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To address issues such as insufficient fishing vessel data records, low energy efficiency,
and high emissions, this study constructs and validates a predictive model for the
maximum power limitation of fishing vessels. Using gillnet fishing vessels as a case study,
the Energy Efficiency Existing Ship Index (EEXI) reference line formula for gillnet fishing
vessels is fitted using the nonlinear least squares method. Sensitivity analysis reveals
power’s impact on fishing vessels’ energy efficiency. The maximum power calculation
method for fishing vessels is derived by combining the EEXI calculation formula, the
reference line formula, and the power-speed relationship. Three regression prediction
models—Decision Tree, Random Forest, and Gradient Boosting—are used to construct
prediction models with gross tonnage, length between perpendiculars, and gross tonnage
and length between perpendiculars as inputs, respectively. Results show that power
significantly impacts the energy efficiency of fishing vessels. The EEXI reference line
formula for gillnet fishing vessels has MAE, MSE, MAPE, RMSE, and R"2 values of
13.3518, 369.5200, 18%, 19.2229, and 0.6366, respectively. The Random Forest regression
model with gross tonnage as input performs best in predicting the maximum power
limitation of gillnet fishing vessels, with MAE, MSE, MAPE, RMSE, and R*2 values of
5.61423, 6152.40982, 1.90888%, 78.43730, and 0.633062393, respectively. This paper
provides a reliable calculation method and prediction model for the maximum power
limitation of fishing vessels, offering systematic technical support and decision-making
references for limiting the maximum power of fishing vessels.

INTRODUCTION

The horsepower of fishing vessel power units determines
the vessel’s speed and fishing capacity, key factors affecting
fishing vessels’ economic efficiency and energy consump-
tion levels.l:2 Excessive power configurations can lead to
overfishing, exacerbating pressure on fishery resources and
the marine ecological environment.3-7 Therefore, scientifi-
cally and reasonably, determining the maximum power lim-
itation of fishing vessels is of great significance for energy
conservation, emission reduction, resource conservation,
and sustainable fishery development. Properly setting the
power systems of fishing vessels is crucial for optimizing
their economic and environmental performance.

The International Maritime Organization (IMO) has fo-
cused on the energy efficiency of ships and has adopted
mandatory energy efficiency standards such as the “2022
Guidelines on the Method of Calculation of the Attained
Energy Efficiency Index (EEXI) for Existing Ships”,® the
“2022 Guidelines on the Method of Calculation of the At-

tained Energy Efficiency Design Index (EEDI) for New
Ships”,? and the revised “Annex VI of the MARPOL Con-
vention” in 2021.10 However, these standards mainly target
large commercial vessels, and there is a lack of systematic
research on fishing vessels.10-14 China has issued a “dual
control” policy for fishing vessels, strictly controlling the
total number and power of fishing vessels, gradually phas-
ing out old and high-energy-consuming fishing vessels, and
promoting the development of efficient and environmen-
tally friendly fishing vessels.!5 However, there is a lack of
quantitative standards for the maximum power limitation
of individual vessels. This reveals the urgent need to estab-
lish energy efficiency standards for fishing vessels.
Scholars at home and abroad have conducted fruitful
research in ship energy efficiency optimization,!6-19 en-
ergy-saving technologies,29-2¢ and operational manage-
ment.25-27 Han Xu(2021) et al.28 used data visualization
and machine learning methods to analyze and visualize the
energy efficiency data of two 2,400 TEU container ships,
identifying the main factors affecting speed and power.
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Zhou Kunxin et al. (2022)29 proposed an optimization
method based on an adaptive particle swarm algorithm,
significantly improving the energy efficiency of the “Off-
shore Oil 301” vessel through power and speed optimiza-
tion. Li Zongtao (2023) et al.30 proposed a power decou-
pling-based energy efficiency maximization strategy
(improved EEMS), significantly improving ship hybrid en-
ergy systems’ hydrogen fuel utilization rate. To address
marine pollution and climate warming, China should en-
hance ship energy efficiency by optimizing main engine
power, economic speed, and new propellers.3! Fishing ves-
sels, in particular, significantly impact environmental pol-
lution emissions, requiring attention and effective emission
reduction measures.2 This indicates that optimizing the en-
ergy efficiency of fishing vessels is an important way to
achieve environmental protection.

China’s marine fisheries and total fishing vessel power
have not been effectively controlled, and the phenomenon
of “high horsepower” in small and medium-sized fishing
vessels remains prevalent.32:33 The issue of excess power
in fishing vessels not only leads to overfishing but also af-
fects the protection of fishery resources and the ecolog-
ical environment,l.” necessitating research on the maxi-
mum power limitation of fishing vessels. This study aims
to construct an EEXI reference line formula for fishing ves-
sels, taking gillnet fishing vessels as an example, based on
the energy efficiency standards of large commercial ves-
sels. By combining the EEXI calculation formula, the ref-
erence line formula, and the power-speed relationship, the
maximum power calculation formula for fishing vessels is
derived. Addressing the issues of incomplete fishing vessel
data records and the difficulty in applying the maximum
power calculation formula, the study uses Decision Tree Re-
gression, Random Forest Regression, and Gradient Boost-
ing Regression methods to establish prediction models for
the maximum power limitation of fishing vessels. Extensive
analysis and research are conducted on the technical theory
and practical applications of fishing vessel power limita-
tion, constructing prediction models and calculation meth-
ods for the maximum power limitation of fishing vessels
and providing recommendations for reducing fishing vessel
power. This study offers new insights and decision-making
references for enhancing fishing vessel power control and
promoting green development in the industry. This empha-
sizes the importance of scientific research on power man-
agement of fishing vessels for the sustainable development
of the industry.

MATERIALS AND METHODS

CALCULATION OF THE EEXI VALUE FOR GILLNET
FISHING VESSELS

According to the “2022 Guidelines on the Method of Cal-
culation of the Attained Energy Efficiency Index (EEXI) for
Existing Ships” and the “2022 Guidelines on the Method
of Calculation of the Attained Energy Efficiency Design In-
dex (EEDI) for New Ships,” the EEXI and EEDI for different
types of large commercial vessels have been specified, with
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the EEXI serving as a supplement and extension of the
EEDI. The EEXI calculation formula is as follows, with units
in (g/tenm):

EEXI — A+B+E-D

fi- fefi- Capacity - Vieg - fu - fm

n nME
A= (H f,-) <Z PMEQ)CFME(@SFCMEU))
j=1

s
B=Pup-Crag-SFCyp
nPTI neff

. (1)
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In the formula, f;, f., fi. fiy + fin feff are coefficients used
for correcting for technical/regulatory limitations on trans-
port capacity, capacity correction coefficient, the coeffi-
cient for general cargo ships with cranes and other cargo-
handling equipment, sea margin coefficient, IA Super and
IA ice-class ship coefficient, and the coefficient for each in-
novative energy efficiency technology, respectively. Gener-
ally, fi . fo o fi o fw o fn s fefare all set to 1. Capacity is the
measure of the ship’s transport capacity, which is either
deadweight tonnage (DWT) or gross tonnage (GT), depend-
ing on the ship type. For example, ro-ro ships and container
ships use DWT as the measure of transport capacity, while
cruise ships with non-conventional propulsion use GT.V,.;
is the ship’s speed (in knots) in calm water conditions and
at its corresponding carrying capacity in deep water., Cp is
the carbon conversion factor. SFC is the fuel consumption
rate (in g/kWh), Py/g is the main engine power (in kW). If
there are shaft motors, PPTI(i) represents 75% of each shaft
motor’s rated power consumption divided by the genera-
tor’s weighted average efficiency, which is one of the inno-
vative technologies. n is the number of main engines. The
subscripts ME and AE represent the main and auxiliary en-
gines, respectively. Together, these coefficients determine
the total energy efficiency and carbon emissions of the ves-
sel and are key factors in achieving environmental protec-
tion and energy efficiency management for ships.

Due to gillnet fishing vessels’ traditional and outdated
equipment, innovative technology factors are not consid-
ered. Additionally, because their operational characteristics
mainly involve accommodating large catches, using GT to
measure carrying capacity aligns better with their actual
operational needs.®%34 This measurement method more
accurately reflects the operational efficiency and capacity
advantages of fishing vessels. Therefore, referring to the
EEXI calculation formula for commercial ships, the EEXI
calculation formula for gillnet fishing vessels is established
as follows:

Pyg - Cryp - SFCyE + Pap - Crag - SFCag 2)

GT - Viey

Referencing the 2021 revised Annex VI of the MARPOL
Convention,!0CF=3.114 , SECy;z=190(g/kWh) ,

SFC,p=215(g/kWh).According to the “2022 Guidelines on
the Method of Calculation of the Attained Energy Efficiency
Index (EEXI) for Existing Ships” and the “2022 Guidelines
on the Method of Calculation of the Attained Energy Effi-
ciency Design Index (EEDI) for New Ships”,%9 Pyp is 75%

EEXI =
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of the total rated installed power (MCRyg) of each main en-
gine ()39, Pagis 5% of the total rated installed power
(MCRyp) of each main engine (i)3?, These parameters and
standards form the computational basis for ship energy ef-
ficiency assessment and management.

EEXI REFERENCE LINE FORMULA FOR GILLNET FISHING
VESSELS™

Due to the 2021 revisions of Annex VI of the MARPOL Con-
vention, the EEXI reference line formula is specified in the
following form:

The reference line formula is expressed as:

RLV = a - Capacity™® (3)
The expression for the required Energy Efficiency Existing
Ship Index (EEX]I) for existing ships is:

Y
Required EEXT = <1 - W) -RLV 4)

Formula 4 calculates the required EEXI value for existing
ships as stipulated by the IMO, where Y is the reduction
factor.

Data from over 5,000 gillnet fishing vessels from three
coastal provinces were collected. Using Formula 2, their
EEXI values were calculated, resulting in EEXI values corre-
sponding to these vessels’ gross tonnage (GT). The dataset
was then split into a training set and a test set in an 8:2 ra-
tio [35] to fit the reference line formula. Subsequently, us-
ing the nonlinear least squares method, the gross tonnage
(GT) and EEX values were fitted according to the reference
line formula in the form of Formula 3, leading to the de-
rivation of the EEXI reference line formula for gillnet fish-
ing vessels.

ESTABLISHING THE CALCULATION FORMULA FOR
MAXIMUM POWER OF GILLNET FISHING VESSELS

The relationship between the total rated power of fishing
vessels and their speed is evaluated as follows3>36:

V=184x <§)0'237\/Z (5)

Where V is the speed (in knots),P is the total rated power
(in kW), A is the design displacement (in tons), and L is the
length between perpendiculars of the fishing vessel (in me-
ters).

The IMO stipulates that the EEXI of a vessel must be
less than or equal to its reference line value. Therefore, by
combining the EEXI calculation formula for gillnet fishing
vessels (Formula 2), the reference line formula (Formula 3),
and the power-speed relationship (Formula 5), it can be de-
duced that:

477.2205P

GT-1.84x (£)"*"VL

When the EEXI reference formula for gillnet fishing vessels
is fitted, thereby obtaining the values of parameters a and
b, the relationship between the maximum power limit of
the vessel and its gross tonnage, design displacement, and
length between perpendiculars can be derived.

In this study, based on the standards of the International
Maritime Organization (IMO), a set of Energy Efficiency Ex-

<aGT™? (6)
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isting Ship Index (EEXI) calculation formulas suitable for
gillnet fishing vessels was designed. By collecting the nec-
essary data, the EEXI value of the gillnet fishing vessels was
calculated, and using the reference line formula prescribed
by the IMO, with gross tonnage as the independent vari-
able and EEXI as the dependent variable, a reference line
formula for gillnet fishing vessels was fitted. Further, the
formulaic relationship between speed and power was incor-
porated into the EEXI calculations. According to IMO regu-
lations, it is ensured that the EEXI calculation value derived
from the speed-power relationship is less than or equal to
the result calculated by the reference line formula, thereby
deriving the maximum power calculation formula for gill-
net fishing vessels, providing a scientific basis for the en-
ergy efficiency management of fishing vessels.

REGRESSION PREDICTION OF MAXIMUM POWER LIMIT
FOR GILLNET FISHING VESSELS

First, the maximum power values for over 5,000 gillnet fish-
ing vessels are calculated using the relationship between
the vessel’s gross tonnage (GT), design displacement, and
length between perpendiculars (L). The dataset of over
5,000 vessels is then split into a training set and a test set in
an 8:2 ratio. Regression prediction models are constructed
with inputs consisting of GT and L, and outputs being the
maximum power values.

During model training, Decision Tree Regression, Ran-
dom Forest Regression, and Gradient Boosting Regression
models are used, with initial model construction employing
their main default parameters. The key default parameters
for each model are as follows:

Decision Tree Regression:

criterion="squared_error'
(Mean Squared Error as the criterion)

splitter="best' (Choose the best split)
max_depth=None (No maximum depth 1imit)

Random Forest Regression:

n_estimators=100 (100 trees)

criterion="squared_error'
(Mean Squared Error as the criterion)

max_depth=None (No maximum depth 1limit)
bootstrap=True (Using bootstrap samples)

Gradient Boosting Regression:

loss="squared_error'
(Mean Squared Error as the loss function)

learning_rate=0.1 (Learning rate of 0.1)
n_estimators=100 (100 boosting stages)
subsample=1.0 (Using the entire dataset)
max_depth=3 (Maximum tree depth of 3)

Using these default parameters ensures the basic perfor-
mance of the models and provides a benchmark for sub-
sequent parameter optimization and tuning.By using three
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different regression models: decision trees, random forests,
and gradient boosting, this study provides multiple meth-
ods for predicting the maximum power of fishing vessels.

Decision Tree Regression: Constructs the tree by recur-
sively splitting the dataset into different subsets. Each node
splits the dataset based on a threshold of a certain feature
until stopping conditions are met. Advantages include:

Simple and intuitive structure, easy to interpret and vi-
sualize.

No need for data preprocessing.

Ability to handle both numerical and categorical data.

With its simple and intuitive structure, the decision tree
model offers an easy-to-understand and implemented
method for data partitioning.

Random Forest Regression: Improves accuracy and ro-
bustness by combining the predictions of multiple decision
trees, each trained on random subsets and using random
features for splitting. Advantages include:

High accuracy, reducing overfitting through ensemble
learning.

Resistance to overfitting.

Ability to evaluate feature importance, aiding feature se-
lection and data understanding.

With its advantages in ensemble learning, Random For-
est regression excels in accuracy and robustness.

Gradient Boosting Regression: Incrementally builds tree
models to optimize the objective function, with each tree
trained on the residuals of the previous tree. Advantages
include:

High performance, especially with complex datasets.

Flexibility in optimizing various loss functions.

Incremental improvement, enhancing prediction accu-
racy through iterative residual optimization.

Gradient boosting regression significantly improves pre-
diction accuracy for complex datasets through iterative op-
timization.

The models are trained and evaluated using metrics such
as R%, Mean Squared Error (MSE), Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and Mean Ab-
solute Percentage Error (MAPE). The performance of the
models on both the training set and the test set is assessed.
Finally, by comparing the performance metrics of each
model, the optimal model is determined. The process of
establishing the regression prediction model for the maxi-
mum power limit of gillnet fishing vessels is outlined as fol-
lows.

RESULTS

ANALYSIS OF BASELINE FORMULA FITTING RESULTS

The EEXI values are calculated using the EEXI calculation
formula. Some of the results are shown in Table 1.

The following reference line formula is obtained using
the nonlinear least squares method to regress the gross
tonnage and EEXI values according to the form of the refer-
ence line formula.

RLV = 1222.5311-Capacity "% (7
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Its fitting degree is 0.6366. This indicates that the model
can explain 63.66% of the variability in the data, thereby
validating the significant correlation between the selected
variables and the dependent variable. This high level of fit
reflects the consistency between the model and the actual
data and emphasizes its practicality in prediction and de-
cision support, providing a solid foundation and direction
for further research. The error evaluation metrics on the
training set are as follows: MSE, MAE, RMSE, and MAPE
are 87.2744, 6.1627, 9.3421, and 0.1279, respectively. On
the test set, the error evaluation metrics are MSE, MAE,
RMSE, and MAPE, which are 369.5200, 13.3518, 19.2229,
and 0.1827, respectively. Notably, MAPE is below 20% on
both the training and test sets, indicating that the model
has good generalization and robustness without overfitting.

Specifically, the low MSE and RMSE on the training set
indicate that the prediction error between the predicted
and actual values is small, demonstrating good fitting per-
formance on the training data. The low values of MAE and
MAPE further confirm the high accuracy of the model. Al-
though the error metrics on the test set are higher than
those on the training set, they remain within a reasonable
range, particularly with MAPE being below 20%, which
shows that the model performs reliably on unseen data.

Combining the error evaluation results from both the
training and test sets, it is evident that the model performs
consistently across different datasets without significant
performance fluctuations. This stability suggests that the
model is adaptable in practical applications, effectively
handling data prediction tasks in various scenarios. The
fitting curve is shown in Figure 2, which illustrates the
model’s fit to the data, further validating the analysis re-
sults of the error metrics. The diagram displays the re-
lationship between two sets of data (labeled as ‘Training
Data’ and ‘Test Data’) and a fitted curve (labeled as ‘Fitted
Curve’). The diagram shows that as the variable on the hori-
zontal axis increases, the variable on the vertical axis shows
a clear downward trend. The training data (blue points)
and the test data (red points) are distributed around the
fitted curve, indicating that the model can accurately de-
scribe and predict this trend. The fitted curve smoothly ap-
proaches these two sets of data points, demonstrating the
model’s good consistency and generalization ability across
different datasets, which is crucial for verifying the model’s
accuracy and practicality. The fitting curve indicates that
the model can effectively capture data trends, demonstrat-
ing high predictive accuracy. The model demonstrates its
effectiveness and robustness in practical applications
through high fidelity and stable error performance across
different datasets.

Combining Equations 2, 5, and 7, the formula for calcu-
lating the maximum power of gillnet fishing vessels is de-
rived as follows:

4714 VI . GTO925 7
A0.237 ) (8)

Prax = (
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Table 1. EEXI calculation for gillnet fishing vessels
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Index Eﬁtge;;l;dsg\‘/ver ?c:r(:rSIde Speed Pae PMmE I(E;a\:]egrg;l Beam Depth Iﬁi:ﬁ;:giituvlﬁin g'{ass;fancement gy;,:r::ion EEXI

1 258 185 10.43 12.9 1935 34.47 64 3.3 33.48 437.65 Gillnet 63.81
2 220 122 9.42 11 165 28.9 6.3 2.9 28.25 316.94 Gillnet 91.35
3 220 128 9.48 11 165 28.16 6.2 29 27.45 304.68 Gillnet 86.52
4 198 112 9.1 9.9 148.5 28.81 6.3 28 28.68 305.52 Gillnet 92.71
5 382 350 13.32 19.1 286.5 42.52 7.3 4 42.02 745.10 Gillnet 39.10
6 382 350 13.32 19.1 286.5 42.52 7.3 4 41.99 745.11 Gillnet 39.10
7 205 140 9.45 10.25 153.75 30.7 6.2 2.9 30.47 331.26 Gillnet 73.95
8 258 230 10.88 12.9 193.5 35 6.3 3.15 34.78 416.77 Gillnet 49.20
9 300 321 12.21 15 225 44.46 7.2 3.6 44.30 691.62 Gillnet 36.53
10 262 244 11.06 13.1 196.5 39.4 7 345 39.15 571.84 Gillnet 46.33
11 400 271 12.71 20 300 40.8 6.8 3.8 40.49 633.12 Gillnet 55.42
12 237 146 9.83 11.85 177.75 26.34 6 3.2 26.30 303.93 Gillnet 78.81
13 220 165 9.85 11 165 338 6.38 3.2 33.29 41451 Gillnet 64.60
14 258 164 10.22 12.9 1935 28.8 64 34 28.24 376.03 Gillnet 73.46
15 397 191 11.88 19.85 297.75 34.38 64 35 33.79 462.81 Gillnet 83.49
16 220 176 9.96 11 165 35 6.38 3.3 34.76 442.76 Gillnet 59.89
17 184 104 8.88 9.2 138 27.84 5.6 2.6 27.45 244.05 Gillnet 95.08
18 184 104 8.88 9.2 138 27.84 5.6 2.6 27.61 243.37 Gillnet 95.08
19 110 96 8.06 5.5 825 26.88 54 24 25.96 209.80 Gillnet 67.84
20 396 358 13.54 19.8 297 48.24 74 3.9 48.09 835.74 Gillnet 38.99
21 260 248 11.08 13 195 40.5 7 34 40.17 579.09 Gillnet 45.15
22 220 222 10.42 11 165 38.85 6.6 3.3 38.15 507.93 Gillnet 45.39
23 176 145 9.21 8.8 132 29.9 6.2 29 29.26 322.61 Gillnet 62.89
24 202 170 9.72 10.1 151.5 31.15 6 3.2 30.50 359.62 Gillnet 58.34
25 193 123 9.16 9.65 144.75 26.18 5.8 2.98 25.83 271.74 Gillnet 81.75
26 198 152 9.5 9.9 148.5 30.86 6.2 2.9 30.60 333.86 Gillnet 65.44
27 258 140 9.98 12.9 1935 31.28 6.1 29 30.56 332.49 Gillnet 88.12
28 258 153 10.11 12.9 1935 32.97 6.2 3 32.90 368.41 Gillnet 79.60
29 260 248 11.08 13 195 40.8 7 3.5 40.11 599.92 Gillnet 45.15
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Index Eztg?LZA;ti)r\‘Ner ?gr?:\sage Speed Pae PMmE Ig\?egrg;l Beam Depth Ilg’zr:ﬁfeig::tuvl‘;esn g?ss;fancement gy;:r::ion EEXI

30 202 180 9.82 10.1 151.5 30 6 3 29.28 324.61 Gillnet 54.54
31 258 143 10.01 12.9 1935 25.93 6 3.1 25.82 290.16 Gillnet 86.01
32 258 143 10.01 12.9 1935 25.93 6 31 24.99 290.22 Gillnet 86.01
33 131 112 8.43 6.55 98.25 27.19 5.6 2.6 26.21 237.64 Gillnet 66.21
34 220 150 9.7 11 165 32.73 6.3 3 31.83 371.72 Gillnet 72.16
35 400 327 13.27 20 300 39.8 7 3.8 39.50 635.64 Gillnet 43.99
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Read data from Excel
Define features and target variable

Split dataset into training and testing sets

raining Data

Decision Tree Regression Model

raining Data

Random Forest Regression Model

Training Data

Gradient Boosting Regression Model

Train and Evaluate Models

Calculate Evaluation Metrics
(R"2, MSE, MAE, RMSE, MAPE)

Compare Model Performance Save Evaluation Metrics to Excel

Identify Best Model

Best Model Predictions

Plot Predicted vs Actual Results

Figure 1. Flowchart of the maximum power limit prediction model establishment
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Figure 2. Fitting curve

SENSITIVITY ANALYSIS OF VARIOUS FACTORS ON EEXI
VALUES

A sensitivity analysis is performed on the EEXI values by
varying the carrying capacity (GT), reference speed (Vref),
and total rated power of the main engine (P) with change
rates of -10%, -9%, -8%, -7%, -6%, -5%, -4%, -3%, -2%,
-1%, 0, 1%, 2%, 3%, 4%, 5%, 6%, 1%, 8%, 9%, and 10%.Tak-
ing the vessel indexed as number 1 in Table 2 as an exam-
ple, the sensitivity analysis results are shown in Table 2.

A lower EEXI value indicates better energy efficiency
performance of the vessel. AEEXI represents the degree of
change in the EEXI. Data from Table 2 shows that gross
tonnage and speed have a comparable impact on EEXI,
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while power has a significantly larger effect. This implies
that adjusting the power parameters is more effective in
reducing the EEXI value than adjusting the gross tonnage
and speed. Therefore, limiting the maximum power of gill-
net fishing vessels is more advantageous for lowering their
EEXI values, thereby significantly improving the energy ef-
ficiency of the vessels. By restricting the maximum power,
fuel consumption and greenhouse gas emissions can be ef-
fectively reduced, and the lifespan of the engine and other
equipment can also be extended, lowering maintenance
costs. Power limitation policies can also encourage
shipowners to adopt more efficient technologies and op-
erational strategies, further enhancing overall energy effi-
ciency. Therefore, by effectively managing and restricting
ship power, the energy efficiency performance of ships can
be directly and effectively improved, which has significant
benefits for environmental protection and cost control.

REGRESSION PREDICTION MODEL FOR MAXIMUM
POWER OF GILLNET FISHING VESSELS

In the early stages, due to the imperfect data management
in the fishing vessel domain, incomplete records of design
parameters for fishing vessels were common. This made it
difficult to apply the formula for calculating the maximum
power of gillnet fishing vessels. Therefore, a regression pre-
diction model was constructed using the gross tonnage and
length between perpendiculars as input features, with the
maximum power of gillnet fishing vessels as the output.
First, the maximum power values for over 5,000 gillnet fish-
ing vessels were calculated. The data was then split into
training and test sets in an 8:2 ratio.3” Decision tree regres-
sion, random forest regression, and gradient boosting re-
gression models were used, with initial model construction
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Table 2. Single-Factor sensitivity analysis

Change Gross Speed Total
Rate of Tonnage After Power
Single After Change cAhgt:;e AEEXI(GT) AEEXI(V) AEEXI(P)
Factor (%) Change (t) (knots) (kW)
-1 183.15 10.33 255.42 1.01% 1.01% -1.00%
-2 181.30 10.22 252.84 2.04% 2.04% -2.00%
-3 179.45 10.12 250.26 3.09% 3.09% -3.00%
-4 177.60 10.01 247.68 4.17% 4.17% -4.00%
-5 175.75 9.91 245.10 5.26% 5.26% -5.00%
-6 173.90 9.80 24252 6.38% 6.38% -6.00%
-7 172.05 9.70 239.94 7.53% 7.53% -7.00%
-8 170.20 9.60 237.36 8.69% 8.69% -8.00%
-9 168.35 9.49 234.78 9.89% 9.89% -9.00%
-10 166.50 9.39 232.20 11.11% 11.11% -10.00%
0 185.00 10.43 258.00 0.00% 0.00% 0.00%
1 186.85 10.53 260.58 -0.99% -0.99% 1.00%
2 188.70 10.64 263.16 -1.96% -1.96% 2.00%
3 190.55 10.74 265.74 -2.91% -2.91% 3.00%
4 192.40 10.85 268.32 -3.85% -3.85% 4.00%
5 194.25 10.95 270.90 -4.76% -4.76% 5.00%
6 196.10 11.06 273.48 -5.66% -5.66% 6.00%
7 197.95 11.16 276.06 -6.54% -6.54% 7.00%
8 199.80 11.26 278.64 -7.41% -7.41% 8.00%
9 201.65 11.37 281.22 -8.26% -8.26% 9.00%
10 203.50 11.47 283.80 -9.09% -9.09% 10.00%

Table 3. Regression prediction with gross tonnage and length between perpendiculars as inputs

Metric Decision Tree Model Random Forest Model Gradient Boosting Model
R2 0.99999999 0.930692276 0.977597442

MSE (Train) 0.00001 163.05903 52.70609

MSE (Test) 6123.02246 6138.43481 7659.66928

MAE (Train) 0.00007 1.18941 2.67042

MAE (Test) 4.63076 4.60170 7.07498

RMSE(Train) 0.00305 12.76946 7.25990

RMSE (Test) 78.24974 78.34816 87.51954

MAPE(Train) 0.00004 0.52949 1.45797

MAPE (Test) 1.33796 1.31821 270173

employing their main default parameters. The performance
evaluation metrics for the three models are shown in Table
3. Therefore, despite the challenges of incomplete data, by
using advanced regression prediction models, researchers
can still effectively estimate the maximum power of trawl
fishing vessels, providing strong data support for ship de-
sign and energy efficiency improvements.

From the analysis of the data in Table 3, Table 4, and
Table 5, it is evident that different regression models ex-
hibit significant performance differences under various in-
put variables. Although the Decision Tree model shows ex-
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tremely high fitting accuracy on the training set, with an
R2 value close to 1, it exhibits clear overfitting on the test
set, with large errors indicating insufficient generalization
capabilities. In contrast, the Random Forest and Gradient
Boosting models demonstrate more balanced performance
on training and test sets, with smaller errors. The Random
Forest model particularly shows stronger generalization
ability and stability when handling nonlinear problems.
Therefore, selecting the appropriate regression model re-
quires careful consideration of the model’s fit and error on
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Table 4. Regression prediction with gross tonnage as input

Metric Decision Tree Model Random Forest Model Gradient Boosting Model
R*2 0.633149058 0.633062393 0.632178141

MSE (Train) 863.08359 863.28748 865.36785

MSE (Test) 6153.61956 6152.40982 6151.46477

MAE (Train) 3.86832 3.89093 4.06423

MAE (Test) 5.61810 5.61423 5.65021

RMSE(Train) 29.37828 29.38175 2941714

RMSE (Test) 78.44501 78.43730 78.43127

MAPE(Train) 1.88245 1.89080 1.98273

MAPE (Test) 1.90969 1.90888 1.92472

Table 5. Regression prediction with length between perpendiculars as input

Metric Decision Tree Model Random Forest Model Gradient Boosting Model
R2 0.99999 0.903466547 0.943809297

MSE (Train) 0.00248 227.11251 132.19885

MSE (Test) 11056.19322 8410.97126 8855.27587

MAE (Train) 0.00132 3.81211 6.98292

MAE (Test) 16.52026 14.23112 12.36467

RMSE(Train) 0.04983 15.07025 11.49778

RMSE (Test) 105.14843 91.71135 94.10248

MAPE(Train) 0.00073 2.05778 3.93752

MAPE (Test) 8.02858 6.73805 5.67579

both the training and test sets, avoiding overfitting to en-
sure the model’s generalization ability.

The Random Forest model significantly reduces the risk
of overfitting by integrating multiple decision trees and
performs excellently under all input variable conditions,
with the smallest errors on the test set, outperforming both
the Decision Tree and Gradient Boosting models. Although
the Gradient Boosting model also possesses strong gener-
alization capabilities, its errors on the test set under dif-
ferent input variables are slightly higher than those of the
Random Forest model. The random forest model effectively
enhances the model’s generalization ability and prediction
accuracy through ensemble learning, making it the best
choice under various input variable conditions.

Considering the models’ fitting accuracy, generalization
ability, and prediction accuracy, the Random Forest model
outperforms the Decision Tree and Gradient Boosting mod-
els on both the training and test sets. Therefore, the Ran-
dom Forest model is chosen as the final regression model.

From the analysis of Figure 3 and the data in Table 3,
Table 4, and Table 5, it can be seen that the performance of
the Random Forest model varies significantly under differ-
ent input variables. Specifically, the Random Forest model
with gross tonnage and length between perpendiculars as
input variables shows a large difference in MAPE (Mean Ab-
solute Percentage Error) between the training and test sets,
indicating overfitting. This suggests that while the model
fits the training data well, it performs poorly on unseen
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data, showing insufficient generalization ability. Similarly,
the Random Forest model with length between perpendic-
ulars as a single input variable also exhibits similar issues,
with significantly lower errors on the training set compared
to the test set, further confirming the lack of robustness of
the model. These results emphasize the importance of se-
lecting appropriate input variables and avoiding overfitting
using the random forest model.

In contrast, the Random Forest model with gross ton-
nage as the input variable shows a closer MAPE between
the training and test sets, indicating better generalization
ability and robustness. This model has more balanced er-
rors on the training and test data, suggesting that it can
predict accurately on known data and perform well on un-
known data. Therefore, using gross tonnage as the input
variable in the random forest model can effectively enhance
the model’s generalization ability and prediction accuracy.

Considering the generalization ability, robustness, and
prediction accuracy of the models, the Random Forest re-
gression model with gross tonnage as the input variable
is ultimately selected as the best model for predicting the
maximum power limit of fishing vessels. By integrating
multiple decision trees, the Random Forest model signifi-
cantly reduces the risk of overfitting associated with a sin-
gle decision tree model and performs excellently in han-
dling nonlinear problems. In practical applications, its
performance can be optimized by adjusting hyperparame-
ters (such as the number and depth of trees), enhancing
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Figure 3. Random Forest regression prediction effect of maximum power limit

its predictive effect. In summary, the random forest model
that uses gross tonnage as an input variable combines su-
perior generalization ability and flexible adjustment mech-
anisms, making it an ideal choice for predicting the maxi-
mum power of fishing vessels.

DISCUSSION

This paper thoroughly discusses the method for limiting
the maximum power of fishing vessels and derives a pre-
dictive model for the maximum power of fishing vessels
through theoretical analysis and empirical data calculation.
The research results indicate that reasonable power limits
are significant for improving the energy efficiency of fishing
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vessels and reducing emissions. The specific conclusions
are as follows:

First, referring to the IMO energy efficiency standards,
the EEXI formula for gillnet fishing vessels and the refer-
ence line formula were constructed. The sensitivity analy-
sis indicated that power significantly impacts the energy ef-
ficiency of fishing vessels, providing a theoretical basis for
subsequent power limit research. By developing the EEXI
formula and conducting sensitivity analysis, this study pro-
vides a preliminary scientific basis for understanding and
controlling the impact of fishing vessel power on energy ef-
ficiency.

Second, by combining the formula for the relationship
between the total rated power and speed of fishing vessels
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with the EEXI reference line formula, the theoretical for-
mula for the maximum power limit of fishing vessels was
derived. It was confirmed that the maximum power value
of fishing vessels can be effectively calculated based on
parameters such as gross tonnage, design displacement,
and length between perpendiculars, providing a quantita-
tive standard for limiting the maximum power of gillnet
fishing vessels. By deriving the formula and parameter
analysis, this study has established a highly accurate
method for calculating the maximum power of fishing ves-
sels, laying a theoretical foundation for the practical appli-
cation of power limitations.

Finally, decision trees, random forests, and gradient-
boosting regression models were used to predict the max-
imum power of fishing vessels. The experimental results
showed that the Random Forest regression model with
gross tonnage as the input variable performed best in terms
of robustness and generalization ability, providing a reli-
able prediction basis for the maximum power limit of fish-
ing vessels. Considering the model’s fit, generalization abil-
ity, and prediction accuracy, the overall performance of the
random forest model on both the training and testing sets
is superior to that of the decision tree and gradient boost-
ing models. The random forest model effectively addresses
the issue of overfitting, primarily due to its method of con-
structing multiple decision trees and averaging their re-
sults, which enhances the model’s performance on unseen
data. In contrast, although the decision tree model is easy
to understand and implement, it is prone to overfitting
due to slight changes in data; while the gradient boosting
model can provide higher prediction accuracy in some
cases, its training process is more complex and sensitive to
parameter adjustments. Therefore, based on these consid-
erations, the random forest model is selected as the final
regression model because it provides stable generalization
ability and maintains high prediction accuracy, making it
suitable as a tool for predicting the maximum power of fish-
ing vessels in this study. Ultimately, with its superior gen-
eralization ability and stable predictive performance, the
random forest model becomes the most suitable regression
model for this study.

In summary, this paper constructs a calculation method
for the maximum power limit of fishing vessels through
theoretical analysis and empirical research and verifies its
effectiveness and application value. This research provides
a systematic technical roadmap and decision reference for
the sustainable development of the shipbuilding industry.
The research findings on the maximum power limitation of
trawl fishing vessels based on the Energy Efficiency Exist-
ing Ship Index (EEXI) can be applied to actual ship man-
agement and policy formulation through the development
and implementation of relevant policies, ship design, and
retrofitting, installation of monitoring systems, and en-
suring compliance. This includes providing guidance for
retrofitting existing vessels to meet energy efficiency and

emission standards while improving operational efficiency
and maintaining best practices through crew training and
continuing education. Additionally, ship efficiency can be
continuously optimized by regularly analyzing performance
data and technological upgrades. These measures will help
ship operators comply with new regulations while promot-
ing sustainable development and environmental protection
in the fishing industry.

In future studies, the selected random forest model can
be further optimized, or other advanced models can be con-
sidered to enhance predictive performance in several ways.
Firstly, for the random forest model, performance can be
enhanced by adjusting the number of trees, depth, and
other parameters, conducting more refined feature engi-
neering, or employing advanced ensemble techniques. Si-
multaneously, exploring deep learning methods such as
Multi-Layer Perceptrons (MLP) or Convolutional Neural
Networks (CNN) and other models like Support Vector Re-
gression (SVR) may exhibit better performance in handling
complex relationships. Finally, enhancing the model’s in-
terpretability and developing visualization tools can help
researchers and users better understand and trust it, facil-
itating its effective deployment and use in practical set-
tings. Through these comprehensive measures, future re-
search will improve the model’s accuracy and applicability
and enhance its acceptability and practical value.
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