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Abstract

Port operators must now reduce emissions without weakening the reliability of cargo-
handling and logistics services. Two load groups are especially important in this setting:
vessels connected to shore-side facilities during berthing and heavy-duty vehicles working
inside the terminal area. Their energy-use patterns shape both dispatch stability and the
carbon intensity of the port energy system. This paper therefore proposes an integrated port
energy management model that jointly schedules wind power, photovoltaic generation,
hydrogen production and storage, shore power, conventional purchases, berthed-vessel
demand, and low-carbon heavy-duty transport demand. The model combines price-based
demand response with a tiered carbon-trading penalty so that flexible electricity consump-
tion and emission costs are reflected in the dispatch decision. Numerical simulations show
that the joint use of demand response and the carbon-penalty mechanism lowers total
economic dispatch cost by about 11.05% and reduces carbon emissions by 24.52%. The
results indicate that coordinated renewable-energy and logistics-aware scheduling can
improve the economic and environmental performance of port operations.

Keywords: carbon trading penalty mechanism; port comprehensive energy management
model; renewable energy

1. Introduction
Ports connect maritime transport with inland distribution and regional production, yet

their daily operation consumes large amounts of electricity, heat, and fuel. Under carbon-
peaking and carbon-neutrality targets, terminals must keep cargo throughput stable while
replacing high-emission energy use with cleaner and more flexible supply. This transition
requires more on-site renewable generation, tighter coordination between logistics loads
and energy assets, and explicit attention to ship and vehicle energy demand. As wind
power, photovoltaic generation, hydrogen, shore-power, and storage technologies become
increasingly deployable in port areas, integrated scheduling can link logistics activity
with multi-carrier energy operation. A coordinated management framework is therefore
important for improving energy efficiency, cutting emissions, and supporting the green
transformation of port systems [1].

An integrated port energy system contains two tightly connected layers. The energy
layer purchases, converts, stores, and supplies several energy carriers for terminal produc-
tion and auxiliary services [2]. The logistics layer determines the timing and intensity of
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cargo handling, berthing, loading and unloading, and vehicle movements, thereby creating
highly variable demand. In the framework developed here, grid electricity and fossil-fuel
purchases remain available for reliability, while wind and photovoltaic generation, hy-
drogen production, and storage devices are used to increase the share of clean energy [3].
The demand side includes lighting, heat supply, handling equipment, berthed vessels,
and heavy-duty vehicles. Coupling these loads with renewable electricity and hydrogen
supply allows the system to meet operational needs while moving port energy use toward
a lower-carbon and more flexible structure [4].

Accordingly, this study examines how heavy-duty transport vehicles and ships at
berth interact with a diversified supply system that includes conventional power, wind
generation, photovoltaic generation, and hydrogen energy. The objective is to formulate a
green integrated energy management model that increases renewable-energy penetration,
improves supply resilience, and reduces dependence on any single external energy source.
The proposed model supports multi-carrier, high-efficiency, and low-emission operation
and provides a technical basis for sustainable port development [5].

The remainder of the paper is arranged as follows. Section 2 discusses prior work on
port vehicle dispatching, ship energy management, and port microgrid operation. Section 3
explains the proposed mechanism and builds the demand response, wind–solar generation,
berthed-vessel, heavy-duty-vehicle, and tiered carbon-penalty models. Section 4 presents
the cost terms and operating constraints of the coordinated energy management model.
Section 5 reports the simulation results. Section 6 summarizes and validates the scenario re-
sults, and Section 7 concludes the paper and outlines future research. Figure 1 summarizes
the research process, from identifying the low-carbon port scheduling problem to construct-
ing the model and testing demand response and carbon penalties in comparative scenarios.

Figure 1. Workflow of the proposed port energy management study.

2. Literature Review
2.1. Port Vehicle Operation Dispatch Management

A port is the transfer point at which maritime transport meets inland distribution, so
terminal logistics strongly affect both supply-chain efficiency and energy consumption.
Better vehicle organization can reduce waiting time, improve service reliability, and avoid
avoidable fuel or electricity use. Vehicle routing, truck assignment, and terminal scheduling
have therefore become central topics in port operations research.

One research stream focuses on truck scheduling and the coordination of quay-side
and yard-side activities. X. Chen [6] used stochastic operational data from real terminals
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to design a genetic-programming heuristic for dynamic truck dispatch. X. Chen [7] later
extended this line of work through a two-tier genetic-programming hyper-heuristic that
accounts for uncertainty in seaside handling and yard operations. B. Xu [8] studied
container terminal recovery under large disruptions by coordinating external-truck arrivals
and emergency-material priorities, reducing both congestion and operating cost. H. Li [9]
proposed a precise-execution-based scheduling method for automated intelligent vehicles,
improving terminal efficiency and vehicle energy performance. Y. Chen [10] incorporated
capacity and distance constraints into a two-stage model for trailer routing and sequencing
under stochastic demand. H. P. Hsu [11] combined yard storage, vessel stowage, and
simulation-based optimization to coordinate yard cranes, yard trucks, and quay cranes.
L. Zhen [12] developed an improved backtracking search algorithm and implemented a
dispatch decision-support system for a Shanghai logistics company. These studies improve
vehicle routing, task allocation, and operation sequencing, but their primary concern is
logistics efficiency. The energy-supply behavior of low-carbon heavy-duty vehicles and
their coupling with port energy systems still receives limited attention.

2.2. Ship Self-Energy Dispatch Management

Emission-control pressure has accelerated the use of renewable and hybrid power
systems on ships, making the interface between vessels, shore power, and port energy
management more important. Existing work mainly studies hybrid ship power-system
scheduling. J. Hou [13] developed adaptive model predictive control for hybrid energy
storage, reducing the effect of parameter uncertainty on power allocation and dynamic
response. Y. Xu [14] considered multi-energy ship microgrids under continuous roll con-
ditions and integrated AC/DC renewable-energy networks, showing that coordinated
energy and voyage scheduling can reduce cost and risk. C. S. Edrington [15] proposed
distributed energy management for a four-zone ship power system with storage, with
attention to load satisfaction and ramp-rate constraints. K. Hein [16] studied shore-to-
ship power and solar-assisted hybrid ferries through a two-stage multi-objective model
that balances operating cost and storage degradation. L. Xu [17] addressed non-convex
power-management problems with a multi-population particle swarm algorithm using
historical and central-particle information. K. Hein [18] further combined data-driven
navigation and all-electric ship energy scheduling with NSGA-II, NSGA-III, and LSTM-
based photovoltaic forecasting. Z. Wang [19] optimized a ship-side multi-energy system
covering electricity, heating, and cooling devices. Z. Li [20] verified the cost and emission
benefits of multi-objective coordinated energy and voyage scheduling. S. I. Taheri [21]
studied diesel-generator dispatch in maritime power systems, and S. Wen [22] incorporated
shore-power prices into joint generation and voyage scheduling for all-electric ships. These
studies confirm the value of ship-side energy scheduling, but they usually take the vessel
as the main system boundary. The interaction among berthed ships, shore-power demand,
port microgrids, and land-side vehicle energy demand remains insufficiently integrated.

2.3. Port Microgrid Energy Management

Ports concentrate distributed generation, conversion equipment, storage devices,
shore-power facilities, and terminal loads in a compact operating area. Prior studies show
that renewable generation, storage operation, and bidirectional energy exchange can be
optimized together to improve cost and emission performance [23–25]. A modern port can
therefore be treated not only as a logistics node but also as a microgrid with distinctive
load rhythms and operational constraints.

A microgrid contains distributed generators, storage resources, and both controllable
and uncontrollable loads; demand can be met locally or through electricity purchased from
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the main grid [26]. Higher renewable penetration also brings more uncertainty because
wind and photovoltaic outputs depend on weather forecasts and intermittent resource
conditions. Forecast errors may create supply-demand mismatches and threaten service
quality. Storage is therefore essential because it absorbs surplus renewable electricity
during high-output periods and releases energy when demand is high or renewable output
is weak.

Storage has been used for load shifting [27], arbitrage [28], power-quality support [29],
cost reduction [30,31], and peak shaving [32]. W. Huang [23] proposed a compressed
reconstruction method for port microgrid operating scenarios and built a linearized sizing
model for renewable energy and storage. C. Iris [24] formulated a mixed-integer model
for port microgrid operation under renewable uncertainty, considering electricity tariffs
and bidirectional trading; the results showed the cost-saving potential of storage and
renewable utilization. S. Fang [33] embedded flexible logistics loads into an unbalanced
multiphase distribution network and thermal network, using iterative convex relaxation for
the nonlinear problem. Y. Tao [34] designed a spatiotemporal voyage scheduling strategy
to reduce all-electric ship charging pressure on island grids. Z. Ban [35] studied distributed
energy management and topology construction with convergence and communication-
distance considerations. N. N. A. Bakar [36] used HOMER to size a hybrid microgrid
for Aalborg Port using solar, temperature, and wind data. X. Wang [25] proposed day-
ahead economic dispatch for an integrated port energy system with hydrogen, reducing
both energy and carbon-emission costs. These contributions indicate that port energy
management is moving from single-carrier dispatch toward coordinated multi-energy
operation with renewable generation, storage, and flexible loads.

Low-carbon port operation has become another active research direction. F. Teng [37]
proposed a distributed low-carbon energy management method for port microgrids based
on we-energies and verified its economic and emission-reduction effects. Q. Shan [38]
incorporated carbon capture and storage into port microgrid management and used a
multi-agent consensus algorithm for grid-connected, islanded, and mode-switching op-
eration. J. Song [39] designed a zero-carbon port microgrid with a carbon capture plant
and solved the distributed management problem with the alternating direction method
of multipliers. These studies show that carbon-oriented constraints are essential for port
microgrid operation. More recent work also applies multi-agent reinforcement learning to
flexible resource management under uncertain renewable output and dynamic demand.
For example, Wu et al. [40] proposed an adaptive virtual-power-plant framework for dy-
namic multi-energy buildings, but the link with port-specific logistics loads such as berthed
ships and heavy-duty vehicles is still limited.

In summary, existing research usually treats port microgrid operation, ship energy
scheduling, and vehicle dispatching as separate problems. A unified formulation that
simultaneously coordinates berthed ships, land-based heavy-duty vehicles, renewable gen-
eration, hydrogen production and storage, demand response, and tiered carbon penalties is
still lacking. This gap motivates the present study, which links maritime-side and land-side
energy demand within one economic and low-carbon dispatch framework.

3. Model Mechanism Analysis and Related Model Design
3.1. Model Mechanism Analysis

Port production relies on quay cranes, cargo-handling machinery, yard equipment,
transport vehicles, and ships at berth. These activities create concentrated energy demand
and are also important sources of direct and indirect emissions. Under carbon-peaking
and carbon-neutrality targets, ports need to electrify high-consumption links, improve
the carrying capacity of distribution networks, and raise the share of locally consumed
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renewable energy. Renewable resources should support both terminal equipment and
berthed ships, while storage and dispatch decisions coordinate supply across the whole
port area.

In this transition, renewable-energy utilization is the technical foundation of green
port development. Wind and photovoltaic resources can be embedded into the port system
through equipment integration and coordinated scheduling, thereby meeting part of the
growing energy demand with lower emissions. Demand response adds flexibility on the
load side by guiding consumption away from congested or high-price periods, which helps
reduce peak-valley pressure and electricity expenses.

A tiered carbon-trading penalty provides an additional economic signal. Once actual
emissions exceed the free quota, the marginal cost of further emissions rises by interval,
encouraging cleaner energy substitution and more efficient dispatch. Low-carbon operation
is therefore shaped by both technical feasibility and explicit emission-cost incentives.

Based on this logic, the paper builds a coordinated port microgrid optimization model
that includes ships, handling equipment, vehicles, multi-energy resources, and carbon
emissions. The model consists of demand response, wind–solar output, berthed-ship energy
scheduling, heavy-duty-vehicle dynamic planning, and tiered carbon-penalty modules,
as detailed in Section 3.2. Figure 2 presents the interaction mechanism among renewable
generation, flexible demand, berthed-vessel loads, heavy-duty vehicle operation, and
carbon-penalty signals.

Figure 2. Interaction mechanism among port logistics loads, multi-energy supply, demand response,
and carbon-cost signals.

3.2. Related Models
3.2.1. Demand Response Model

Electricity price spreads can change the timing of flexible consumption and thus provide
a demand-side dispatch tool. Zhang [41] used a Logistic function to describe price-based
demand response. In this paper, the Logistic framework is applied only to the price-sensitive
share of port electricity demand, not to all loads. Flexible participants include adjustable
hydrogen production, selected electric-vehicle charging, storage charging, and non-critical
auxiliary loads. By contrast, basic cold-ironing demand, safety-related consumption, and
essential cargo-handling loads are regarded as inelastic or only weakly responsive.

User response to price incentives is uncertain. The realized response is therefore bounded
by optimistic and pessimistic curves that represent possible variation in load-shifting behavior.
Taking the peak–valley spread as the representative case, a fuzzy Logistic response mechanism
is constructed. In this mechanism, ∆Ppv denotes the peak–valley price difference, and λpv

denotes the peak–valley transfer rate, measured as shifted peak-valley load divided by the
average peak load. The parameters a, b, c, µ, apv, and bpv control the response intensity,
transition point, and interval boundaries of the flexible-load response curve.
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The response curve is divided into three zones. In the dead zone, the price spread is too
small to produce meaningful adjustment. In the response zone, a larger spread encourages
more users to shift demand across periods. In the saturation zone, most flexible demand
has already been shifted, so additional price changes produce little extra response. Without
time-of-use price differences, load adjustment is more random and less controllable.

The function model of the fuzzy response mechanism based on the Logistic function
is shown as λpv(∆Ppv) =

a
1 + e−(∆Ppv−c)/µ

+ b

∆Ppv = Pp − Pv

(1)

where a, b, c, and µ are constants of the Logistic function, and Pp and Pv represent the peak
and valley electricity prices, respectively.

Optimistic and pessimistic response curves are fitted to represent the range of possible
effects of time-of-use tariffs. The model then introduces behavioral randomness and the
membership degree of optimistic response to probabilistically restrict the realized response.
Small price changes lead to weak transfer in the dead zone, the transfer rate rises quickly
in the response zone, and the response approaches its upper bound in the saturation zone
because the remaining flexible demand is limited. The membership-degree formulation is
given below:

The specific calculation formula is

λpv =


(λ

op
pv + λ

pe
pv)/2, 0 ≤ ∆Ppv ≤ apv

λ
pe
pv +

(1 + m)(λ
op
pv + λ

pe
pv)

2
, apv ≤ ∆Ppv ≤ bpv

λ
op
pv, bpv ≤ ∆Ppv

(2)

m =
∆Ppv − apv

bpv − apv
, apv ≤ ∆Ppv ≤ bpv (3)

where apv represents the transition node from the dead zone to the response zone; bpv

represents the transition node from the response zone to the saturation zone; m represents
the membership degree of optimistic response; and λ

op
pv and λ

pe
pv represent the peak-to-valley

load transfer rates under optimistic and pessimistic responses, respectively.
Figure 3 illustrates how the peak–valley price spread maps into the load transfer rate.

Figure 3. Load-transfer response under different peak-to-valley price differentials.
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As Figure 3 shows, the load transfer rate is low in the dead zone, rises rapidly once the
response zone is entered, and becomes nearly flat when the price spread is large enough to
exhaust most flexible response.

Similarly, the displacement rates of the load from peak to flat and from flat to valley
are λp f and λ f v, respectively. According to the above analysis, the accurate shift in load is

∆Dt =


−λp f Dp − λpvDp, t ∈ Tp

λpvDp − λ f vD f , t ∈ Tf

λpvDv + λ f vD f , t ∈ Tv

(4)

Dt = Dt0 + ∆Dt (5)

where Dp, D f , and Dv represent the average loads in the peak, flat, and valley periods
without demand response, respectively; Tp, Tf , and Tv are the sets of peak, flat, and valley
periods, respectively; ∆Dt represents the accurate load shift under demand response; and
Dt0 and Dt represent the loads before and after demand response, respectively.

min FDR
1 =

√√√√ 1
T

T

∑
t=1

(Dt − D)2

max FDR
2 =

[
1 − ∑T

t=1 |∆Dt|
∑T

t=1 Dt0

]

×
[

1 − ∑T
t=1 ptDt − ∑T

t=1 pt0Dt0

∑T
t=1 pt0Dt0

]
(6)


1 ≤

Pp

Pv
≤ 3

Pf ≤ Pp

Pv ≤ Pf

(7)

where T represents the scheduling period, D represents the average load after demand
response, and pt0 and pt represent the electricity prices before and after demand response
for time t, respectively.

3.2.2. Physical Model of Wind and Solar Power Generation Units

For day-ahead scheduling, forecast meteorological variables are converted into wind
and photovoltaic output through physical generation models. The photovoltaic output is
calculated as follows [42]: 

PPV,t = PPVN
It[1 + k(Tac,t − TN)]

ISR

Tac,t = Tam,t + 30
It

1000

(8)

where Tac,t is the actual temperature of illumination at time t, Tam,t is the ambient tempera-
ture at time t, TN is the rated temperature of illumination, It and ISR are the illumination
radiation intensity at time t and the rated illumination intensity, respectively, PPV,t is the
actual electric power output of the photovoltaic unit at time t, PPVN is the rated output
power of the photovoltaic unit, and k is the power temperature coefficient.
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Wind-turbine output depends on the actual wind speed and the turbine operating
region. With a quadratic approximation between cut-in and rated speed, the wind-power
expression is [43]:

PWT,t =



0, Vw,t < Vin,t

PWTN
V2

w,t − V2
in,t

V2
n,t − V2

in,t
, Vin,t ≤ Vw,t ≤ Vn,t

PWTN , Vn,t ≤ Vw,t ≤ Vout,t

0, Vout,t ≤ Vw,t

(9)

where PWT,t is the actual electric power of the wind turbine unit at time t, Vin,t is the
cut-in wind speed of the wind turbine unit, Vout,t is the cut-out wind speed of the wind
turbine unit, Vw,t is the actual wind speed, and PWTN is the installed capacity of the wind
turbine unit.

3.2.3. Berth Ship Model

The berth model considers an intelligent port receiving multiple electric ships. While
berthed, a ship can draw shore power from the port microgrid for hotel and auxiliary
loads, reducing the need for onboard auxiliary-engine generation but increasing port-
side electricity demand. Each ship is assumed to have photovoltaic generation, auxiliary
generation, and storage. Arrival time, departure time, and power demand are generated
through Monte Carlo simulation.

For ship i, shore power and onboard controllable resources are scheduled together.
Shore-power purchase is denoted by PCI

i,t ; photovoltaic output is denoted by PPV,ls
i,t ; auxiliary

generator output is denoted by Pae,ls
i,t ; and storage charging and discharging powers at time

t are denoted by Pch,ls
i,t and Pdis,ls

i,t . The berth-level balance is:

PCI
i,t + PPV,ls

i,t + Pae,ls
i,t − Pch,ls

i,t + Pdis,ls
i,t = Pls

i,t,

∀i ∈ Nls, ∀t ∈ T
(10)

where Pls
i,t represents the load demand of ship i at time t during docking, and Nls and T are

the sets of berthed ships and docking time slots, respectively.
Ship arrivals and departures are simulated by Monte Carlo sampling. The arrival time

of ship i follows the probability density f d
i under a wrapped normal-type distribution [44]:

f d
i (t

d
i ) =


1√

2πσd
exp

[
−
(td

i + 24 − µd)
2

2σ2
d

]
, 0 ≤ td

i ≤ µd − 12,

1√
2πσd

exp

[
−
(td

i − µd)
2

2σ2
d

]
, µd − 12 ≤ td

i ≤ 24
(11)

where td
i is the arrival time for ship i, µd is the mean arrival time, and σd is the standard

deviation of arrival time.
The departure time of ship i is represented by the probability density f o

i :

f o
i (t

o
i ) =


1√

2πσo
exp

[
−
(to

i − µo)2

2σ2
o

]
, 0 ≤ to

i ≤ µo + 12,

1√
2πσo

exp

[
−
(to

i − 24 − µo)2

2σ2
o

]
, µo + 12 ≤ to

i ≤ 24
(12)

where to
i is the departure time for ship i, µo is the mean departure time, and σo is the

standard deviation of departure time.
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Because ships arrive and leave at different times, CI availability and shore-power
demand vary throughout the scheduling horizon. Under the assumption that berths have
the same installed CI capacity, the berthing state of each ship is determined by its arrival
and departure times. The state equals 0 outside the berthing interval and 1 during berthing:

Bi,t =


0, t ∈ [1, td

i ]

1, t ∈ [td
i , to

i ]

0, t ∈ [to
i , T]

, ∀i ∈ Nls (13)

Constrained by berth planning and facility transmission capabilities, the CI power PCI
i,t is

Bi,tPCI,min ≤ PCI
i,t ≤ Bi,tPCI,max (14)

where Bi,t is a binary variable indicating whether ship i is in a berthed state, and PCI,min

and PCI,max are respectively the minimum and maximum power that can be drawn from
the port.

For ship-side storage, charging and discharging powers in each time slot are bounded
by their maximum levels:

0 ≤ Pch,ls
i,t ≤ Sch,ls

i,t Pch,ls,max
i , ∀i ∈ Nls, ∀t ∈ T (15)

0 ≤ Pdis,ls
i,t ≤ Sdis,ls

i,t Pdis,ls,max
i , ∀i ∈ Nls, ∀t ∈ T (16)

where Sch,ls
i,t and Sdis,ls

i,t are the charging and discharging state variables of the storage system.
To ensure mutual exclusivity of the charging and discharging states, the implementation of
these state variables is

0 ≤ Sdis,ls
i,t + Sch,ls

i,t ≤ 1, ∀i ∈ Nls, ∀t ∈ T (17)

The energy level of ship i evolves according to its charging and discharging decisions:

Es,ls
i,t+1 = Es,ls

i,t + Pch,ls
i,t µs,ls

i −
Pdis,ls

i,t

µs,ls
i

, ∀i ∈ Nls, ∀t ∈ T (18)

where µs,ls
i is the charging and discharging efficiency coefficient of ship i’s energy storage

system. The energy level must be maintained within allowable limits:

Es,ls,min
i ≤ Es,ls

i,t ≤ Es,ls,max
i , ∀i ∈ Nls, ∀t ∈ T (19)

0 ≤ PPV,ls
i,t ≤ PPV,max

i (20)

where Es,ls,min
i and Es,ls,max

i represent the minimum and maximum energy levels, respec-
tively, and PPV,max

i is the maximum power generation capacity of the photovoltaic system.
The power generation of AG, denoted by Pae,ls

i,t , is constrained by its generation capacity

Pae,ls,max
i,t and carbon emission constraints:

0 ≤ Pae,ls
i,t ≤ Pae,ls,max

i,t , ∀i ∈ Nls, ∀t ∈ T (21)

Sae,ls
i,t aem,ls

i Pae,ls
i,t ≤ Emmax

i , ∀i ∈ Nls, ∀t ∈ T (22)
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where Sae,ls
i,t represents the operational state of the auxiliary engine on ship i, being 1 if on

and otherwise 0, aem,ls
i is the carbon emission coefficient for AG, and Emmax

i is the maximum
emission limit.

3.2.4. Dynamic Programming Model for Port Heavy-Duty Transport Vehicles

Heavy-duty trucks move loaded and empty containers among quays, yards, and
nearby warehouses. To maintain terminal service while reducing vehicle energy cost,
this section develops a dynamic scheduling model for hydrogen and electric heavy-duty
vehicles. Hydrogen vehicles are assigned among transport, refueling, and idle states.
Electric vehicles are assigned among transport, charging, discharging, and idle states. The
hydrogen-vehicle operating state is expressed as:

φa
T =

T

∑
t=1

NHV

∑
j=1

xHV,a
j,t , a = 1 (23)

where φa
T represents the number of containers transported back and forth by the hydrogen

heavy-duty transport vehicles within one day, and xHV,a
j,t is a 0–1 variable representing the

operational status of the jth hydrogen heavy-duty transport vehicle at time t, categorized
into three states: transportation, hydrogen refueling, and idle. When in state a, xHV,a

j,t is 1;
otherwise, it is 0. The model constraints are noted below:

φa
T ≥ Ta (24)

where Ta represents the daily container throughput of the port, ensuring that the transport
load of heavy-duty vehicles meets the port’s throughput needs.

3

∑
a=1

xHV,a
j,t = 1, ∀j, t (25)

This constraint ensures that each vehicle performs at most one task in a time slot. Hydrogen
heavy-duty vehicles are initially assumed to remain idle from 1:00 AM to 4:00 AM, after
which dispatching begins with a hydrogen-tank level of 100%.

HLHV
j,t = HLHV

j,t−1 − xHV,1
j,t

ωHV
j,t

Hcap
j,HV

+
xHV,2

j,t RHV,re f
j,t

Hcap
j,HV

HLHV
j,min ≤ HLHV

j,t ≤ HLHV
j,max, ∀j, t

(26)

where HLHV
j,t is the hydrogen-tank level of the jth hydrogen heavy-duty transport vehicle;

Hcap
j,HV is the maximum hydrogen capacity of the vehicle; ωHV

j,t is the hydrogen consumption

of the vehicle during transportation at time t; RHV,re f
j,t represents the hydrogen refueling

amount at time t; and HLHV
j,min and HLHV

j,max are respectively the minimum and maximum
allowable hydrogen-tank levels.

Electric heavy-duty vehicles are modeled through battery SOC dynamics and may
participate in both charging and vehicle-to-grid discharging. They are therefore not only
mobile loads but also temporary storage resources. Charging and discharging are mutually
exclusive. This study assumes that electric trucks respond to price-guided charging and
discharging signals: charging prices rise during high-load periods to discourage additional
demand, while discharging prices compensate vehicles that support the port grid. The
optimized charging and discharging prices are:
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PEVCprice
t =



PEVCprice
t,p

(
1 +

Dt − D
D

)
, t ∈ Tp

PEVCprice
t, f

(
1 +

Dt − D
D

)
, t ∈ Tf

PEVCprice
t,v

(
1 +

Dt − D
D

)
, t ∈ Tv

(27)

PEVDprice
t =



PEVDprice
t,p

(
1 +

Dt − D
D

)
, t ∈ Tp

PEVDprice
t, f

(
1 +

Dt − D
D

)
, t ∈ Tf

PEVDprice
t,v

(
1 +

Dt − D
D

)
, t ∈ Tv

(28)

where PEVCprice
t and PEVDprice

t are the optimal charging and discharging prices for electric
vehicles at time t; PEVCprice

t,p , PEVCprice
t, f , and PEVCprice

t,v are the optimal electric vehicle charging

prices at peak, flat, and valley periods; and PEVDprice
t,p , PEVDprice

t, f , and PEVDprice
t,v are the

optimized electric vehicle discharging prices at peak, flat, and valley periods.

3.2.5. Tiered Carbon Trading Penalty Model

A tiered carbon-trading mechanism turns excess emissions into dispatch costs through
tradable allowances and interval-based penalties [42]. Because China’s carbon market is
still evolving, free allowances are often assigned by regulators. Enterprises emitting less
than their allowance may sell surplus quotas, whereas enterprises exceeding the allowance
must buy additional quotas or bear penalty costs. This paper uses the baseline method to
determine free allowances, compares actual emissions with the allowance benchmark, and
charges excess emissions through a tiered price. The five-tier structure is a scenario-based
modeling assumption that captures increasing marginal emission costs; it is not intended
to reproduce a specific port regulation. When excess emissions move into higher intervals,
the marginal penalty rises and strengthens the incentive for low-carbon operation.

EIES,c = EIES,a − EIES (29)

where EIES is the total free carbon emission quota of the system, EIES,a is the actual carbon
emissions of the system, and EIES,c is the difference between actual carbon emissions and
free carbon emission quota.

EIES = Ee,buy + Eg,chp + Eae,ships (30)



Ee,buy = σbuy

T

∑
t=1

Pe,buy(t)

Eg,chp = σchp

T

∑
t=1

Pg,chp(t)

Eae,ships = σae

T

∑
t=1

Pae,ships(t)

(31)

where Ee,buy, Eg,chp, and Eae,ships respectively represent the free carbon emission quotas for
buying electricity from the main grid, purchasing gas from the main gas network by CHP
units, and fuel consumption of the auxiliary engines of ships, where σbuy, σchp, and σae

are the free carbon emission quota coefficients; and Pe,buy, Pg,chp, and Pae,ships respectively
represent the power for the port to purchase electricity from the grid, the volume of gas
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purchased by the CHP units from the main gas network per unit time, and the power
supply of the auxiliary engines of ships at the port per unit time.

EIES,a = Ee,buy,a + Eg,chp,a + Eae,ships,a (32)



Ee,buy,a = σbuy,a

T

∑
t=1

Pe,buy(t)

Eg,chp,a = σchp,a

T

∑
t=1

Pg,chp(t)

Eae,ships,a = σae,a

T

∑
t=1

Pae,ships(t)

(33)

where Ee,buy,a, Eg,chp,a, and Eae,ships,a respectively represent the actual carbon emissions for
components such as thermal power plants, CHP units, photovoltaic units, wind power
units, and so on purchased from the main grid, where σbuy,a, σchp,a, and σae,a are the actual
emission coefficients.

Cco2 =



λEIES,c, EIES,c ≤ d

λ(1 + α)(EIES,c − d)

+ λd,
d ≤ EIES,c ≤ 2d

λ(1 + 2α)(EIES,c − 2d)

+ λ(2 + α)d,
2d ≤ EIES,c ≤ 3d

λ(1 + 3α)(EIES,c − 3d)

+ λ(3 + 3α)d,
3d ≤ EIES,c ≤ 4d

λ(1 + 4α)(EIES,c − 4d)

+ λ(4 + 6α)d,
4d ≤ EIES,c ≤ 5d

λ(1 + 5α)(EIES,c − 5d)

+ λ(5 + 10α)d,
5d ≤ EIES,c

(34)

where Cco2 represents the cost of tiered carbon trading, λ is the base price, α is the price
growth rate, and d is the carbon emission growth interval.

4. Port Microgrid Coordinated Optimization Model
This section formulates a coordinated optimization model for a port microgrid under

practical operating conditions, with particular attention to freight vehicles and ships at berth.
The model includes handling equipment, transport vehicles, berthed vessels, and other
energy-consuming users from a port-wide scheduling perspective. Without coordinated
dispatch, energy allocation can become inefficient, operating cost can rise, and terminal
service reliability can deteriorate. The optimization model is therefore designed to balance
logistics demand, energy supply, and economic performance.

For low-carbon development, the port power network must do more than transmit
and distribute electricity. It also needs renewable-energy infrastructure such as photo-
voltaic stations and wind farms. These resources provide cleaner supply but introduce
intermittency. To maintain reliability, the port may still purchase electricity, natural gas,
and thermal energy from external networks. The model therefore coordinates renew-
able output, conventional purchases, conversion devices, and storage resources in one
dispatch framework.

Demand-side management is introduced through the demand response module. By
guiding flexible loads to adjust consumption timing, the module supports supply-demand
balance, improves operating efficiency, and reduces electricity cost. By jointly considering
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demand, renewable utilization, and network stability, the model provides a basis for
efficient low-carbon port microgrid operation.

The objective function minimizes total operating cost. The cost components include en-
ergy purchase, carbon penalty, mobile-equipment energy scheduling, and port equipment
usage, which together reflect the operating requirements of a modern port microgrid.

4.1. Total Port Operation Cost Composition

Fport = FPort
buy + Fcarbon + Fvehical + Fuse (35)

where Fuse represents equipment-related capital and operating expenditure. In the scenario
comparison, this term is reported separately so that the contribution of each operating
activity can be observed.

4.1.1. Purchasing Costs

FPort
buy = FPort,e

buy + FPort,gas
buy (36)

where FPort
buy is the total cost of energy purchased by the port, and FPort,e

buy and FPort,gas
buy are the

cost of electricity purchased by the port from the main grid and the cost of gas purchased
from the main gas grid, respectively.

(1) Cost of Purchasing Electricity from the Main Power Grid

FPort,e
buy = Cbuy,e

T

∑
t=1

Pgrid
t (37)

where Cbuy,e is the unit cost of purchasing electricity for the port microgrid, and Pgrid
t is the

amount of electricity purchased from the main power grid during period t.

(2) Cost of Purchasing Gas from the Main Gas Network

FPort,gas
buy = Cbuy,gas

T

∑
t=1

J

∑
j=1

Pgas
t (38)

Pgas
t =

PCHP,in
t
Hgas

(39)

where Cbuy,gas is the unit cost of purchasing gas for the port microgrid, Pgas
t is the amount

of gas purchased from the gas network by CHP units during period t, Hgas is the calorific
value of natural gas, and PCHP,in

t is the input power of the CHP units during period t.

4.1.2. Carbon Penalty Cost

Because renewable generation and low-carbon heavy-duty vehicles are included, the
remaining carbon penalty mainly comes from grid electricity purchases, gas consumed by
CHP units, and auxiliary-engine operation by ships during berthing. The penalty rule is
defined in Section 3.2. Let FCO2 denote this carbon-related cost:

FCO2 = CCO2 (40)

4.1.3. Mobility Vehicle Energy Scheduling Cost

Fvehical = Fhv + Fev + Fship (41)

where Fvehical is the daily energy-scheduling cost of mobile resources in the port. The
terms Fhv and Fev refer to hydrogen and electric heavy-duty trucks, respectively, while
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Fship captures ship energy cost during port stays, including shore-power purchases and
auxiliary-engine fuel use.

(1) Energy Scheduling Cost for Hydrogen Heavy Transport Vehicles

Fhv =
T

∑
t=1

NHV

∑
j=1

PHVCprice
t xHV,2

j,t PHV,ch
j,t (42)

where NHV represents the number of hydrogen fuel cell heavy-duty trucks at the port,
PHVCprice

t represents the unit hydrogen refueling cost of the hydrogen fuel cell heavy-duty
trucks, and xHV,2

j,t is a binary variable representing the hydrogen refueling status of the
heavy-duty truck.

(2) Electric Heavy-Duty Truck Energy Scheduling Costs

Fev =
T

∑
t=1

NEV

∑
j=1

PEVCprice
t xEV,2

j,t PEV,ch
j,t

−
T

∑
t=1

NEV

∑
j=1

PEVDprice
t xEV,3

j,t PEV,dis
j,t

(43)

where NEV represents the number of electric heavy-duty trucks at the port; PEVCprice
t and

PEVDprice
t represent the unit charging cost and the unit discharging cost of the electric

heavy-duty trucks, respectively; and xEV,2
j,t and xEV,3

j,t are binary variables representing the
charging and discharging states of the heavy-duty truck, respectively.

(3) Ship Energy Scheduling Costs

Fship = FCI + Fag (44)
FCI =

T

∑
t=1

Nship

∑
i=1

PCI
i,t CIprice

t

Fag =
T

∑
t=1

Nship

∑
i=1

Pag
i,t agprice

t

(45)

where FCI and Fag represent the electricity purchasing cost of the ship and the auxiliary
engine fuel consumption cost, respectively; PCI

i,t and Pag
i,t represent the shore power elec-

tricity power and auxiliary engine output of the ith ship at moment t, respectively; and
CIprice

t and agprice
t represent the unit cost of the purchased electricity and the unit cost of

consumed fuel by the auxiliary engine at moment t, respectively.

4.1.4. Port Equipment Usage Costs

The intra-day scheduling model includes gas turbines, organic Rankine cycle waste-
heat units, waste heat boilers, photovoltaic stations, wind farms, electrolyzers, and electric,
thermal, and hydrogen storage systems. The equipment usage cost is:

Fuse =
T

∑
t=1

[
CMT PMT,t + CORCPORC,t

+ CWHBPWHB,t + CWT PWT,t + CPV PPV,t

+ CHPPHP,t + CELEPELE,t

+ CESS,e(PESS,e,ch,t + PESS,e,dis,t)

+ CESS,h(PESS,h,ch,t + PESS,h,dis,t)

+ CESS,t(PESS,t,ch,t + PESS,t,dis,t)
]

(46)
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where CMT , CORC, CWHB, CWT , CPV , CHP, CELE, CESS,e, CESS,h, and CESS,t are the unit
usage costs of gas turbines, waste heat power generation units, waste heat boilers, wind
farms, photovoltaic power stations, heat pumps, electrolytic cells, and energy storage
systems (electric, hydrogen, thermal), respectively. PMT,t, PORC,t, PWHB,t, PWT,t, PPV,t,
PHP,t, and PELE,t are the operating power consumption of gas turbines, waste heat power
generation units, waste heat boilers, wind farms, photovoltaic power stations, heat pumps,
and electrolytic cells at moment t, respectively. PESS,e,ch,t, PESS,h,ch,t, and PESS,t,ch,t are the
charging powers of the electric, hydrogen, and thermal energy storage devices at moment t;
and PESS,e,dis,t, PESS,h,dis,t, and PESS,t,dis,t are the discharging powers of the electric, hydrogen,
and thermal energy storage devices at moment t, respectively.

4.2. Constraints
4.2.1. Storage System Constraints

Three storage forms are considered. Hydrogen storage receives hydrogen produced
from surplus electricity through electrolysis and releases it when vehicle or system demand
requires it. Electrical storage charges during surplus generation and discharges during
high-load or low-renewable periods. Thermal storage buffers heat from heating and
conversion devices.

The hydrogen storage constraints are [45]:

VES,h
t+1 = VES,h

t + uch,h
t Pch,h

t − udch,h
t Pdch,h

t

VES,h,min ≤ VES,h
t ≤ VES,h,max

0 ≤ Pch,h
t ≤ Pch,h,max

0 ≤ Pdch,h
t ≤ Pdch,h,max

uch,h
t + udch,h

t ≤ 1

(47)

where uch,h
t and udch,h

t correspond to the hydrogen storage’s charging and discharging state
during period t, with the constraint being less than or equal to 1, representing charging,
discharging, and a non-charging state. Pch,h

t and Pdch,h
t signify the hydrogen storage’s

charge and discharge capacity for period t, with Pch,h,max and Pdch,h,max as the upper limits.
VES,h

t and VES,h
t+1 denote the hydrogen levels at times t and t + 1, respectively; and VES,h,min

and VES,h,max depict the minimum and maximum hydrogen storage capacities.
The electrical storage constraints are [45]:

EES,e
t+1 = EES,e

t + uch,e
t Pch,e

t ηch,e

− udch,e
t Pdch,e

t ηdch,e

EES,e,min ≤ EES,e
t ≤ EES,e,max

0 ≤ Pch,e
t ≤ Pch,e,max

0 ≤ Pdch,e
t ≤ Pdch,e,max

uch,e
t + udch,e

t ≤ 1

(48)

where uch,e
t and udch,e

t indicate the charging and discharging states of electrical storage at
time t. Pch,e

t and Pdch,e
t are the corresponding charging and discharging powers. ηch,e and

ηdch,e denote the charging and discharging efficiencies. EES,e,max and EES,e,min are the upper
and lower electrical storage capacities. Because thermal storage follows the same operating
logic, its constraints are omitted to avoid repetition.
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4.2.2. Energy Supply Device Constraints

Energy supply devices are organized into electrical, thermal, and hydrogen subsys-
tems. The CHP subsystem contains micro-turbines, ORC low-temperature waste-heat
generators, and WHB units. Micro-turbines mainly generate electricity, ORC units recover
waste heat for additional power output, and WHB units provide heat. Photovoltaic ar-
rays and wind turbines supply renewable electricity, heat pumps provide thermal energy,
and electrolyzers convert surplus renewable electricity into hydrogen for storage and
vehicle refueling.

(1) Electrical Supply Device Constraints



0 ≤ PWT
t ≤ PWT,max

t

0 ≤ PPV
t ≤ PPV,max

t

0 ≤ PMT,e
t ≤ PMT,e,max

t

0 ≤ PORC
t ≤ PORC,max

t

nMT,min ≤
PMT,e

t − PMT,e
t−1

PMT,e
t−1

≤ nMT,max

PORC
t = PMT,h

t βrORC

PMT,h
t = PCHP,in

t hMT

PMT,e
t = PCHP,in

t eMT

(49)

where PWT
t , PPV

t , PMT,e
t , and PORC

t are the active power output of wind turbines, photo-
voltaic units, micro-turbines, and ORC devices at time period t, respectively; PMT,h

t is the
thermal power generated by micro-turbines at time period t; PWT,max

t , PPV,max
t , PMT,e,max

t ,
and PORC,max

t are the maximum active power outputs of WT, PV, MT, and ORC at time
period t, respectively; β is the proportion of waste heat allocated by MT units to ORC
units; rORC is the thermal-to-electric efficiency of the ORC unit; eMT is the gas-to-electric
efficiency of the MT unit; hMT is the ratio of the thermal power that can be utilized by
other equipment after the MT unit converts gas to electricity to the input power of the
CHP unit; and nMT,min and nMT,max are the minimum and maximum ramp rates of the gas
turbine, respectively.

(2) Heating Device Constraints
0 ≤ PHP

t ≤ PHP,max
t

0 ≤ PWHB
t ≤ PWHB,max

t

PWHB
t = PMT,h

t (1 − β)rWHB

(50)

where PHP
t and PWHB

t are the thermal outputs of the heat pump and waste heat boiler at
time t; PHP,max

t and PWHB,max
t are their maximum thermal outputs; and rWHB is the WHB

waste-heat conversion ratio.

(3) Hydrogen Energy Device Constraints

An alkaline electrolyzer produces hydrogen using electricity from wind and photo-
voltaic generation. Stable hydrogen production, storage, and vehicle supply are maintained
through the following constraints:

Sele,t = ηeleτ1Pele,t

Pch,h
t = Sele,t

Pdis,h
t = PHV,re f

t

(51)
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where Sele,t is the amount of hydrogen produced by the electrolyzer, ηele is the operational
efficiency of the electrolyzer, τ1 is the amount of hydrogen produced per kWh of electrical
energy, and Pele,t is the power consumption of the electrolyzer.

4.2.3. Energy Balance Constraints

(1) Electrical Load Balance Constraint

PPort,e
t + PShip,e

t + PEV,ch
t + PHP

t + Pele
t − Pgrid

t − PMT,e
t − PORC

t − PPV
t

−PWT
t − Pdch,e

t + Pch,e
t − PEV,dis

t = 0
(52)

where PEV,ch
t and PEV,dis

t are the aggregate charging and discharging powers of electric
heavy-duty vehicles at time t. EV charging is therefore modeled as an electrical load, while
EV discharging is modeled as a flexible supply contribution.

(2) Thermal Load Balance Constraint

Pload,h
t = PWHB

t + PHP
t − Pch,h

t + Pdch,h
t (53)

where Pload,h
t is the system’s thermal load at time t.

5. Simulation Analysis and Discussion
5.1. Model Parameters

The case-study parameters are drawn from related literature and scenario-based sim-
ulation assumptions. Settings for CHP units, electric-vehicle charging and discharging,
demand response, and the carbon-trading penalty mechanism are adapted from the coordi-
nated optimization framework in Ma et al. [42]. Parameters for port equipment, vessels,
hydrogen trucks, and electric trucks are then adjusted to match the scale and modeling re-
quirements of the proposed integrated port energy system. The case study should therefore
be interpreted as a controlled simulation of typical port energy-management conditions
rather than a direct measurement dataset from a specific terminal.

Tables 1–4 list the parameters of port equipment, vessels, hydrogen trucks, and electric
trucks. The ADN coordinated optimization model was solved in MATLAB Release 2022a
(R2022a) on a 64-bit computer equipped with a 12th-generation Intel Core i9-12900K CPU
at 3.20 GHz and 16 GB RAM.

Table 1. Port equipment parameters.

Equipment Name Fundamental Parameter Name Value Economic Parameter
(RMB/kWh)

MT

Power output limits/kW
Electric efficiency
Thermal efficiency
Ramp rate limits

4800/0
0.3
0.6
0.1/−0.1

0.15

ORC Power output limits/kW
Electric efficiency

3200/0
0.8 0.25

WHB Power output limits/kW
Thermal efficiency

6400/0
0.8 0.28

HP Power output limits/kW
Conversion factor

900/0
4.2 0.15

EES Capacity/kWh
Power output limits/kW

9600
3200/−3200 0.11

TES Capacity/kWh
Power output limits/kW

5200
1300/−1300 0.12

HES Capacity/kWh
Power output limits/kW

1500
300/−300 0.26

PV Power output limits/kW 10,800/0 0.20
WT Power output limits/kW 3600/0 0.13
Ele Efficiency 0.6 0.25
CI Upper and lower limits of unit output/kW 100/0 /
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Table 2. Vessel parameters.

Installations Parameters Numerical Value

AG Power output limits/kW
Unit price (RMB/kg)

150/0
1.172

PV Power output limits/kW 200/0

EES
Capacity/kWh
Power output limits/kW

5000
100/−100

Table 3. Parameters of hydrogen load transportation vehicles.

Name Numerical Value Unit

Capacity 50 kg
Maximum and minimum state of charge 0.9/0.1 /
Number of hydrogen vehicles 20 vehicle
Total carrying capacity 300 TEUs
Operational state 3 /

Table 4. Parameters of electric heavy-duty transportation vehicles.

Name Numerical Value Unit

Capacity 500 kg
Maximum and minimum state of charge 0.9/0.1 /
Number of electric vehicles 40 vehicle
Total carrying capacity 400 TEUs
Operational state 4 /

5.2. Solving the DR Model Using Multi-Objective Particle Swarm Optimization

The demand response model is built from the perspective of consumer behavior. It
captures how peak, flat, and valley electricity prices affect flexible load demand, with
two objectives: maximizing user satisfaction and minimizing the load fluctuation rate.
Multi-objective particle swarm optimization is used to solve the model, and the results are
shown in Figures 4 and 5.

Figure 4. Pareto frontier of the demand response optimization.
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Figure 5. Price and load profiles before and after applying demand response.

Figure 4 presents the Pareto frontier between the two objectives. The frontier shows
that lower load fluctuation and higher user satisfaction cannot always be improved si-
multaneously. Because multi-objective particle swarm optimization searches through a
population of particles, it can approximate a set of non-dominated solutions and provide
several feasible price-response strategies for decision makers.

Figure 5 compares the price and load profiles before and after demand response. After
the optimized time-of-use price differentials are applied, part of the load moves from peak
periods to off-peak periods. Table 5 shows that user satisfaction decreases only modestly,
while the load fluctuation rate falls by 56.93%. This result reflects the assumed participation
of flexible loads and should not be interpreted as evidence that all port electricity demand
is fully price-elastic.

Thus, the optimized demand response strategy smooths system load while keeping
user satisfaction within an acceptable range.

Overall, demand response improves system efficiency by using price signals to shift
flexible consumption. Moving load away from peak periods can lower operating pressure,
reduce cost, and create more room for renewable-energy utilization.

Table 5. Customer satisfaction and load volatility before and after demand response.

State Customer Satisfaction Load Volatility

Before demand response 1.00 1.35
After demand response 0.87 0.91

5.3. Dynamic Programming Model Solution for Heavy Transport Vehicles

This subsection analyzes heavy-duty port vehicles under hydrogen and electric drive
modes. The purpose is to show how vehicle operation affects port energy scheduling and
how low-carbon fleets can support green port construction.

5.3.1. Impact of Optimizing Charging and Discharging Price Strategies on the Cost of
Electric Vehicle Usage

Electric heavy-duty vehicles act as both cargo-transport equipment and mobile storage
resources. The initial case sets charging and discharging prices equal. Figure 6 compares
this original profile with the optimized dynamic charging and discharging prices, while
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Figures 7 and 8 report the resulting vehicle states and SOC trajectories. During high-load
periods, uncontrolled charging can aggravate grid pressure. The optimized strategy raises
charging prices to suppress additional demand and increases discharging compensation to
encourage vehicle-to-grid support. Figure 7 shows that more vehicles discharge during
high-load intervals and more vehicles charge during low-load intervals. Figure 8 indicates
that the resulting schedules remain within SOC limits. Table 6 shows that discharge revenue
grows more than charging expenditure, reducing the total vehicle energy-use cost from
22,800 RMB to 18,812.44 RMB.

Figure 6. Original and optimized charging/discharging prices for electric heavy-duty vehicles.

Table 6. Electric-vehicle energy-use cost with and without pricing optimization.

Availability of Tariff
Optimization Strategies Charging Cost/RMB Discharge Proceeds/RMB Total Energy Use Cost/RMB

Not available 35,700 12,900 22,800
Available 38,390.597 19,578.13 18,812.44

(a) (b)

Figure 7. Electric-vehicle operation states before and after pricing optimization. (a) Electric-
vehicle operating states before pricing optimization; (b) Electric-vehicle operating states after
pricing optimization.
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(a) (b)

Figure 8. State-of-charge (SOC) trajectories of electric heavy-duty vehicles under pricing optimization.
(a) SOC trajectories before pricing optimization; (b) SOC trajectories after pricing optimization.

5.3.2. Interaction Between Ports and Hydrogen Vehicles

Hydrogen-fueled vehicles are a practical low-carbon option for port transport because
fuel cells convert hydrogen into electricity for propulsion. Given the conversion efficiency
and operating characteristics considered in this study, hydrogen-vehicle energy cost is
measured as refueling cost, and no discharge revenue is included.

The proposed system uses wind and photovoltaic electricity for electrolysis, stores
the produced hydrogen, and supplies it to vehicles according to demand. Figure 9 shows
electrolyzer power consumption, Figure 10 shows the 24-h hydrogen storage state, and
Figure 11 reports vehicle operating states and tank levels. Because hydrogen vehicles
mainly operate from 4:00 AM to 24:00, daytime refueling demand is relatively high, and
the electrolyzer operates more intensively to maintain storage. During nighttime rest
periods, hydrogen demand falls and electrolyzer load decreases. The results indicate that
the production–storage–use chain can satisfy daily transport demand while keeping storage
operation feasible.

Figure 9. Electrolyzer power consumption during the scheduling horizon.
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Figure 10. Hydrogen storage state over 24 h.

(a) (b)

Figure 11. Operating states and hydrogen-tank levels of hydrogen heavy-duty vehicles. (a) Discrete
operating states of hydrogen heavy-duty vehicles, including transportation, hydrogen refueling, and
idle modes; (b) Temporal evolution of hydrogen-tank state-of-energy under vehicle operation and
refueling scheduling.

5.4. Comprehensive Energy Planning Model for Vessels at Berths

The berth-vessel planning model supplies ship electricity demand during port stays
while minimizing energy-use cost. It coordinates onboard storage, auxiliary engines,
photovoltaic panels, and port shore-power facilities. Figure 12 reports the output of vessel-
side devices, and Figure 13 shows the corresponding power balance. The first group
of ships arrives around 4:00 AM, after which shore-power demand gradually increases.
Early in the berthing period, photovoltaic output is limited, so shore power and auxiliary
generation provide most of the supply. As irradiance rises, onboard photovoltaic generation
contributes more electricity and reduces reliance on auxiliary engines and shore power.
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(a) (b)

(c) (d)

Figure 12. Output of vessel-side energy devices over a 24-h period. (a) Net power balance of ship-side
energy storage and load demand; (b) Shore power supply profile during berth periods; (c) Auxil-
iary engine power output under varying shore power and photovoltaic availability; (d) Shipboard
photovoltaic power generation contributing to vessel energy demand.

Figure 13. Vessel-side power balance during berthing over 24 h.

Figure 13 indicates that shore power, auxiliary generation, photovoltaic output, and
storage operation jointly satisfy vessel-side demand during berthing.

Figure 14 gives the carbon-emission trajectory of ships during berthing and shows
how ship-side scheduling affects auxiliary-engine emissions. Emissions start at 4:00 AM
when the first ships arrive. As more ships berth, emissions increase quickly, especially
between 7:00 AM and 10:00 AM. After 10:00 AM, photovoltaic output rises and replaces
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part of auxiliary-engine generation, so emissions begin to fall. In the evening, departures
reduce the number of berthed vessels, causing emissions to decline further. This pattern
shows that integrated scheduling can maintain ship-side energy supply while reducing
auxiliary-engine emissions.

Figure 14. Ship berthing carbon emissions over 24 h.

5.5. Impact of Five-Tier Carbon Trading Penalty Mechanism Parameters on System
Low-Carbon Dispatching

Carbon quota-trading settings directly affect equipment dispatch and total operating
cost. In this study, the carbon-trading base price and tier-interval length are treated as
policy-intensity parameters. Their effects are examined through simulation rather than
imposed as fixed regulatory values. The simulations therefore evaluate how the tiered
carbon-trading mechanism changes both low-carbon and economic operation.

5.5.1. Analysis of the Impact of Carbon Trading Base Prices on the System

Figure 15 examines the effect of the carbon-trading base price on carbon emissions
and carbon-trading cost.

As Figure 15 shows, the carbon-trading base price influences both actual emissions
and carbon-trading cost. When the base price is low, carbon cost has a limited effect on
the objective function, so the incentive to reduce emissions is weak. As the base price
rises, lower-emission dispatch becomes more attractive, and the system adjusts equipment
output to reduce actual emissions. The reduction is bounded by technical and operational
constraints; after that boundary is approached, further price increases bring only small
emission reductions while carbon cost continues to rise.

Thus, carbon price, emissions, and carbon cost interact nonlinearly. A higher base
price can promote emission reduction, but beyond a certain range the marginal emission-
reduction effect weakens and the economic burden becomes more evident.
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Figure 15. Effect of carbon-trading base price changes on system emissions and cost.

5.5.2. Impact Analysis of Changes in Tiered Trading Interval Lengths

Figure 16 evaluates how tier-interval length changes emission-reduction incentives
and carbon-trading cost.

Figure 16. Effect of tier-interval length changes on system emissions and carbon cost.

As Figure 16 shows, a shorter tier interval makes excess emissions enter higher price
tiers sooner, increasing carbon-trading cost and strengthening low-carbon dispatch pressure.
When the interval length is within (1, 5] t, the narrow interval keeps marginal penalties
high and encourages relatively low emissions. When the interval length is within (5, 9] t,
the same emission level falls into lower marginal tiers, so carbon cost decreases and the in-
centive to reduce emissions weakens. Once the interval length exceeds 9 t, further increases
have limited influence because most excess emissions remain in lower-price intervals.
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Appropriate base prices and tier-interval lengths are therefore important for balancing
economic and low-carbon performance. Well-chosen parameters can reduce emissions
without creating excessive operating cost. In practical port applications, such a mechanism
would require reliable emission accounting, real-time energy monitoring, and consistency
with local carbon-market rules. The parameter analysis in this paper should therefore be
viewed as a mechanism-oriented simulation rather than a direct policy prescription.

5.6. Comparative Analysis of ADN Schedule Operation Plans Under Different Scenarios

To verify the ADN scheduling strategy, four scenarios are compared by changing only
whether demand response and the tiered carbon-penalty mechanism are activated:

Scenario 1: the base case, in which neither demand response nor the tiered carbon-
penalty mechanism is used as a dispatch signal;

Scenario 2: the demand response case, in which only demand response is activated
and the load profile is adjusted according to the optimized time-of-use price response;

Scenario 3: the carbon-penalty case, in which only the tiered carbon-penalty mecha-
nism is activated and excess emissions are internalized in dispatch cost;

Scenario 4: the combined case, in which demand response and the tiered carbon-
penalty mechanism are both activated.

For comparability, all other settings remain unchanged across the four scenarios,
including equipment capacities, unit costs, conversion efficiencies, renewable-generation
profiles, vessel and vehicle quantities, initial load demand, operating constraints, and
solver settings. The differences in cost, energy purchases, and emissions therefore mainly
reflect demand response, the carbon penalty, and their combined effect. Carbon-related
cost is reported in all scenarios, but it acts as an active dispatch signal only when the tiered
carbon-penalty mechanism is enabled.

Although ship auxiliary-engine emissions are included in the five-tier carbon-penalty
mechanism, auxiliary-engine schedules are mainly constrained by shore-power availability
and onboard planning. The tiered penalty therefore mainly internalizes environmental cost
in the optimization rather than directly controlling auxiliary-engine operation, ensuring
that port-side dispatch accounts for all emission sources in the economic evaluation.

Tables 7–9 compare total system cost, energy purchase cost, and low-carbon perfor-
mance across the four scenarios. Figures 17 and 18 show the corresponding electric power
balance and carbon-emission changes. The comparison between Scenarios 1 and 2 isolates
the demand response effect. In Scenario 2, time-of-use prices reshape electricity consump-
tion, reduce high-price grid purchases, and shift part of the load to lower-price periods.
Although equipment usage and some vehicle costs rise slightly, the energy purchase struc-
ture improves. Comparing Scenarios 1 and 4 shows that jointly applying demand response
and the carbon penalty provides the lowest total dispatch cost among the tested cases.

In the scenario comparison, their cost contribution is reflected in Table 9, while emis-
sion reduction remains limited by ship-side constraints.

Table 7. Cost impacts on the port integrated energy system under different scenarios.

Scenario Energy
Purchase

Carbon
Penalty

Equipment
Usage Cost Vessel Vehicle Total Cost

1 106,896.33 44,459.37 129,602.29 36,103.58 65,218.49 382,280.05
2 86,070.95 85,648.48 137,336.33 36,103.58 66,332.44 411,491.77
3 86,236.12 20,420.97 154,025.18 36,103.58 65,218.49 362,004.33
4 80,391.01 25,315.58 144,215.47 36,103.58 66,332.44 352,358.09
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Table 8. Port energy purchase costs under different scenarios.

Scenario Main Grid
Power Purchase Purchase of Gas Total Cost of

Energy Purchased

1 73,149.91 33,746.41 106,896.33
2 37,983.72 48,087.23 86,070.95
3 8271.16 77,964.96 86,236.12
4 18,575.01 61,816.00 80,391.01

Table 9. Low-carbon characteristics of the port energy system under different scenarios.

Scenario Total Cost of Energy Purchased/RMB Actual Carbon Emissions/kg

1 44,459.37 126,058.61
2 85,648.48 107,577.80
3 20,420.97 87,238.83
4 25,315.58 95,143.18

(a) (b)

(c) (d)

Figure 17. Port electric power balance under different operating scenarios. (a) Baseline scenario
without demand response or carbon-penalty mechanism; (b) Scenario with demand response enabled;
(c) Integrated scenario with demand response and tiered carbon-trading penalty; (d) Fully coordinated
optimization scenario considering renewable integration, demand response, and carbon constraints.

The comparison between Scenarios 1 and 3 highlights the role of the tiered carbon
penalty. Once this mechanism is introduced, the energy-consumption pattern changes.
Figure 17a,c show that grid electricity purchases decrease substantially, while CHP uti-
lization increases. This indicates that the model shifts toward lower-carbon and more
cost-effective energy conversion when carbon penalties are internalized.

Greater CHP utilization helps satisfy coupled electricity and heat demand while reduc-
ing total emissions. Lower emissions directly reduce tiered penalty expenses. Compared
with Scenario 1, Scenario 3 reduces carbon emissions by 8.59 tons and saves 24,038.40 yuan,

confirming that an appropriate environmental-cost signal can guide the system toward
cleaner dispatch.

https://doi.org/10.3390/en19132970

https://doi.org/10.3390/en19132970


Energies 2026, 19, 2970 28 of 32

(a) (b)

Figure 18. Comparison of port carbon emissions from electricity and gas consumption under different
operating scenarios. (a) Carbon emissions associated with electricity consumption from grid power
and electricity-based processes under Scenarios 1–4; (b) Carbon emissions associated with gas
consumption and CHP-related energy conversion under Scenarios 1–4.

The scenario comparison also shows that the CHP structure supports coordinated
electricity–heat scheduling. As illustrated in Figures 17 and 19c,d, introducing the carbon
penalty increases CHP utilization and strengthens waste-heat recovery in thermal supply.
Because system thermal balance depends closely on CHP output, optimized CHP operation
improves heat-supply efficiency and emission performance. Scenario 4 further balances
economic dispatch, renewable utilization, and emission reduction.

(a) (b)

(c) (d)

Figure 19. Thermal power balance of the port integrated energy system under different operating
scenarios. (a) Baseline thermal energy balance dominated by conventional CHP and heat supply units;
(b) Thermal dispatch with increased renewable and heat pump participation; (c) Thermal energy
redistribution under demand response and tiered carbon-trading penalty; (d) Fully coordinated
optimization scenario with integrated multi-energy coupling and carbon-aware thermal dispatch.

Among the four scenarios, Scenario 4 combines the advantages of demand re-
sponse and tiered carbon-trading penalties. Relative to Scenario 1, carbon emissions
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fall by 30,915.43 kg, or approximately 24.52%, and economic dispatch cost decreases by
31,035.92 yuan, or about 11.05%. These results show that the proposed strategy can reduce
emissions while maintaining stable and economical port microgrid operation.

6. Results Summary and Validation
The four scenario results validate the proposed port energy management model from

cost, energy-purchase, and emission perspectives. Jointly applying demand response and
the tiered carbon-penalty mechanism reduces electricity purchases, improves the use of
CHP and renewable resources, and lowers carbon emissions while preserving operational
feasibility. The findings are consistent with prior integrated energy-system studies [40,42],
which show that demand response, EV charging optimization, and carbon-cost mecha-
nisms can improve economic and environmental performance. Differences from previous
benchmarks mainly arise from the case-study scale, the inclusion of hydrogen heavy-duty
vehicles, and port-specific operating constraints. Hourly load fluctuations are explained
by vessel arrival randomness and variable renewable generation, both of which are in-
cluded in the simulation. The results confirm that the proposed model captures key port
energy-management dynamics and can support operational planning and policy analysis.

7. Conclusions
Power-system reform and the development of renewable energy, storage, and de-

mand response technologies provide ports with stronger technical support for low-carbon
transformation. This paper proposes an integrated port energy management model that
includes the energy demand of ships and heavy-duty vehicles. The model coordinates
renewable generation, hydrogen production and storage, shore power, vehicle scheduling,
demand response, and tiered carbon penalties to improve economic and environmental
performance. The main conclusions are as follows:

1. A Logistic-function-based demand response model is developed for price optimization.
With user satisfaction and load fluctuation as the two objectives, multi-objective
particle swarm optimization identifies feasible trade-off solutions and links them with
dynamic charging/discharging prices for electric heavy-duty vehicles.

2. A hydrogen production–storage–use framework is constructed for port-area hydrogen
demand. Renewable electricity is converted into hydrogen through electrolysis, stored,
and supplied to hydrogen heavy-duty vehicles, supporting cleaner vehicle operation
and increasing renewable-energy utilization.

3. Free carbon allowances are assigned using the baseline method, and actual emissions
are calculated from dispatch results. The tiered carbon-trading penalty then guides
the system toward lower-emission energy use while maintaining economic feasibility.

This study focuses on grid-connected integrated energy management and provides
a basis for daily port dispatch. In broader applications, especially isolated-island ports
or weak-grid environments, essential operation under limited external energy support
may be more difficult. Future research will therefore examine islanded operation, storage
autonomy, and resilient scheduling under extreme or grid-disconnected conditions.

Future work will also explore how to improve energy-use efficiency while ensuring
continuous port operation, reducing waste, and securing long-term sustainable energy
supply. More flexible and intelligent integrated energy management systems can strengthen
port resilience and self-sufficiency under uncertain renewable output, variable logistics
demand, and extreme operating scenarios.
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