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Following the proposal of "carbon neutrality and peak carbon emissions" goals, electrical energy substitution has
emerged as a key strategy for sustainable development across various industries. As a crucial component of agricultural
development globally, this paper introduces a particle swarm optimization vector regression method to predict the potential
for electrical energy substitution in the fisheries sector. Initially, this article analyzes the key factors influencing the
electrical energy substitution in fisheries from technological, economic, and policy perspectives. To explore how these
various factors influence the potential for energy substitution, a Support Vector Regression (SVR) algorithm is applied. This
SVR model's performance is subsequently improved by optimizing its parameters using Particle Swarm Optimization
(PSO).Compared to a BP neural algorithm, the enhanced particle swarm optimization (PSO)-SVR model demonstrated
markedly superior prediction accuracy and goodness-of-fit. Consequently, this model was effectively utilized to generate a
forecast of the electrical energy substitution potential within China's fisheries in recent years. This study provides theoretical
and data support for promoting electrical energy substitution in the fisheries sector and offers guidance for analyzing the

potential for energy substitution.
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Introduction

Currently, the global energy transition is
accelerating, and China has also accelerated its
research efforts in the field of electrical energy
substitution.' In the context of the national 'carbon
neutrality and carbon peaking' objectives, the marine
fishery sector holds a significant position in both the
exploitation and sustainable development of ocean
resources, while concurrently addressing the escalating
demand for aquatic products.However, fisheries have
long been dependent on traditional fossil fuels, and the
high energy consumption and pollution caused by
conventional fishing methods have seriously impacted
both the atmospheric environment and marine
ecosystems. Small-scale fisheries are gradually being
replaced by large-scale industrial fisheries, and the
application of electrical equipment in this process has
become increasingly widespread and important.’
Therefore, there is an urgent need to analyze the
potential of electrical energy substitution for traditional
energy sources to promote the green transition and
sustainable development of fisheries.’
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Currently, research on the substitution of electrical
energy in agricultural production is mainly focused on
its application in the context of carbon neutrality. Most
studies emphasize the technical applications and
advantages of electrical energy substitution in reducing
agricultural carbon emissions, exploring the potential
and application scenarios of solar and biomass energy.
In 2023, Wu et al. examined how technologies related
to electrical energy substitution could reduce
agricultural carbon emissions and applied these
technologies to modern fisheries, detailing their
principles and advantages." However, the article did
not elaborate on the specific technical equipment
involved in electrical energy substitution. Dai et al.
developed a wind vector sensor that can respond
sensitively to the environment without an external
power source, meeting the needs of modern sustainable
agricultural development.’ As the global population
and economy continue to grow, the interconnections
between water, food, and energy are becoming
increasingly critical. Temiz et al. developed a solar-
powered centralized heating system for agriculture
aimed at maximizing the efficient and effective use of
resources.” Brown ef al. analyzed and discussed three
main electrical energy substitution technologies:
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electric vehicles, photovoltaic panels, and air source
heat pumps.” Building on these analyses, Mboumboue
et al. approached from a national perspective,
conducting a survey in Cameroon to quantify the
energy potential of agricultural, fishery, forestry, and
livestock residues.® They considered the corresponding
conversion systems and analyzed the significance of
biomass as an energy source, providing a broader
perspective on electrical energy substitution.

Scholarly investigation into the substitution of
electrical energy within the fishery sector remains
restricted; however, several studies have explored
aspects of energy consumption and carbon emissions in
this industry. Xu et al. used the LEAP model to
analyze energy trends under different scenarios in their
study on energy consumption and carbon emissions in
fisheries.” Scroggins et al. compared the grid energy
and electricity costs for different aquaculture species in
the United States, finding that the energy demand of
fisheries and aquaculture is influenced by their
typically remote locations, production methods, and
seasonal energy needs, requiring solutions tailored to
specific circumstances.'

Current mainstream methods for predicting the
potential of electrical energy substitution include the
BP neural network model, particle swarm optimization,
and support vector machines among various
algorithms.'"'* Li er al. based on the improved GRA-
IPSO-BP model and quantitative indicators of factors
influencing electrical energy substitution potential,
predicted the electrical energy substitution volume in
Zhejiang, China.”” Lu e al. proposed a prediction
model based on Lasso-XGBoost-Stacking, utilizing
regression models to evaluate the weight of each
quantified influencing factor, thereby predicting the
potential for electrical energy substitution in Zhejiang,
China. Current research focuses on predictions at
specific regional or national levels, with fewer studies
targeting specific industries.'* In 2022, Ma et al.
addressing the ultra-short-term prediction of traction
loads in electric railway power control, designed a
combined prediction method integrating Discrete
Wavelet Transform (DWT), Temporal Convolutional
Networks (TCN), and Particle Swarm Optimized
Support Vector Regression (PSO-SVR)."

Although research on electrical energy substitution
technologies has been increasingly in-depth, existing
literature mainly focuses on evaluating the application
of specific technologies in reducing carbon emissions
in agriculture. However, these studies often overlook

the particularities and complexities in industries such
as fisheries. On one hand, the operational environment
of marine fisheries, such as in ocean fishing, has
characteristics like high salinity, high humidity, and
high corrosion, which place higher demands on the
technical stability of electric fishing vessels and related
electrical equipment. On the other hand, the seasonal
and regional distribution of fishery resources results in
significant spatiotemporal fluctuations in electricity
demand, posing challenges for the construction and
operation management of power infrastructure.
Furthermore, compared to terrestrial agriculture,
fisheries also face certain differences in policies and
subsidy mechanisms, requiring exploration and
promotion of specific areas such as fishing vessel
retrofit, electrification of heating, and electricity
subsidies for aquaculture. These factors collectively
contribute to the complexity and uniqueness of
electrical energy substitution in fisheries, necessitating
systematic research that considers technical levels,
economic feasibility, and national industrial layout.
Moreover, although existing predictive models have
shown good applicability and accuracy in the
quantitative assessment of electrical energy substitution
potential, these models are mostly limited to regional
or national-level analyses, leaving gaps in research for
specific industries.

This paper focuses on the fisheries sector as a
specific industry. First, it provides a comprehensive
analysis of the unique technical, economic, and policy
factors influencing the industry. Consequently, to
navigate challenges such as limited data availability,
condensed development timelines, and the inherent
non-linearity of data in forecasting electrical energy
substitution potential within the fishery sector, this
study puts forth a predictive model integrating Particle
Swarm Optimization (PSO) with Support Vector
Regression (SVR). Finally, the method's predictive
accuracy is validated through a case study,
demonstrating significant improvement. The paper
shows that the implementation of electrical energy
substitution in China's fisheries sector is highly
feasible.

Main Influencing Factors
Substitution

of Electric Energy

Technological Influence

Technology is the core driving factor for energy
substitution in any industry. Relevant indicators
include the penetration rate of electrical equipment
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and the energy efficiency of such equipment. The gross
fishery production and related population can also
reflect the technical level of the industry to a certain
extent. As the technological level increases, the gross
production value grows, which can also drive the
growth of employment in the sector, while improving
the level of electrification. Therefore, in this paper, the
gross fishery production and fishery population are
taken as technology-related influencing factors, with
specific formulas shown in Eqs (1) & (2).

GDPg,(t + 1) = K; - GD Py (t) .. (D)

where, GDPg,;,(t + 1) represents the total GDP for
the current year, K; is the elasticity coefficient of
fishery GDP development, GDPy,,(t) is the total
GDP from the previous year,/ is the contribution rate
of fishery production.

Gsup = K3 - (R — R)/E - (2

where, Gg,p is the population growth rate, K, is the
elasticity coefficient for population growth, R; is the
population at the end of the year, R is the population
at the beginning of the year, R is the average
population for the year.

Economic Influence

The economic benefits of energy substitution
determine its promotion in the fishery sector. By
quantifying the economic impact, the influence of
economic factors on the potential of energy
substitution can be analyzed. The main economic
factors in the fishery sector that influence energy
consumption and electricity consumption include the
initial high costs of purchasing electric fishing boats,
solar photovoltaic panels, and wind power generation
equipment. However, from an operational cost
perspective, electricity costs are much lower than
traditional fossil fuels. Therefore, this paper quantifies
the economic impact by analyzing the substitution of
fossil fuel consumption in the fishery industry using
the equivalent calorific value method, as calculated in

Eq.(3).
T, =(q; xHx6)/(H, X8,) ..(3)

where, q; is the terminal fossil energy consumption, H
is the energy calorific value; 8 is the average thermal
efficiency of energy utilization, H, is the electric
calorific value and 6, is the average thermal
efficiency of electricity.

The calorific value of coal is taken as 22 J/kg with
an average efficiency of 0.4; the calorific value of

crude oil is 42 MJ/kg with an average efficiency of
0.5; and the calorific value of electricity is 3.6
MJ/kWh with an average efficiency of 0.9.

Policy Influence

Policies play a guiding and regulatory role in
promoting energy substitution in the fishery industry.
During the "14™ Five-Year Plan" period, the policy
suggests that newly installed renewable energy
capacity will become the absolute majority of new
installations, and energy investment will accelerate
toward a green and low-carbon transition. This paper
selects the ratio of fixed investment in electricity to
fixed investment in energy as the quantitative
indicator for the policy’s impact on energy substitution,
with the specific formula shown in Eq. (4).

G-=K-E/(F, +F) - (4)

where, G, represents the proportion of new electricity
generation, K is the elasticity coefficient, F, is fixed
investment in electricity, F; is fixed investment in
non-electric energy.

PSO-SVR Electric Energy Substitution Prediction
Model

This paper introduces a specific formula to
determine the extent of electric energy substitution,
where the potential for such substitution is gauged by
contrasting electrical energy usage with total energy
demand. In forecasting electrical energy substitution,
a Support Vector Regression (SVR) model is utilized,
and its predictive capabilities are augmented by
integrating Particle Swarm Optimization (PSO). This
combined PSO-SVR methodology facilitates the
effective refinement of SVR's crucial parameters,
leading to an enhancement in prediction efficacy.
Moreover, by leveraging a global optimization
approach, the PSO-SVR model successfully mitigates
the problem of local optima, thereby improving the
reliability and precision of its predictions when
applied to intricate and non-linear datasets.

Calculation of Electric Energy Substitution Amount

For the quantitative calculation of electrical energy
substitution, let FE(t)represent the total energy
consumption in year ¢ (in 10,000 tons of standard
coal), and D(t) represent the actual electrical energy
consumption in year ¢ (in 100 million kWh).
Assuming the proportion of electric energy remains
the same as in year t, the electrical energy substitution
in year (t + 1), denoted as D(t + 1), is defined as the
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difference between the electrical energy consumption
in year (t+ 1) and that in year (t), as shown in

Eq. (5).

Dop(t+1)=E({t+1) — Dgym(t +1)-
E()/Dsym(t) - (5

where, Dg,,(t + 1) represents the electric energy
substitution amount in year (t + 1),E(t + 1) denotes
the actual electric energy consumption in the
subsequent year, D, (t+ 1) represents the total
energy consumption in the subsequent year, E(t) is
the true electricity consumed during the present year,
Dgum(t) is the aggregate energy utilized during the
present year

SVR Prediction Modeling

Support Vector Regression (SVR) exhibits
significant advantages in addressing nonlinear
relationships, analyzing high-dimensional data, and
handling small sample sizes, and is notably robust;
hence, it is particularly applicable in predicting the
potential for electrical energy substitution, achieving
considerable predictive accuracy. '°The SVR algorithm
employs nonlinear mapping to project input variables
into a high-dimensional space, resulting in the linear
regression function as shown in Eq. (6).

f)=w-px)+Db .. (6)

where, f(x) is the predicted value returned by the
regression function, w is the weight vector; ¢(x) is a
high-dimensional nonlinear mapping function, b is the
bias term; X is the input multidimensional data.

When employing the regression vector method, it is
common to select linear, polynomial, or Radial Basis
Function (RBF) kernels. In this study, the RBF kernel,
as shown in Eq.(7), is chosen for its capability to
handle complex nonlinear issues effectively.

K(x;,x;) = exp (—x; — x{ /20?) (7

where, ¢ is the parameter of the kernel function.

By setting the tolerance € to define the maximum
allowable deviation of data points from the regression
function, we introduce Lagrange multipliers. The
optimization objective is to minimize model complexity
while ensuring that the regression function is as close as
possible to the training data points within the given &
range, thus constructing the optimization problem to be
solved as shown in Eqs (8) & (9).

min1/2lw|l* + € XL, (& + &) - (8)

yi—wp(x) —b<e+§;
—yi+twe(x)+b<e+é&,i=12,,k .. (9)
§=20,¢ =0

where, &; are slack variables,Cis the regularization
parameter, i represents the i-th sample, n is the total
number of samples.

Particle Swarm Support Vector Regression

While Support Vector Regression (SVR) offers
distinct benefits, it also presents challenges due to its
computational intensity; furthermore, its effectiveness
is critically dependent on the appropriate choice of its
kernel function and associated parameters. Selecting
these inappropriately can lead to a model that performs
below its potential. To address this, Particle Swarm
Optimization (PSO) provides a method to fine-tune
crucial SVR parameters—including C, €, and those of
the kernel function—aiming to identify their most
effective configuration. This optimization process
markedly enhances SVR's predictive capabilities and
accuracy.'® PSO is a global optimization algorithm that
effectively avoids local optimum issues, which
traditional optimization methods might fall into. When
handling complex and nonlinear data, PSO-SVR better
adapts to the diversity and complexity of the data,
making it particularly important for forecasting tasks
involving electrical energy substitution potential, which
involve multiple variables and complex relationships.

In the particle swarm optimization algorithm, the
formulas for updating the velocity and position of
particles are given in Eqs (10) &(11) respectively.

vt = pvk +ony (Pbestsd - x.i'(d) + o1y

K
(Gbestsd - xsd) (10)
xigt = xlg +vly - (11)

where, v¥f1 is the updated velocity for the d-th
particle after the (k+1)-th step, vX; is the velocity of
the d-th particle at the k-th iteration, c;and ¢, are
cognitive and social learning factors, r; and 7, are
random numbers; p is the inertia weight, Ppeg¢5q 18 the
personal best position of the d-th particle up to the
k-th iteration, Gpestsq 1S the global best position found
by any particle in the swarm up to the k-th iteration,
x5+ represents the position of the d-th particle at the
(k+1)-th iteration, x¥, is the position of the d-th
particle at the k-th iteration.

By optimizing the parameters of SVR, PSO-SVR
improves the model’s fitting and generalization
capabilities, thereby enhancing the accuracy and
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stability of electrical energy substitution predictions.
The specific process is shown in Fig. 1.

Case Analysis of Electric Energy Substitution
Potential in Fisheries

Data Processing and Parameter Setting

To assess the performance of the PSO-SVR model
for cumulative electrical energy substitution, as
detailed in this study, an investigation into the
progression of electrical energy substitution within
China's fishery sector over the last ten years was
undertaken as a case study. Data from the China
Statistical Yearbook and the China Fisheries Statistical
Yearbook for 2012-2021 were reviewed, and a
consistency check was performed on the multi-
dimensional raw data. Records with significant outliers

Put Influencing Factors
and Electricity Substitution etc.

Setting particle swarm optimization
parameters
and optimize the initialization

Calculate the objective function for
which the SVR training

!

Update the velocity and position of
the particles, and update the
mdividual poles and global poles
based on the fitness values

s the optimal solution
eached or number of iterations wit
precision?

No

875

(such as minor data entry errors or missing records)
were excluded, and missing values were filled using
linear interpolation. The cumulative electrical energy
substitution for China was then calculated, as shown in
Table 1.

The historical data on electrical energy substitution
from 2012 to 2016 were used as the training set. The
original annual values of total fisheries output,
population, total energy consumption, electrical energy
consumption, and the proportion of new power
investment were collected as independent variables,
with electrical energy substitution volume serving as
the dependent variable. The BP neural network
algorithm, SVR method, and PSO-SVR method were
respectively employed to predict the electrical energy
substitution volume from 2017 to 2021.

Obtain optimal parameters
and train the final SVM model for
prediction

Obtaining electricity substitution
forecasts

Fig. 1 — Flow chart of PSO-SVR predictive electricity substitution model

Table 1 — Data related to electricity substitution in China's fisheries, 20142021

Years Gross fisheries Fishery Total fishery energy Electricity Proportion of new Substitution of electric
product/billion population/milli consumption (standard consumption in ~ power investment in  energy in fishery/tons of
dollars on coal)/million tons  fishery/billion kWh fisheries standard coal

2012 17321.88 2073.81 702.36 91.08 13.0% —0.11

2013 19351.89 2065.94 724.95 92.43 12.7% 1.66

2014 20858.95 2035.04 721.8 91.17 12.6% —0.86

2015 22019.94 2016.96 744.39 93.6 12.6% 2.99

2016 23662.29 1973.41 772.65 98.28 12.7% 3.44

2017 24761.22 1931.85 805.05 105.75 13.1% 3.35

2018 25864.47 1878.68 790.29 111.87 14.2% 8.06

2019 26406.50 1828.20 811.62 122.94 15.1% 8.05

2020 27543.47 1720.77 833.67 127.98 15.4% 6.20

2021 29689.73 1634.24 869.49 143.73 16.5% 10.25




876 JSCIIND RES VOL 84 AUGUST 2025

Within the PSO-SVR model for predicting
cumulative electrical energy substitution, the Particle
Swarm Optimization (PSO) algorithm was utilized to
refine both the penalty and kernel function parameters,
employing a multi-objective optimization strategy. The
population size in the PSO algorithm was set to 20, and
the maximum number of iterations was 200. A linearly
decreasing strategy was adopted for the inertia weight
w, decreasing from 0.9 to 0.4. The acceleration
constants ¢; and ¢, were both set to 2. If the global
optimal fitness did not improve significantly after 200
consecutive iterations, the convergence condition was
considered to be met and the iteration was terminated.
The initial parameters obtained from the SVR model
were used as the initial particle positions.

Experimental Results and Analysis

Based on the data from the five influencing factors
mentioned above, BP neural network prediction
model, PSO prediction model, and PSO-SVR
prediction model were respectively used to fit the
annual electrical energy substitution volumes in
China's fisheries from 2017 to 2021 and the results are
shown in Fig. 2

The prediction results of the PSO-SVR algorithm
were relatively close to the actual values in each year,
and the trends largely aligned with the original data.
The SVR model was able to fit the early-stage data
trend well, but its prediction deviation increased
significantly in the later stages. The BP neural
network model exhibited greater fluctuations in its
early predictions, but the later results were very close
to the actual data.

The BP neural network model has the advantages
of a simple structure and ease of implementation, but
it is prone to getting stuck in local minima during
large-scale parameter training and has relatively slow
training speed. Operating on the principle of structural
risk minimization, the SVR model demonstrates

—=— Actual Values —#—PSO-SVR —#&—SVR —%—BP

-
o

[}

Annual energy substitution
(Tons of standard coal)

2017 2018 2019 2020 2021
years

Fig. 2 — Comparison of predicted electric energy substitution
values from three models with actual values

robust generalization capabilities and holds distinct
advantages when applied to limited datasets.
Nevertheless, its efficacy is considerably influenced
by the chosen kernel function and its associated
parameters, and improper parameter selection may
lead to a decrease in prediction accuracy. PSO-SVR
optimizes the key parameters of SVR in the global
space using the particle swarm algorithm, which can
overcome the shortcomings of local search to some
extent, achieving better convergence and prediction
performance. However, PSO-SVR requires a
relatively large computational load during the
iterative process, making it more suitable for
prediction tasks with smaller data sets. In summary,
PSO-SVR has high application value in small sample
prediction scenarios for electrical energy substitution
in fisheries.

This study projected the electrical energy
substitution potential for China's fisheries at two key
future points, 2035 and 2050, by applying the PSO-
SVR prediction model. The projections were grounded
in the main indicators of the 14™ Five-Year National
Fishery Development Plan (Ministry of Agriculture
and Rural Affairs, 2021) and an assessment of
prevailing trends among factors influencing such
substitution. Prediction of future electric energy
substitution potential in fisheries for the year 2035 and
2050 and 28.86 and 39.74 tons of standard coal,
respectively.

Projected figures indicate that the capacity for
electrical energy substitution within the region is
anticipated to attain 288,600 tons of standard coal by the
year 2035, and subsequently expand to 397,400 tons of
standard coal by 2050. These projections suggest that
over the forthcoming decades, driven by the
enforcement of policies aimed at energy conservation
and emission mitigation in the fisheries sector, electrical
energy substitution holds considerable promise for
development and practical application within this
industry.

Statistical Analysis

The average absolute error (MAE), mean square
error (MSE), and mean absolute percentage error
(MAPE) for the three models were calculated. The
formulas for these calculations are presented as Eqs
(12)-(14), respectively.

MAE = (1/n) ¥i_ly; — 9l - (12)
MSE = (1/n) ZiL1(v; — 9)? - (13)
MAPE = (100%/n) Xi=1|9: — vi/¥il - (14)
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Table 2 — Comparison of prediction model performance metrics

Model MAE MSE MAPE
BP neural network 0.771 1.01 39.15
SVR 0.93 1.06 0.94
PSO-SVR 0.43 0.23 0.65

where, n is the sample size, y; is the i-th actual value,
¥; is the i-th predicted value.

These metrics reflect the degree of deviation
between the predicted values and the actual values.
Compared to MAE, MSE amplifies the errors. MAPE
represents the average percentage of prediction errors
and is suitable for cases where the range of actual
values varies significantly. The calculation results are
shown in Table 2.

Compared to the BP neural network, the SVR
model shows a significant decrease in MAPE (from
39.15 to 0.94). However, its MAE (0.93 for SVR vs.
0.771 for BP) and MSE (1.06 for SVR vs. 1.01 for
BP) values are slightly higher, indicating a trade-off
in performance across different metrics. In
comparison to the SVR model, the proposed PSO-
SVR model reduces the MAE, MSE, and MAPE
values by 0.50, 0.83, and 0.29, respectively. This
indicates that the PSO-SVR model has superior
prediction accuracy and a better-fitting result.
Although it does not have the advantage in
computation time, the time difference can be
considered negligible since predictions related to
electrical energy substitution typically involve small
sample sizes. In summary, the algorithm proposed in
this paper demonstrates good fitting performance after
optimizing parameter selection based on the particle
swarm algorithm.

Conclusions

This paper details the establishment of a PSO-SVR
model designed for the systematic prediction and
in-depth analysis of prospects for electrical energy
substitution specific to the fisheries sector in China.
The findings demonstrate that this developed model
exhibits substantially superior performance compared
to conventional models, particularly in its predictive
accuracy and operational stability. Despite the higher
initial investments associated with electrical energy
substitution technologies, their operational cost
advantages over conventional energy sources will
become increasingly apparent as these technologies
are further promoted. The study only considered
marine fisheries in China for sample collection.
Future research could enhance the model's applicability

by incorporating more data from both freshwater and
marine fisheries across different regions to further
analyze the potential for electrical energy substitution.
Additionally, simulation studies could be conducted
under various scenarios of technological advancement,
economic growth rates, and policy environments to
analyze trends in electrical energy substitution.
Furthermore, this study provides a theoretical basis for
formulating related policies and practical pathways. In
the context of accelerating global energy transitions,
this research not only holds theoretical value but also
offers practical implications for the sustainable
development of China's fisheries and the application of
clean energy.
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