized logic extends the battery life cycle,
lowering the long-term Levelized Cost of Storage (LCOS).

For Energy Planning: The sensitivity analysis provides a quantitative blueprint for
infrastructure sizing. The results demonstrate a “diminishing returns” threshold for ESS
capacity, helping planners avoid over-investment in hardware while maximizing the uti-
lization rate of existing shore-power berths.

For Policy Decisions: The carbon emission reduction validated in our scenarios pro-
vides a scientific basis for ports to apply for green subsidies or carbon credits under the
IMO'’s Carbon Intensity Indicator (CII) framework. This aligns port operations with na-
tional “dual-carbon” goals, transforming the port from a passive energy consumer into an
active, flexible node in the regional power grid.

Overall, the BDBO-ADHDP collaborative optimization framework accomplishes a
well-balanced optimization among economic efficiency, carbon reduction, and opera-
tional stability, facilitating the coordinated interaction among “source-load-storage—ve-
hicle-shore” elements. This approach harbors substantial potential for engineering appli-
cation in green intelligent ports with high renewable penetration and pronounced load
variability, providing a robust reference for intelligent scheduling of future low-carbon
port clusters.

To evaluate the robustness of the BDBO-ADHDP framework under varying system
configurations, a sensitivity analysis was conducted on two critical input variables: ESS
capacity and the penetration level of photovoltaic (PV) power.

We varied the rated capacity of the ESS from 60% to 140% of its baseline value (1.2
MWh). The total operational cost decreases as the capacity increases, primarily due to en-
hanced peak-shaving capabilities. However, a “diminishing returns” effect is observed
beyond 120% capacity, where the marginal reduction in cost becomes negligible (<1.5%).
This indicates that the proposed strategy effectively identifies the optimal utilization
threshold of the storage hardware.

The PV installation scale was varied between 0.5 MWp and 3.0 MWp. Results indicate
that while higher PV penetration significantly reduces grid power purchase, it increases
the system’s reliance on the BDBO layer for global parameter re-tuning to handle higher
volatility. The ADHDP layer demonstrates high adaptability, maintaining an average car-
bon reduction efficiency of over 18% even under low-PV scenarios, proving the frame-
work’s flexibility across different port development stages.

6. Conclusions

The scalability of the BDBO-ADHDDP framework is supported by its modular design.
For larger-scale port applications with hundreds of berths or multi-energy microgrids, the
state space can be expanded by increasing the input layer dimensions of the Actor-Critic
networks. Because ADHDP utilizes function approximation rather than discrete look-up
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tables, it effectively mitigates the “curse of dimensionality.” The BDBO layer can also be
parallelized across high-performance computing clusters to maintain optimization effi-
ciency as the complexity of the port’s “source-load-storage” system grows.

In summation, the BDBO-ADHDDP framework effectively circumvents the propensity
of standalone ADHDP to become ensnared in local optima in high-dimensional policy
spaces. This results in a substantial augmentation of its global search capability and sched-
uling robustness, rendering it well-suited for green smart port scenarios characterized by
elevated levels of renewable energy integration and intricate operational conditions. By
leveraging multi-energy flow coupling and enhancements to the hybrid algorithm, this
study surpasses the limitations of traditional scheduling methods under high-dimen-
sional uncertainty. It thereby provides a robust theoretical support for large-scale engi-
neering applications in green smart ports. Future research endeavors could incorporate
digital twin technology to construct real-time simulation platforms or employ blockchain
for decentralized transaction settlement. Such initiatives would further elevate system
flexibility and economic efficiency.

The core scientific originality of this study lies in the synergistic integration of the
Beetle Dispersed Bloodhound Optimization (BDBO) with the Action-Dependent Heuristic
Dynamic Programming (ADHDP). Unlike traditional single-layer reinforcement learning
methods that often converge to local optima in high-dimensional port energy spaces, this
dual-layer framework leverages the global search capability of BDBO to initialize the pol-
icy network. This effectively overcomes the ‘curse of dimensionality’ in multi-energy flow
coupling, providing a 15% improvement in scheduling robustness compared to conven-
tional ADHDP.
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