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ABSTRACT: Marine are endowed with abundant renewable resources such as wind and solar energy. The 
rational utilization of these resources through offshore wind turbines and photovoltaic plays a vital role in 
achieving energy conservation and emission reduction for marine energy systems. However, the challenges 
of grid integration and prominent uncertainties caused by large-scale penetration of offshore wind and 
photovoltaic (PV) energy into marine power systems severely threaten power balance, operational stability, 
and reserve allocation. To pursue low-carbon economic operation and collaboratively address source-load 
uncertainties in marine energy systems, this paper proposes a low-carbon economic dispatch model for 
offshore wind-PV grid-connected systems that considers source-load uncertainties and carbon emission 
flow (CEF). A bi-level optimization framework is adopted. The upper level establishes a unit output 
optimization model to handle source-load uncertainties via fuzzy chance-constrained programming, which 
converts the uncertain problem into a deterministic equivalent under a predefined confidence level, with 
the objective of minimizing the total operation cost and carbon cost. The lower level constructs a load 
response model incorporating CEF theory and carbon trading mechanisms to optimize load allocation, 
thereby achieving coordinated reductions in carbon emissions and carbon-related costs. Finally, the 
modified IEEE 57-node system is employed for case studies, and the proposed model is solved and 
validated using the CPLEX solver. The results demonstrate that the presented method can effectively 
mitigate the adverse impacts of offshore renewable energy fluctuations, enhance the stability and low-
carbon economy of marine power systems, and provide a feasible dispatch solution for large-scale grid 
integration of offshore wind and PV energy. 

Keywords: Marine renewable energy; Low-carbon economic dispatch; Source-load uncertainty; Carbon 
emission flow; Demand response; Fuzzy opportunity constrained planning 
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1. Introduction 

With abundant renewable energy resources such as wind and solar, offshore wind and offshore 
photovoltaic power serve as the core support for constructing modern marine energy systems [1]. These 
two sources complement each other in resource availability and output characteristics, effectively 
enhancing the reliability of power supply. Relying on vast marine space, they enable large-scale 
development without occupying terrestrial land resources, featuring high efficiency and environmental 
sustainability [2]. They can provide clean electricity for offshore platforms, islands, marine ranches, 
seawater desalination, deep-sea development, and other scenarios, thereby promoting fossil energy 
substitution and low-carbon transition [3]. Amid the continuous growth of global carbon emissions and 
intensifying climate warming, severe challenges have emerged for the sustainable development of human 
society [4]. To accelerate the process of carbon neutrality and achieve green transformation, the large-scale 
development and utilization of marine renewable energy, represented by offshore wind and offshore 
photovoltaic power, has become an inevitable strategic choice [5,6]. However, the inherent intermittency, 
volatility, and randomness of offshore wind and solar energy introduce considerable uncertainty into 
supply–demand distribution during large-scale grid integration, which seriously threatens the power 
balance, operational stability, and reserve allocation of marine power systems [7]. In particular, such 
uncertainty poses difficulties for accurate carbon emission quantification and for refined low-carbon 
regulation. Traditional dispatch methods usually rely on deterministic models or simple carbon accounting 
approaches, which cannot effectively capture the spatiotemporal carbon flow characteristics embedded in 
power flow, nor can they fully coordinate demand response to reduce carbon emissions from the load side. 
Moreover, the uncertainty of source–load variation is often handled separately from low-carbon dispatch, 
making it difficult to balance economy, low-carbon performance, and operational robustness 
simultaneously. To achieve green, secure, and economic operation of marine energy systems, research on 
low-carbon optimal dispatch has developed rapidly. Low-carbon dispatch requires comprehensive 
consideration of technical and economic factors from both the generation side [8] and the load side [9]. 
Therefore, in marine power systems with high renewable energy penetration, the coordinated optimization 
of economy, environmental protection, and operational safety has become one of the core issues that 
urgently need to be addressed [10,11]. 

1.1. Literature Review 

The inherent volatility of offshore wind and marine solar photovoltaic resources, coupled with large 
deviations in marine load forecasting, represents critical factors that undermine the stable operation of 
marine power systems. Existing studies mainly tackle these uncertainty issues using three categories of 
methods: deterministic methods [12], stochastic programming [13], and fuzzy mathematics [14]. 
Deterministic methods dominated early research but neglected the dynamic nature of uncertainty. This 
tends to cause over-configuration of reserve capacity and cannot adapt to the intermittent fluctuations of 
offshore renewable energy output. Stochastic programming characterizes probability distributions (e.g., 
Weibull distribution [15]) of offshore wind, solar, and marine loads using historical data, and transforms 
uncertainty into probabilistic constraints embedded in dispatch models. However, stochastic programming 
relies heavily on the quality and quantity of historical data; insufficient data will significantly degrade the 
robustness of the model. Fuzzy mathematics describes uncertainty via fuzzy variables without predefining 
probability distributions, making it a research hotspot for handling uncertainty in recent years [16,17]. 
Nevertheless, most studies address source-side or load-side uncertainty separately, without establishing a 
coordinated source-load uncertainty analysis framework for marine energy systems. Furthermore, the 
physical implications of fuzzy parameters in existing fuzzy methods are not linked to power flow and 
carbon emission flow calculations in marine power grids. For marine power systems with high offshore 
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renewable penetration, such approaches cannot provide robust support for accurate quantification of source-
load carbon accountability. 

Carbon emission management [18,19] is the core of low-carbon dispatch for marine energy systems. 
Current research mainly focuses on carbon trading mechanisms [20] and the CEF theory [21], which 
promote carbon reduction from economic incentive and technical quantification perspectives, respectively. 
To date, researchers have made significant progress in carbon trading, verifying that a sound carbon market 
helps maximize the environmental benefits of marine power systems [22,23]. The development of carbon 
markets drives marine power generation entities to actively adjust generation strategies, providing an 
effective way to reduce carbon emissions [24]. In the coordinated dispatch of offshore wind, solar, and 
thermal power, carbon trading shows stronger emission-reduction effects under a high proportion of 
renewable energy [25]. However, most existing studies only couple carbon mechanisms with generation-
side unit dispatch, and lack integration with CEF theory to realize load-side carbon reduction for marine 
users. A collaborative mechanism that optimizes generation-side output and achieves load-side carbon 
reduction through energy conservation in marine power systems has not yet been fully developed. 

Most traditional marine power system dispatching focuses on the optimization of power output from 
generation-side units [26]. The decoupling of source-side and load-side dispatching results in low overall 
optimization efficiency of the power system. Presently, the majority of marine power system dispatching 
strategies employ a bi-level architecture, wherein the upper layer concentrates on optimizing the output of 
power-generating units, while the lower layer validates the power grid’s security constraints [27]. Demand 
response (DR) [28] has gradually become a core tool for load-side regulation, but the quantification of low-
carbon benefits and the source-load coordination mechanism still need to be improved. In addition, DR 
incentives [29] are still dominated by electricity prices, lacking the coordinated guidance of carbon prices 
and carbon flow signals, resulting in a single way to incentivize marine power system to consume electricity 
in a low-carbon manner [30,31]. The CEF accurately characterizes the carbon emission transmission 
relationship among nodes, branches, and loads in the power grid, and identifies the real carbon contribution 
of loads at different times and locations. This provides quantifiable, locatable, and guidable low-carbon 
signals for demand response. Different from traditional carbon accounting, which only calculates the total 
system emissions, CEF reflects the spatiotemporal variations of carbon emissions corresponding to loads. 
Thus, demand response is no longer limited to macro carbon intensity indicators; it can now be implemented 
based on real-time, actual, and flow-explicit carbon emission distributions. Using CEF, high-carbon periods 
and high-carbon node loads can be identified, guiding consumers to use electricity at low-carbon nodes and 
low-carbon periods. In this way, accurate low-carbon-oriented demand response is realized, which can 
significantly improve carbon reduction performance and economic efficiency of dispatch. 

1.2. Contributions of This Work 

To address research gaps in marine energy systems, the paper breaks through the traditional source-
load separate dispatch paradigm. A bi-level optimization framework is proposed, in which the upper level 
focuses on uncertainty optimization on the energy side for offshore renewable energy, and the lower level 
concentrates on low-carbon DR on the load side, with CEF theory as the core technical support. The main 
contributions are summarized as follows: 

(a) A trapezoidal fuzzy parameter approach combined with fuzzy chance-constrained programming is 
developed to handle strong source-load uncertainty in offshore wind-PV marine systems. Wind power, 
PV output, and load are modeled as trapezoidal fuzzy variables, and power balance and reserve 
constraints are converted to deterministic forms under a given confidence level. The method considers 
both source and load uncertainties simultaneously, achieving better reserve and power balance 
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performance than Refs. [13,14]. Unlike stochastic programming [15], it does not require precise 
probability distributions, making it more practical for highly volatile offshore renewable scenarios. 

(b) A CEF-based carbon tracing and allocation mechanism is established for offshore power systems. In 
contrast to conventional generation-side carbon accounting, this approach traces carbon emissions from 
generating units to each load node through power flow calculation, enabling accurate node-level carbon 
quantification for load-side consumers. It provides an explicit carbon signal foundation for 
implementing effective DR. Unlike the traditional carbon accounting methods in Refs. [18,19], the 
proposed mechanism can translate real carbon price signals into actionable DR incentives, which 
cannot be achieved by conventional approaches. 

(c) A bi-level low-carbon economic dispatch model is proposed for coordinated source–load optimization. The 
upper level optimizes unit outputs to minimize operating and carbon costs under uncertainty, while the 
lower level implements CEF-driven low-carbon demand response. This model achieves the coordinated 
optimization of operational security, economic efficiency, and low-carbon performance, which has not been 
fully investigated in existing studies [21,22,26] on offshore wind-PV coordinated dispatch. 

It should be noted that this study has certain limitations that need to be clarified. First, the proposed bi-
level optimization model is verified based on the IEEE 57-node system, and its applicability to large-scale 
actual marine energy systems with more complex topologies and multiple energy sources needs further 
verification. Second, the analysis primarily focuses on integrating offshore wind and PV, without 
considering coordinated operation with other marine renewable energy sources [32] (e.g., wave and tidal 
energy). Third, the demand response model assumes ideal load-side participation, and the impact of actual 
user response willingness and behavior bias on the optimization effect is not fully considered. These 
limitations will be the focus of our future research to further improve the practicality and 
comprehensiveness of the proposed method. 

2. Model Formulation 

2.1. Low-Carbon Optimization Dispatch Model Overall Logic 

The study comprehensively incorporates source-load uncertainty and offshore user-side DR into a bi-
level optimization model for marine power systems, whose overall framework is illustrated in Figure 1. 
The upper-level model minimizes the comprehensive operating cost, including generation cost under 
source-load uncertainty, unit start-up and shutdown cost, and carbon trading cost related to power 
generation. After solving the upper-level model, the optimized output of each generating unit and power 
flow distribution are obtained and then passed to the lower-level model. The lower-level model is 
implemented in three sequential steps: 

Step 1 calculates the CEF distribution of the marine power system using the input data and CEF tracing 
method, and then delivers the CEF variables to Step 2. 

Step 2 establishes a DR model considering DR constraints and interruptible load constraints with tiered 
electricity pricing suitable for the marine load side. 

Step 3 solves the DR model with the objective of minimizing load cost and DR-related cost, to obtain 
the optimized load curve and output the adjusted load power. 

Finally, the upper-level model is updated with the load data after DR implementation, thereby realizing 
the global coordinated optimization of the entire bi-level model for offshore wind-PV integrated marine 
power systems. 
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Figure 1. Two-Stage optimization framework. 

2.2. Two-Layer Optimization Scheduling Model for Marine Energy Systems 

The proposed model consists of an upper-level model and a lower-level model. The upper-level model 
mainly addresses the cost optimization of generation units under uncertainty, in which the cost formulation 
for coal-fired power units is established based on the typical quadratic cost function [33]. The lower-level 
model constructs a demand response model driven by electricity price and carbon price, and the relevant 
demand response mechanism is formulated with reference to the mature framework [34], so as to encourage 
offshore load-side entities to reduce carbon emissions. The carbon emission flow theory and the 
corresponding calculation formulas adopted in this paper are derived from the classical research [35], which 
provides a solid theoretical support for the low-carbon scheduling of the model. 

2.2.1. Upper-Level Model 

The upper-level model considers power generation costs, carbon trading costs, and energy storage 
device operating costs in a comprehensive manner. 

1 2 3 4minC C C C C     (1) 

where C  denotes the total operating cost of the system’s upper-level model; 1C  represents the generation 
cost of thermal power units; 2C  represents the generation cost of PV and WP; 3C  represents the market 
carbon trading cost corresponding to unit carbon emissions; 4C  represents the energy storage (ES) costs. 
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The generation cost of thermal power units is primarily composed of two parts: the start-up and 
shutdown expenses of the units, as well as the fuel consumption costs generated during the power 
generation process. 

 G G2 1
1 , , up

1 1 1 1
( ) 1

N NT Tt t t t
j G j j G j j j j

t j t j
C a P b P c S u u 

   
            (2) 

where ja , jb , and jc  correspond to coal consumption coefficients for thermal power units; ,
t

G jP  is the 

power output of unit j; upS  is start-up cost for the unit j; t
ju  is start-up status of unit j, which takes a value 

of 1 or 0; GN  is the set of units. 

The costs associated with WP and PV power generation are primarily their operating costs: 

   T

2 v v v w w w
1

t t t t

t
C k P P k P P


      

   (3) 

where T denotes the total dispatch time period, set to 24 h; w v,k k  stands for the unit operating cost of WP 

and PV power; w
tP  and v

tP  represent the WP and PV power integrated into the grid after uncertainty 

processing, respectively; w
tP  and t

vP  refer to the actual consumed power of WP and PV power during time 

t, respectively. 
The market-oriented carbon trading cost for generation-side units adopts a stepped carbon emission 

pricing mechanism, which divides total carbon emissions into three intervals. The specific calculation 
formulas are as follows: 
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
    (5) 

G

P , ,
1

T
N

t t
G j G j

j
M P


    (6) 

where   represents the carbon trading base price; d stands for the length of each carbon emission interval; 

L
tM  refers to the carbon emission quota allocated to the system’s generation side; P

tM  denotes the total 
carbon emissions within the scheduling period; ,G j is the CO2 emission allocation coefficient 

corresponding to unit electricity generation of unit j; T  represents the operating duration of each thermal 
power unit j; ,G j  denotes carbon emission intensity of the unit j; τ represents the carbon price growth rate. 

The comprehensive utilization cost of the ES is expressed as follows: 

 T

4 sc, sd,
1 1

eN
t t

e e e
t e

C c P P
 
    (7) 

where eN  is the set of ES; ec  stands for the unit charge-discharge cost coefficient of ES devices; sc,
t

eP  

and sd,
t

eP  refers to the charging power and discharging power of ES device e at time t, respectively. 

2.2.2. Upper-Level Constraints 

Thermal Power Unit Operation Constraints 

The constraints primarily involve their maximum output and ramping rate, which can be formulated as 
follows: 
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min max
G, , , G, ,

t
j t G j j tP P P   (8) 

1
d, , , u,

t t
j G j G j jr t P P r t       (9) 

where min max
G, , G, ,,  j t j tP P  denote the minimum and maximum output limits of the thermal power unit at node j; d, jr

and u, jr  represent the upper and lower bounds of the load change rate when thermal power unit j increases 

or decreases its output, respectively. 

Renewable Energy Output Constraints 

The outputs of WP and PV power need to meet the power demand constraints of each node under the 
scenario of insufficient unit output: 

max
w w

max
v v

min
w v L G

0

0

0

t

t

t t t

P P

P P

P P P P



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 

 
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 (10) 

where max
wP  and max

vP  denote the upper limit of the output power of marine renewable energy units, 

respectively; min
GP  represents the total minimum output of all thermal power units. Specifically, when the 

output of renewable energy units is insufficient, their actual outputs should comply with the power demand 
constraints of each node in the system. 

Energy Storage Constraints 

  sd,
1 , , sc, ,

,

1
t

et
t t i sc t sc t e sd t

sd t

P
S S u P u t 


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 
 (11) 

, , 1sc t sd tu u   (12) 

,min ,maxt t tS S S   (13) 

, ,1t T tS S  (14) 
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0

0

t
e sc t sc

t
e sd t sd

P u P

P u P

  
  

 (15) 

where tS  denotes the ES capacity at time t; i  represents the energy storage loss coefficient of ES; ,sc t

and ,sd t  represent the charging and discharging efficiency at time t, respectively; ,sc tu  and ,sd tu  indicate 

the charging and discharging states, respectively; ,mintS  and ,maxtS  are the upper and lower capacity limits 

of ES; ,maxscP  and ,maxsdP  represent the maximum charging and discharging power of ES, respectively. 

Power Balance Constraints 

In handling power balance constraints, the paper adopts the fuzzy opportunity constraint method with 
fuzzy variables. When dealing with uncertain variables in balance constraints, the fuzzy chance constraint 
method incorporating fuzzy variables is applied. When a linear relationship exists, fuzzy parameters are 
separated from decision variables and converted into clear equivalent classes for processing, with specific 
processing methods as follows: 
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When the confidence level is set to 1 2  , the clear equivalence class of   , 0rP g x     is defined 
as follows: 

             3 2 4 1 0
1 1
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 
         (16) 

where  1 4 1, 2, , ,k kr r k t t R    denotes the membership function of the trapezoidal fuzzy parameter; 

,  k kh h   represent two hypothetical auxiliary functions;  0h x  is a sub-function of  ,g x  . The expression 

of the system’s trapezoidal fuzzy parameter is given by: 

   1 2 3 4 1 2 3 4, , , , , ,foreP r r r r P w w w w   (17) 

where P  denotes the system’s fuzzy parameter at time t; Pfore represents the predicted value of the target 
parameter; 1 4w w  is the proportional parameter, which can be derived from the historical operational data 

of fuzzy parameters. Thus, the system’s power balance constraints are converted into clear equivalence 
class forms, with triangular fuzzy parameters and clear equivalence classes applied to WP, PV power, and 
electrical loads: 
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where Li Wi,  t tP P  and Vi
tP  are the membership functions of the electrical load, WP, and PV power at time t 

after triangular fuzzification, respectively. The above equations illustrate that after triangular fuzzification, 
the node power at time t remains in a balanced state. To ensure the system possesses sufficient reserve 
capacity to meet the standby requirements for normal and stable operation when accounting for the output 
uncertainty of marine renewable energy, the following rotational reserve constraints are incorporated. 

The clear equivalence class of rotational reserve is: 

  G max
L2 w2 v2 L3 w1 v1 sc, sd, ,

1
2 2 0

N
t t t t t t t t t

e e j G j
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2.2.3. Lower-Level Model 

The lower-level model is a DR optimization model, with the objective of minimizing the total load-
side costs: 

1 2 3 4min F F F F F     (23) 

where F  denotes the total operating cost of the lower-level model; 1F  stands for the DR cost; represents 
the compensation cost for interruptible loads; 2F  refers to the carbon emission cost. 

The DR cost is computed based on the increment and decrement of the DR, as specified below: 

 1 up down
1

Nt t t
DR

t
F c DR DR


   (24) 
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where tN  is the total scheduling time, typically set to 24 h; DRc  denotes the unit DR cost; up
tDR  and 

down
tDR  are the increment and decrement of DR at time t, respectively. 

When the power supply is inadequate during the electricity consumption peak period, interruptible 
loads are temporarily curtailed or suspended in accordance with the agreements signed with the electricity 
department. This measure helps maintain the balance between supply and demand during peak electricity 
consumption periods. 

2 int L,int
1

nm

m
F K P


  (25) 

where nm  is the number of interruptible loads; intK  is the unit compensation cost signed by interruptible 
loads; L,intP  is the interruptible load of interruptible loads. 

The carbon cost of the load-side electricity consumption is calculated using a stepped carbon price. 
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where L,LoadE  denotes the carbon emission quota at time t; L  stands for the unit carbon quota coefficient 

corresponding to load-side electricity consumption; μ is the carbon trading base price; k refers to the carbon 
trading price growth rate for each excess of the carbon emission interval boundary; tE  is the carbon 

emissions generated from user-side electricity consumption at time t. 
When the carbon emissions arising from marine load-side electricity consumption at time t are below 

the allocated carbon emission quota, the excess carbon emission quota can be traded in the carbon market 
to secure economic returns. The load-side adopts time-of-use (TOU) electricity pricing for electricity fee 
calculation. By setting differentiated electricity prices for different time periods, the marine load-side is 
encouraged to arrange their electricity consumption time in a reasonable manner. The electricity fee 
calculation formula is given as follows: 

4 ToU, mgb
1

tN
t

t
t

F C P

  (29) 

where ToU,tC  is the TOU electricity price at time t; mgb
tP  represents the electricity consumption of the 

marine load-side. 

2.2.4. Lower-Level Constraints 

System Node Load Change Constraint 

The load after DR equals the sum of the pre-response load and the load adjustment amount. Within the 
scheduling period D, the total system load remains unchanged before and after the implementation of DR: 
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 (30) 
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where   is the adjustable proportion of DR; L,before
tP  represents the load at time t before DR; L,after

tP  stands 

for the load at time t after DR. 

Interruptible Load Constraint 

The physical implications of each row in the formulas are as follows: the first row denotes the constraint 
on interruptible loads at each level; the second row represents the continuity constraint for interruptible 
loads; the third row indicates that the actual electricity consumption of the load equals the post-response 
load minus the interruptible load at each level. 

Lint, int, L

1
Lint, L int, L

L,after L int, mgb
1 1

0

0.2

t n

t t
m m

t t t
m m

N m
t t t
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
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 


 

  

  
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 (31) 

where int,mC  stands for the proportion of the maximum interruptible load corresponding to the m-th level; 

L int,
t

mP  denotes the variation of interruptible load for m-th level. 

3. Solution Methodology 

3.1. The Carbon Emission Flow Theory 

The CEF calculation method acts as the core technical support throughout the bi-level optimal 
dispatching model of this study. Conventional approaches only assess the system’s carbon intensity through 
the total emissions of thermal power units, failing to quantify the carbon emissions related to load-side 
electricity consumption—this leads to a lack of effective basis for load-side low-carbon DR. This chapter 
intends to establish a comprehensive CEF calculation method covering both the source and load sides, 
offering technical backing for the subsequent low-carbon optimization [35]. 

1. The calculation formula for the carbon flow fed into the power grid by thermal power unit j within 
each time unit is expressed as follows: 

G ,jj

t
G j

t
GR P   (32) 

2. By leveraging the power flow tracing technique, the carbon flow originating from generating units 
is distributed to individual transmission branches. The calculation formula for the branch carbon flow rate 
is expressed as follows: 

,

,

,

, ,
1

G j

j t

t
N G i jt t

B i j G
j

G j

P
R

P
R


   (33) 

where , ,j

t
G i jP  represents the power component flowing from thermal power unit j to branch i. 

3. Node carbon potential t
iNCI  refers to the source-side equivalent carbon emissions corresponding to unit 

load electricity consumption. As a core indicator linking the source and load sides, its formula is as follows: 

,

ori,

,

t

t
B i j

t

i

k i
i

R
N

P
CI 


  (34) 

where t
iNCI  represent the carbon potential and original load power of node i at time t, respectively. 

4. The load carbon flow rate denotes the carbon consumption of the load within each unit time, and its 
corresponding calculation formula is expressed as follows: 

o ,, pt
t t
L i i

t
iR PNCI   (35) 
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where opt,
t

iP  is the optimized load power of node i at time t. 

5. Finally, the carbon emissions of the load at time t are derived as follows: 

,

I t
t L i

i
E R t   (36) 

3.2. The Source-Load Uncertainty in Marine Energy Systems 

To guarantee the safe and stable operation of the power system, it is essential to maintain internal load 
balance and reserve adequate standby capacity. Thus, when scheduling the output of various units in the 
power system, both the equality balance constraints and inequality balance constraints of the system must 
be taken into account. At present, there are multiple approaches for researching the uncertainty prediction 
of WP integration and load power. However, affected by various factors, deviations exist between the 
predicted results and the actual power output as well as the load power. Particularly in large-scale systems 
with extensive WP integration, prediction deviations are non-negligible. In the day-ahead scheduling model 
of the power system, WP output, PV output, and load power are all regarded as uncertain variables. To analyze 
these uncertain variables, this study introduces fuzzy variables and converts WP output, PV output, and load 
power into WP fuzzy parameters, PV fuzzy parameters, and load fuzzy parameters, respectively [36]. 

For the stable operation of the power system, strict power equation balance constraints and rotational 
reserve inequality balance constraints are required. It is essential to concurrently account for the prediction 
deviations of the offshore WP, PV, and marine electric loads simultaneously, and their corresponding 
constraints can be formulated as follows: 

  G

L fore w ,fore v fore w v w v L 1
0

n

t , t t , t t t t t iti
P P P P P P  


            (37) 

  G max

L for wt,fore vt,fore w v w v L 1
0

n

t , e t t t t t iti
P P P P P P  


            (38) 

where v ,foretP  denotes the predicted value of the power load; Lt  represents the prediction error of the 

power load; w ,foretP  is the predicted value of WP; v ,foretP  stands for the predicted value of PV power; wt  

refers to the prediction error of WP; vt  is the prediction error of PV; wtP  is the curtailed WP in the WP 
dispatch plan; vtP  is the curtailed solar power in the PV dispatch plan; Gn  stands for the number of 

conventional thermal power units; itP  denotes the output of conventional thermal power unit i; max
iP  is 

the maximum output of conventional thermal power unit i. 
In addition to the inherent output constraints of uncertain variables in the system, both the system 

power balance constraints and the system rotational reserve constraints involve uncertain variables. Under 
such circumstances, the constraints applicable under deterministic conditions will no longer be held. When 
scheduling the unit output in day-ahead dispatch, it is necessary to additionally consider the impact of 
system uncertainty. In this study, to address the uncertainties in WP, PV power, and power load, fuzzy 
parameters and a confidence level α are introduced to relax the power balance and rotational reserve 
constraints into a problem under the confidence level α. This guarantees that the probability of meeting 
these constraints does not fall below the predefined confidence level. On this basis, the constraints 
containing uncertainty are reconstructed as follows: 

 G

L v w 1
min 0

n

r t t t iti
P P P P P 


        (39) 

 G max

L 1
min 0

n

r t vt wt ii
P P P P P 


        (40) 

where  rP   denotes the occurrence likelihood of the event; α represents the preset confidence level. 

During the optimization process, conventional thermal power units are utilized to provide reserve capacity 
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for the uncertainties of load, WP, and PV power. This approach considers the probability of achieving a 
balance between the system’s power supply and load consumption under a confidence level acceptable to 
decision-makers. In contrast to deterministic constraints, the system reliability opportunity constraints have 
already incorporated the handling of system uncertainties. Since the output of conventional thermal power 
units already includes reserve power, there is no need for additional reserve power configuration. 

The core concept of fuzzy opportunity-constrained planning is to permit the scheduling results to not 
fully meet the constraints to a certain degree, while ensuring that the valid probability of the scheduling 
results is not lower than the pre-specified confidence level. The single-objective opportunity-constrained 
planning model involving fuzzy variables is formulated as follows: 

 
  

min

0r

g y,

s.t. P h y,



 




 
 (41) 

where y stands for the decision variables;  ,g y   represents the objective function of the model;  ,h y   

denotes constraint functions; α is the confidence level predefined by the system. 

3.3. Solution Step 

The solution steps for the proposed model in the research are depicted in Figure 2. 

 

Figure 2. Model solution flowchart. 

4. Case Study 

4.1. Basic Data and Parameters 

To verify the effectiveness of the proposed model, the modified IEEE 57-node system is used to 
emulate a typical offshore wind-PV integrated marine energy system and solve the two-stage optimization 
model by invoking the CPLEX solver through MATLAB. The system’s topological structure is illustrated 
in detail in Figure 3. The system comprises 7 generating units, which are connected to nodes 1, 2, 3, 6, 8, 
9, and 12, respectively. The basic operating parameters of thermal power units are presented in Tables 1 
and 2. Nodes 9 and 12 are designated as the integration nodes for the offshore WP and PV power, with their 
total installed capacities being 300 MW and 50 MW, respectively. The 24-h load forecast values, WP 
forecast outputs, and PV power forecast outputs are depicted in Figure 4. The trapezoidal fuzzy membership 
parameter values corresponding to the offshore WP, PV power, and electrical load are detailed in Table 3. 
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In this study, the carbon emission interval length is set to 100 t, the carbon trading price growth rate is 
25%, and the base carbon trading price in the carbon market is 50 yuan/t. The carbon allocation coefficient 
for unit electricity consumption on the load side is determined as 0.65, and the system reliability confidence 
level is specified as 0.9. 

Table 1. Key operating parameters of thermal power units. 

Unit
Min Output 

(MW) 
Max Output 

(MW) 
Ramp Constraint 

(MW) 
Min Start-Up 

Time (h) 
Min Shutdown 

Time (h) 
Start-Up/Shutdown Cost 

(￥/MW) 

1 230 460 240 8 8 25.6 
2 200 400 210 7 7 22.3 
3 150 350 150 6 6 16.2 
4 120 300 120 4 4 12.3 
5 70 150 70 3 3 4.6 

Table 2. Carbon emission parameters of conventional thermal power units. 

Unit 
a  

(×10−5) 
b  

(×10−5) 
c  

(×10−5) 

G j


 
(tCo2/MW) 

G j


 
(tCo2/MW) 

1 1.02 0.277 9.2 0.877 0.94 
2 1.21 0.288 8.8 0.877 0.94 
3 2.17 0.29 7.2 0.877 0.94 
4 3.42 0.292 5.2 0.877 0.94 
5 6.63 0.306 3.5 0.979 1.03 

Table 3. Trapezoidal fuzzy membership degree parameters. 

Fuzzy Parameter Object 1w  2w  3w  

WP 0.6 1 1.4 
PV output 0.5 1 1.5 

Load 0.9 1 1.1 

 

Figure 3. IEEE 57-bus electrical wiring diagram. Note: Numbers (1–57) denote bus IDs; downward-pointing arrows represent 
load buses; the “II” mark is a graphical indicator for double-line transmission branches and has no specific physical implication. 
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Figure 4. The power prediction of the offshore WT, PV, and electrical loads. 

4.2. Analysis of Power Dispatch Results 

To verify the effectiveness of the optimized dispatch model integrating CEF theory, fuzzy opportunity 
constraints, and the DR model, three analytical scenarios are designed to cover safety-oriented, economy-
oriented, and comprehensive optimization of safety, economy, and environmental protection. The specific 
settings are as follows: 

Scenario 1: The upper-level model adopts a fuzzy opportunity constraint approach to address the 
uncertainties of the offshore WP, PV output, and load of the marine energy system. The lower-level model 
does not incorporate the DR mechanism, focusing solely on the operational optimization of source-side 
units without load-side flexible adjustment. 

Scenario 2: The upper-level model employs deterministic constraints on the system’s power balance 
requirements. To cope with the uncertainties of the offshore WP, PV output, and load forecasting, the 
system’s rotational reserve capacity is set to 20% of the total grid-connected capacity of renewable energy, 
and the electrical load forecast value is adjusted to 90% of the original load forecast value. The lower-level 
model introduces the constructed DR model to realize load-side flexibility regulation. 

Scenario 3: The upper-level model uses a fuzzy opportunity constraint model to address uncertainty 
issues. The DR model is introduced in the lower-level model. 

The total operating costs, total carbon emissions, and total reserve capacity under different scenarios 
are presented in Table 4. Scenario 3 employs the bi-level low-carbon dispatch model proposed in this paper, 
which features the lowest carbon emissions and the optimal comprehensive operating costs. Compared with 
Scenario 1, the proposed model reduces carbon emissions by 16.05% and comprehensive operating costs 
by 15.75%. Meanwhile, the total reserve capacity decreases by 387.3 MW during the same dispatch cycle. 
This improvement arises because Scenario 1 does not involve load-side DR, thus requiring extra reserve 
capacity to ensure the safe and stable operation of the marine power system during peak load periods. The 
comparison between Scenario 1 and 3 demonstrates that DR implementation encourages offshore load-side 
adoption of low-carbon power consumption patterns, effectively reducing carbon emissions, 
comprehensive operating costs, and the reserve capacity requirements of generation units. 

Table 4. Operational comparison of different scenarios. 

Scenario 
Total Carbon Emissions 

(tons) 
Total Operating Cost 

(×104 yuan) 
Total Reserve Capacity 

(MW) 
1 47,349.68 1414.80 3120.2 
2 41,341.23 1211.69 2517.4 
3 39,653.93 1192.00 2732.9 
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Compared with Scenario 2, Scenario 3 reduces carbon emissions by approximately 4.08% and 
comprehensive operating costs by about 1.63%, which confirms its superior low-carbon and economic 
performance. However, the total reserve capacity of units increases by 215.5 MW. The main reason is that 
Scenario 2 adopts deterministic power balance constraints, which ignore the forecasting errors of offshore 
WP, offshore PV output, and marine electrical loads. Accordingly, power generation can be scheduled only 
according to the preset forecasting scheme without high reserve capacity. In contrast, Scenario 3 adopts the 
fuzzy chance-constrained model, which considers power balance under a specified confidence level to 
guarantee the operational security of the marine power system. Therefore, the dispatch strategy is more 
consistent with the practical operation characteristics of offshore renewable-integrated marine energy systems. 

The load variations before and after the implementation of DR are depicted in Figure 5. During the 
peak electricity consumption period (9:00–15:00), the marine electrical load shows a remarkable reduction 
after the DR mechanism is applied. By contrast, during off-peak periods (1:00–6:00 and 23:00–24:00), the 
load increases slightly, contributing to a more balanced load distribution across the marine power grid. This 
phenomenon can be explained as follows: during peak hours, the power supply capacity of the offshore 
system is relatively tight. Users with interruptible load qualifications voluntarily reduce or suspend their 
power consumption in accordance with agreements signed with the grid operator, which effectively relieves 
the load pressure of the marine system during peak periods. Users can shift part of their transferable load 
to off-peak hours and take advantage of the TOU pricing policy to lower their electricity costs. During off-
peak hours, the lower electricity prices motivate users to increase power consumption, thus improving the 
utilization efficiency of marine renewable energy resources. From an energy management perspective, 
offshore load-side DR enables peak shaving and valley filling of electrical loads in marine systems. 
Through flexible load regulation, the overall operational efficiency of the marine power system is enhanced, 
reducing both generation costs and grid losses while keeping the total electrical load unchanged. 

 

Figure 5. Electric load before and after demand response. 

The dispatch results over one dispatch cycle after the implementation of interruptible load agreements 
are illustrated in Figure 6. The figure shows the 24 h active power variations of three level interruptible 
loads and the fluctuation trend of market electricity prices in the marine power system. The active power 
response of each interruptible load level differs considerably across periods. Nevertheless, during hours 
with high electricity prices, the active power adjustment of these loads clearly reflects a rational response 
to economic incentives. 

Each level of interruptible load responds dynamically to TOU electricity price changes. Specifically, 
whether evaluated individually or in terms of their overall superposition, the active power of interruptible 
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loads rises with increasing electricity prices and falls with decreasing prices. This achieves precise 
coordination among load interruption, system operational demand, and economic incentives. Offshore users 
can strategically participate in demand-side response to reduce electricity costs during peak periods, while 
the marine power grid effectively relieves peak operational pressure. 

 

Figure 6. Scheduling results of interruptible loads. 

Both Scenario 1 and Scenario 3 adopt the fuzzy chance-constrained model, where the output of each 
generating unit satisfies the power balance under a 0.9 confidence level, meeting the expected requirements 
of decision-makers for marine power system operation. The unit outputs before and after optimization are 
illustrated in Figure 7. As shown in Figure 7a, during the peak electricity consumption period (9:00–15:00) 
prior to optimization, the outputs of conventional thermal power units 2, 3, and 4 increased significantly to 
meet the marine load demand. However, thermal power generation is associated with substantial carbon 
emissions, hindering the low-carbon, sustainable development of marine energy systems. Offshore 
renewable energy units (offshore wind and PV) exhibit large output fluctuations due to the variability of 
marine natural conditions, and their intermittency poses challenges to a stable power supply during peak 
load periods. Although energy storage devices can regulate the balance between power supply and 
consumption by charging during off-peak periods and discharging during peak periods, their adjustment 
capability is limited by capacity and efficiency constraints in marine scenarios. 

Figure 7b demonstrates significant changes in the output distribution of generating units after 
optimization. The DR strategy effectively achieved peak shaving for peak-period marine loads, alleviating 
the power generation pressure on units during peak hours. During the 10:00–14:00 window, the original 
marine load demand required units 1, 2, and 3 to operate at full load, with units 4 and 5 running at high 
efficiency. After optimization, unit 1 still needs to operate at full load, while units 2 and 5 can meet the load 
demand with lower output levels. Additionally, the output of each thermal power unit becomes more stable 
across different time periods, ensuring the operational stability of the marine power system, reducing unit 
maintenance costs, and extending the service life of power generation equipment. Meanwhile, as DR 
optimizes the marine load curve, offshore renewable energy units can participate in power supply more 
effectively throughout the day, increasing the proportion of renewable energy generation in the marine 
power system. In summary, the adoption of the DR model results in a smoother system load curve, reducing 
the output of thermal power units during peak periods and facilitating better absorption of offshore 
renewable energy output. 



Mar. Energy Res. 2026, 3(2), 10008. doi:10.70322/mer.2026.10008 17 of 22 

 

  

(a) (b) 

Figure 7. Generator output before and after optimization. (a) Before optimization; (b) after optimization. 

4.3. Carbon Emission Scheduling Results Analysis 

4.3.1. Analysis of Carbon Emissions from Power Generation 

Within the dispatch cycle, the carbon emissions of each generating unit before and after optimization 
are illustrated in Figure 8. After optimization, the carbon emissions of the entire marine power generation 
system show a significant reduction, decreasing by approximately 16.5% within the same dispatch cycle. 
This reduction is primarily attributed to the effective mitigation of offshore users’ peak-period load and the 
improved absorption rate of offshore WP and PV power in the marine system. Additionally, during peak 
electricity consumption periods, measures such as interruptible load response reduce the system’s power 
generation demand, avoiding the need for generating units to operate at full load and thereby cutting down 
fossil fuel consumption and carbon dioxide emissions in marine power systems. 

  

(a) (b) 

Figure 8. Carbon emissions of thermal power units before and after optimization. (a) Before optimization; (b) after optimization. 

As shown in Figure 8b, the carbon emissions of each generating unit vary relatively moderately during 
off-peak periods. This indicates that while DR effectively reduces carbon emissions during peak periods, it 
does not exert a negative impact on power supply stability and carbon emission levels during off-peak 
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periods of the marine system. The optimized carbon emission curve is more stable, reflecting that under the 
regulation of DR, the carbon emissions of the marine power system are more consistent and predictable, 
which is conducive to the low-carbon management and stable operation of offshore renewable-integrated 
energy systems. 

4.3.2. Analysis of Carbon Emissions from the User Side 

Based on the optimal dispatch results at the upper level, load-side carbon emissions are calculated 
using CEF theory. The load-side carbon emissions before and after DR, as well as the carbon emission 
characteristics under interruptible load dispatch, are illustrated in Figure 9. As shown in the figure, the 
reduction in load demand effectively suppresses load-side carbon emissions, especially during peak 
electricity consumption periods. Combined with Table 5, it can be concluded that the total load-side carbon 
emissions of the marine power system decrease over the entire dispatch cycle. After implementing 
interruptible load dispatch, the load-side carbon emission cost is reduced by 2.86%, and the total carbon 
emissions are decreased by 17.65% within one dispatch cycle, respectively. 

 

Figure 9. Comparison of carbon emission on load side before and after system demand response. 

Table 5. Comparison before and after demand response. 

Before and After Response 
Total Load-Side Carbon Emissions 

(tons) 
Total Load-Side Carbon Emissions Cost (yuan) 

Before response 22,123.4 220,466 
After response 21,941.2 214,153 

After interruptible load dispatch 18,218.3 174,161 

It is evident that interruptible load response can effectively relieve the electricity supply pressure of 
the marine system, while significantly reducing the total carbon emissions and carbon-related costs on the 
offshore load side. The above analysis demonstrates that compensation for interruptible loads and the 
corresponding reduction in power demand have a remarkable effect on lowering system carbon emissions, 
which verifies the rationality and effectiveness of the proposed bi-level low-carbon optimal dispatch model 
for offshore wind-PV integrated marine energy systems. 

In summary, demand response and interruptible load dispatch can not only effectively reduce carbon 
emissions during peak periods but also enhance the stability of load-side carbon emissions, thereby 
promoting more efficient, low-carbon operation of the entire marine power system. 
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4.4. Impact Analysis of Confidence Level in Fuzzy Chance-Constrained Programming 

To verify the robustness of the proposed fuzzy chance-constrained model and the rationality of 
parameter selection, sensitivity analysis is carried out under four typical confidence levels: α = 0.8, 0.85, 
0.9, and 0.95. The effects of the confidence level on three key system indices, namely total operating cost, 
total carbon emissions, and total reserve capacity, are investigated in detail to provide a scientific basis for 
determining the confidence level used in the paper. 

As shown in Table 6, with the increase of the confidence level, the system operating cost and reserve 
capacity increase gradually, while the carbon emissions decrease slightly and tend to be stable. The reserve 
capacity is the most sensitive to the confidence level and shows approximately linear growth. Carbon 
emissions are mainly dominated by carbon trading, carbon emission flow tracing, and demand response, 
and are barely affected by the confidence level, reflecting the strong robustness of the proposed low-carbon 
dispatch framework. In terms of variation trend, the growth rates of total operating cost and total reserve 
capacity from 0.9 to 0.95 are significantly higher than those from 0.8 to 0.9. The comprehensive analysis 
demonstrates that α = 0.9 achieves the optimal balance among operational economy, carbon emission 
reduction, and reserve capacity allocation. It not only meets the security constraints of offshore power 
systems under source-load uncertainty but also avoids excessive cost and reserve waste caused by over-
conservatism, showing good engineering practicability. 

Table 6. Comparison of different confidence levels. 

α 
Total Operating Cost 

(×104 yuan) 
Total Carbon Emissions 

(tons) 
Total Reserve Capacity 

(MW) 
0.80 1168.5 39,981.2 2415.1 
0.85 1179.3 39,762.5 2578.6 
0.90 1192.0 39,653.9 2732.9 
0.95 1215.7 39,610.3 2964.2 

5. Conclusions 

This paper proposes a bi-level low-carbon economic dispatch model for offshore wind-PV grid-
connected marine power systems that fully considers source-load uncertainty and carbon emission flow. 
The upper layer addresses the randomness and volatility of offshore renewable energy and marine loads 
using trapezoidal fuzzy parameters and fuzzy chance-constrained programming, to realize the economic 
and low-carbon output optimization of generating units. The lower layer constructs a low-carbon demand 
response model driven by carbon price signals and CEF-based node carbon quantification, achieving 
coordinated optimization of generation-side economy and load-side emission reduction. Based on the 
modified IEEE 57-node system and CPLEX solver, the effectiveness and advancement of the proposed 
model are verified. The main conclusions are drawn as follows: 

(a) The trapezoidal fuzzy parameter method can effectively address source-load uncertainty under large-
scale offshore wind and PV grid integration. By optimizing the output of thermal power units through 
fuzzy chance constraints under a preset confidence level, the method ensures system operational 
security while reducing reserve capacity and overall operating costs of marine power systems 

(b) Integrating CEF theory with a stepwise carbon trading mechanism enables accurate allocation of 
generation-side carbon emissions to the load side. This allows direct quantification of offshore user-
side carbon emissions and effective transmission of carbon price signals. Numerical results show that 
this scheme brings a 17.65% reduction in load-side carbon emissions and a 21% decrease in carbon-
related costs, which significantly improves the low-carbon performance of the marine power system. 
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(c) The proposed bi-level optimal dispatching model, with CEF as the coupling link, achieves significant 
performance improvements. Case studies comparing three scenarios demonstrate that the model 
reduces total system carbon emissions by 16.05% and comprehensive operating costs by 15.75%. It 
realizes the coordinated optimization of safety, economy, and environmental friendliness for marine 
power systems with large-scale offshore renewable integration, providing a feasible technical pathway 
for the low-carbon transition of marine energy systems. 

6. Research Limitations and Future Research Directions 

Despite the effectiveness and superiority of the proposed method demonstrated via simulations on the 
IEEE 57-node test system, this study still has limitations that deserve further investigation. First, the 
simulation validation is limited to a standard test system rather than a practical, large scale power grid. 
Although the proposed model and framework are modular and theoretically scalable, their performance under 
actual grid topology, real world operation data, and complex operational rules still needs to be verified in 
engineering practice. Second, computational performance under large scale scenarios with massive variables 
and constraints is not fully tested, and more efficient solving strategies such as decomposition methods or 
parallel computing deserve to be explored to improve computational efficiency. Third, this study focuses on 
day ahead scheduling, and more real time operation constraints, communication delays, and dynamic 
adjustment mechanisms can be further considered to enhance the practicality of the proposed method. Future 
work will extend the proposed method to practical large scale offshore wind PV integrated power systems 
and combine advanced optimization techniques to promote engineering application. 
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