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Abstract: Estimating trawler fishing effort plays a ecritical role in characterizing marine fisheries
activities, quantifying the ecological impact of trawling, and refining regulatory frameworks and policies.
Understanding trawler fishing inputs offers crucial scientific data to support the sustainable management of
offshore fishery resources in China. An XGBoost algorithm was introduced and optimized through Harris
Hawks Optimization (HHO) , to develop a model for identifying trawler fishing behaviour. The model
demonstrated exceptional performance, achieving accuracy, sensitivity, specificity, and the Matthews
correlation coefficient of 0. 971 3, 0.980 6, 0.963 2, and 0.942 5, respectively. Using this model to
detect fishing activities, the fishing effort of trawlers from Shandong Province in the sea area between
119°E to 124°E and 32°N to 40°N in 2021 was quantified. A heatmap depicting fishing effort, generated
with a spatial resolution of 1/8°, revealed that fishing activities were predominantly concentrated in two
regions; 121. 1°E to 124°E, 35.7°N to 38. 7°N, and 119. 8°E to 122. 8°E, 33. 6°N to 35. 4°N. This
research can provide a foundation for quantitative evaluations of fishery resources, which can offer vital
data to promote the sustainable development of marine capture fisheries.
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0 Introduction

Marine fisheries are a vital component of the
marine economy for coastal nations. In pursuit of
advancing the marine economy, global fishing intensity
has surged, driven by the expansion of fishing fleets
and significant advancements in fishing technology and

') This increase has imposed considerable

equipment
pressure on the sustainable development of the marine
ecological environment and biodiversity'>™>'. In this
context, monitoring fishing efforts is essential for
tracking changes in fishery resources, assessing marine
ecological vulnerability, and supporting marine spatial

planning'®’. Traditional methods for estimating fishing

effort have largely depended on fishing logs and catch
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data, which are prone to various human biases and
time delays. Issues such as inconsistent record-

keeping, underreporting, misreporting, and the
inherent time lag in data collection can significantly
undermine the accuracy and timeliness of fishing effort

7). These challenges highlight the need for

estimates

more robust and reliable data sources and
methodologies to assess fishing pressure on marine
resources with great precision. The vessel monitoring
system ( VMS ), which tracks fishing vessels by
providing dynamic data on vessel position, speed, and
reporting time, offers a promising new data source for
fisheries research'® . VMS not only provides real-time
insights into fishing vessel activities but also enables

more accurate and timely assessments of fishing
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pressure on marine ecosystems. This enhances the
precision of fishing effort estimates and supports the
development of effective management strategies aimed
at ensuring the sustainability of fisheries.

The data obtained from VMS provides ecritical
insights into the operational status of fishing vessels.
By analyzing this data, it became possible to discern

the fishing activities of vessels'® ™"’

estimation of fishing effort'"®.

, facilitating the
The accuracy in
identifying the operational status of fishing vessels
directly impacted the precision of fishing effort
estimations.  Early fishing behaviour recognition
algorithms primarily focused on extracting features such
as vessel speed, heading, and operational time,
applying thresholds to classify vessel activity'’ ™"/,
threshold-based
constrained by the limited features available, making it

difficult to generalize across all fishing vessel types'®! |

However,  the approach  was

and often led to overestimates of fishing effort'"*’.
Machine learning algorithms offer an advanced
approach by exploring the nonlinear relationships
between VMS data and fishing behaviour, and have
become central to current research on fishing vessel
status recognition'®’. For example, ERICO et al. ™"
introduced a Hidden Markov model based on speed to
identify fishing behaviours in trawlers, achieving an
This model established a

nonlinear relationship between speed and fishing

accuracy rate of 85%.

behaviour, enhancing recognition accuracy. However,
it relied solely on a single feature input, which limited
its overall accuracy. FAUSTINATO et al. ‘*') extracted
geometric features from continuous trajectories and
applied a Random Forest model to identify fishing
behaviour, reaching an accuracy rate of 88% for
trawler fishing behaviour recognition. While this study
optimized the feature composition, it neglected spatial
position data, which constrained further improvements
in accuracy. LI et al. ") employed XGBoost to identify
trawling fishing behaviours in vessels from Liaoning
Province and estimated fishing effort. DAVID et al. "'

constructed a comprehensive feature matrix by
extracting extensive spatial and vessel dynamic data,
using a deep convolutional neural network to recognize
fishing behaviours, achieving an accuracy of 96%.
However, deep neural networks are encumbered by

challenges such as numerous parameters, complex

parameter tuning, high computational costs, and long
training times.

Leveraging Beidou vessel position data, a Harris
Hawks Optimization extreme gradient boosting ( HHO —
XGBoost) algorithm was presented to develop a fishing
behaviour recognition model for trawlers. The proposed
model investigated the spatiotemporal distribution
patterns of fishing efforts in Shandong Province in
2021, with the aim of offering an innovative approach

to estimate trawler fishing effort.

1 Material and Methods

1.1 Data Preparation

The experimental vessel position data were
collected from 3 600 trawlers in Shandong Province in
2021, covering the sea area between 119°E to 124°E
and 32° N to 40° N. The dataset had a temporal
resolution of 3 min and a spatial resolution of
approximately 10 m. FEach vessel position record
included key information such as latitude, longitude,
speed, transmission and reception timestamps, and
fishing zone details.

In trawling operations, multiple nets were
typically towed behind the vessel, which required
deceleration and a constant speed to maintain uniform
tension on the trawl nets. The duration of trawling
sessions, typically ranging from 3 h to 5 h, was
influenced by fish density. This study covered the full
trawling process, which from net deployment to
retrieval, and categorized the trawler status into two
primary states: fishing and non-fishing. The fishing
state encompassed net deployment, active trawling,
and net retrieval, while the non-fishing state was
further subdivided into anchored mooring and
navigation.

Before annotation, the dataset underwent a thorough
cleaning process to remove records with missing or
erroneous values for longitude, latitude, speed or
timestamps. The distance of each vessel position from the
coastline was precisely calculated, and data were
segmented based on accurate port entry and exit
timestamps. Given the potential for signal fluctuations
during satellite data reception, as well as occasional
manual obstructions to transmission sources, trajectory
segments were carefully segmented if the time elapsed

between consecutive position reports exceeded 3 h.
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Leveraging the expertise of fisheries professionals,
the data from 12 trawling vessels based in Liaoning
Province, covering the period from September 2019 to
December 2021, were carefully calibrated. During this
calibration process, the vessels’ fishing status was
annotated with “1” for fishing and “0” for non-fishing
states. Key operational characteristics of the fishing
vessels were then extracted for each record from the
calibrated dataset. These parameters included the
forward time interval, distance travelled, the shortest
distance to China’s coastline, the shortest distance to
all ports and shelter anchorages in the Yellow Sea and
Bohai Sea, theoretical speed, current speed, azimuth
difference , rate of change in azimuth, time of day, and
month. These critical parameters provided valuable
insights into the fishing patterns, navigational
behaviour, and operational efficiency of the trawling
vessels throughout the study period.

1.2 Algorithm Overview

Beidou vessel position data was utilized to extract
feature vectors, which were analyzed to classify the
vessels’ engagement in fishing activities. Following
this classification, fishing effort was quantified. The

overall system architecture for this process was

presented in Fig. 1.
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Fig. 1 Overall system architecture

The method outlined for calculating trawler
fishing effort, based on Beidou vessel position data,
comprised two key components. The first component
fishing  behaviour

involved  constructing  a

discrimination vector from the vessel position data,
followed by the application of an XGBoost classifier,
Hawks

algorithm, to identify the occurrence of fishing

optimized via the Harris Optimization
activities. The second component calculated the
fishing effort by integrating the classifier’s output with
both static and dynamic information extracted from the
vessel position data.
1.3 Principle of HHO — XGBoost Based Fishing
Behavior Classifier

Aimed to utilize XGBoost for the identification of
trawler fishing behaviour. XGBoost is a gradient-
boosted ensemble learning framework *' that constructs
models by iteratively incorporating the n-th weak
learner, with the input being the residual of the (n -
1)-th prediction. This process stacked multiple weak
learners to progressively minimize residuals, ultimately
approximating the true values. Decision trees were
employed as weak learners. The objective function of
the fishing vessel status recognition model based on
XGBoost was expressed as follows ;

Obj =L + i()(fj) (1)

ey
where L represented the loss function, z 00f)
i=1

represented the complexity regularization term. In the
t-th iteration, the predicted value of the model for the

i-th sample was as follows ;

l
~(1) A(t=-1)
i = 2 i) = fi(w)(2)
i=1
where ¢ represented the iteration number; i denoted the
sample index, with x, representing the training vessel
position data; v was the predicted result for sample i
after the ¢-th iteration; f,(x;) was the prediction result
from the ¢-th weak learner; k indicated the index of the
weak learner. Based on the above, the objective
function can be expressed as:
0bj" = 3, L") + X ) =

i=1 i=1

n

S Ly - G ) e X ) (3)

i=1
A second-order Taylor series expansion on the
objective function was defined in Equation (4) ;

Objm = 2 [(yi _9;5“1))2 +gif;(xi) +

=1

s o) +c (4)
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where C represented a constant. Given the above, the "mtmb[m( t) - =X, ( ) =rs[AL-r,(UL-AL)] (¢<0.5)
objective function can be expressed as: (8)

oy = 2 (giwq(xl_) +—h, "’q(z) ) +yN +

=1
N

=1
N
2; [G./w,r"'?(H./"’)\)w_?] +yN (5)
i=
where @, represented the prediction made by the
current weak learner for sample x; when it fell into the
wq(xi) :ft(xi) =

w;, where @, was the weight associated with leaf node

j. Given G, = Z g6, = 2 g:, where I, denoted

iely ielj

corresponding node ¢(x;). Specifically,

the set of samples falling into leaf node J, the optimal
weight w; for leaf node j can be computed to obtain the
optimal solution ¢ (x,). To find the optimal solution
q(x,;) ,the optimal weight @, for leaf node j can be

calculated as:

Zgi

iely

w=- o (6)

! Zhi+/\

ielj

The optimal solution for the corresponding

objective function was calculated as follows

(Ze)

N
i iel
obj()) = ? D= ——+yN  (7)

i=1 Zh + A

iel
Equation (7) served as a metric for assessing the
performance of a weak learner’s leaf nodes, with a
higher score indicating improved algorithm performance
in recognizing fishing vessel behaviour.
However, the application of XGBoost requires the
adjustment of multiple parameters, and the selection of

parameter  values  significantly  influences its

The use of the HHO algorithm was
The HHO algorithm,
was inspired by the hunting

performance.
proposed to optimize XGBoost.
introduced by Heidari,
several

behaviour of Harris Hawks'®! and involved

phases, including discovery, the transition from
exploration to attack, and the attack phase.

Discover: Harris Hawks remained stationary in
the desert, continuously observing their surroundings.
They attempted to identify the most favourable points

by making random exploratory suggestions ;

where X

mat

(t + 1) represented the position vector,
Xy, (1) was the hunt position vector, X, (1)
represented the hawk randomly selected hawk at the

current population, X, (t) was the average position

mat ,

of current hawk position and can be denoted as

N
/N 2 0x,,,(t), r,r,r,r,q denoted the random

i
value in [0,1]. AL, UL denoted the lower and upper
values, respectively.

Exploration to attack: Once the hunt was
detected, the task of the hawk group was to reduce the

energy expenditure of the hunt.

E=2Eo(—iT+1) (9)

where E was the energy of the escaped hunt, E,
denoted the initial energy of the hunt, 7 was the
The attack was
hard, soft

with progressive rapid dives, and hard with progressive
[25-26]

maximum number of iterations.

determined following the strategies of soft,
rapid dives . Soft surround represented a strategy
employed by the Harris Hawks to reduce the energy
required for hunting through the use of sudden attacks.
"’l(” ( t + 1 ) = AX"I{![ ( t) -
El JX rabbit ( t> - X"W ( t> !
(r=0.5,E=0.5)
Aerlt ( t) = X - Xln(lt ( t)

(t) denoted the difference between the

mat

(10)

mat rqphis

where AX,

current position in the t-th iteration and the current

position of the hunt, J was the jump strength. Hard

surround was a situation where the energy of the hunt

was considerably reduced.

(t+1) =X, (1) -EIX,, (1)]
(r=0.5,1E1<0.5)

Soft surround with progressive

mul mul

(11)
rapid  dives
indicated that the hunt possessed sufficient energy. The
Harris Hawks seeked to deplete the hunt’s energy
through sudden, aggressive attacks.

(¢) —EIAX, (1) |

where Y denoted the next move.

- X, (1) (12)

Unlike previous

/” @ rabbit

dives, which were assessed for their effectiveness, if

the move was deemed inadequate, the hawk continued
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with sudden dives. The decision-making process
employed a Lévy flight distribution structure to guide
these actions.

Z=Y+SxLF(D) (13)
where D was the problem size, S denoted a random
vector of size 1 x D, LF was the levy functions

expresses as follows;

LF(x) =0.01 £& (14)
ol #
I +,3)sinﬂ7'8 g

(1§

where u,v were random values inside (0,1), B was
default constant set to 1. 5. Therefore, the strategy for
updating the positions of hawks during the soft besiege
phase can be formulated as follows;

Y (F(Y) <F(X,,(1)))

7 (F(Z) <F(X,, (1))
(r<0.5,1E1=0.5) (15)
rapid dives

X/n(u(t+1) ={

Hard surround with progressive
indicated that the hunt lacks sufficient energy. In
Hawks

aggressive, forceful surround;

response, the Harris initiated a more

Y:Xm(u,,,],b”(t) _ElA]Xmul(t) | —X,nal(t) (16)
Z=Y+SxLF(D) (7
Y (F(Y)<F(X
Xma((t+1>_ ( ( )< ( mat(t>))

\z (F(2) <F(X,,(1))
(r<0.5,1E1<0.5) (18)

Noting that the coloured dots represented the
location footprints of LF-based patterns in one trial,
and only Y or Z would serve as the next location for the
new iteration.

To optimize the process of searching for XGBoost
hyperparameters, the HHO — XGBoost procedure was
expressed as follows

Step 1: Define the number and ranges of
parameters to be optimized. The parameters to be
optimized in XGBoost included the number of weak
learners, learning rate, number of iterations, random
undersampling ratio, column sampling ratio, and
regularization parameters y and A. Set the upper and
lower bound arrays “ub” and “lb” for each parameter
according to their respective value ranges.

Step 2: Use the average accuracy from cross-

validation of the XGBoost model as the fitness function

for the HHO algorithm.

Step 3. Initialize the population of Harris hawks
and compute the fitness values for each hawk.

Step 4: Check whether the maximum iteration
count reached. If the current iteration count exceeded
the maximum, proceed to Step 5. Otherwise, update
the positions of the hawks and continue the optimization
process by using the formulas in Equations (4) ~
(7).

Step 5: Output the results of the parameter
optimization.

By following these steps, the trawler fishing
behaviour recognition model based on HHO — XGBoost
was obtained. The pseudo-code for HHO — XGBoost
was provided in Algorithm 1.

Algorithm 1 Pseudo-code of HHO — XGBoost

algorithm

Inputs; The population size N and maximum number of
iterations T

The upper and lower boundaries of the nine
parameters of XGBoost
Outputs: The location of the rabbit and its fitness
value.

Initialize the positions of X,(i=1,2,---,n)
while iteration t<T do

Calculate the cross-validation score of XGBoost as
the fitness

Update bF, X,

Set X, 1

for each hawk X, do
Update the initial energy E, and jump strength J

as the location of rabbit

Calculate the E by equation (9)
if |E1>1 then
Update the location vector using equation (8)
if |[El <1 then
if (r=0.5,1E1=0.5) then
Update location vector using equation (10)
else if (r=0.5,1E1<0.5) then
Update location vector using equation (11)
else if (r<0.5,/E1=0.5) then
Update location vector using equation (15)
else if (r<0.5,1E1 <0.5) then
Update location vector using equation (18)

Return bF and X,
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1.4 Training and Testing Phase of Classifier
The fishing behaviour of trawlers based on HHO —
XGBoost  was

programming language. During the training process, a

implemented by wusing the Python

dataset consisted of 165 860 position data points from
10 randomly selected vessels was assembled, ensuring
an equal split between fishing and non-fishing
behaviours to maintain a balanced training sample.
Approximately one-fifth of this dataset was set aside as
the test set, resulting in 12 547 points for model
training and 44 314 points for testing. To obtain the
optimal hyperparameters using HHO, a five-fold cross-
validation approach was employed. Following the
completion of the training process, external validation
was conducted by using the 44 314 position points.
Several machine learning algorithms were selected for
comparison to evaluate the performance and advantages
of the HHO — XGBoost algorithm.
1.5 Performance Evaluation of Classifier

To evaluate the performance of the classifier of
trawler fishing behavior, four metrics'” ' were
utilized, 1. e., specificity ( SP), sensitivity (SN),
accuracy ( ACC ), and the Matthews correlation
coefficient (MCC).
1.6 Fishing Effort Calculation Method

According to the calculation method proposed by
the Food and Agriculture Organization of the United

Nations, fishing effort is typically expressed in terms of

engine  power and  fishing  operation  days
(kW-d) " The method for calculating fishing
effort was adopted from references "'/ with time

measured in hours, and fishing effort quantified in
kW-h. When a trawler was engaged in fishing
activities, assuming the study area could be divided
into grids, the formula for calculating fishing effort
within each study grid was as follows;

S I N
E = 2 2 2 (Ti,m,n,s - Ti,m—l,n,s) WiPi,m,n,s

s=0 =0 n=0
(19)
where m represented a position in a grid for a specific

trawler, T, and T, denoted the time at consecutive

i,m-1
points along the trajectory of trawler i, W, denoted the
represented the

N

,m?
indicated the number of positions for trawler ¢ in the

engine power of the trawler i, P

i,m

operational status of trawler i at position m at T,

specific grid, I represented the number of trawler in

the s-th grid, S denoted the number of grids, and E
signified the total fishing effort within the study area.

2 Results

2.1 Evaluation of HHO — XGBoost Based Fishing
Behavior Recognition

During the training of the HHO — XGBoost
HHO
configured with a population size of 50 and an epoch of
20. With this HHO - XGBoost
completed the training process and identified the
which included a
learning rate of 0. 096 8, 443 estimators, a subsample
rate of 0. 834 4, a colsample_bytree of 0. 7342, and a
seed of 734. After

parameters , model testing was conducted, and the final

classifier, the algorithm parameters were

configuration ,

optimal parameter combination,

determining these optimal

test results were summarized in Tab. 1.

Tab.1 Comparison of precision rate of machine-

learning classifiers

Methods ACC MCC SN SP

ELM 0.922 1 0.8457 0.8900 0.953 4
RF 0.9711 0.9422 0.9818 0.9619
LightGBM 0.9700 0.939 8 0.976 5 0.964 3
XGBoost 0.9709 0.9418 0.979 6 0.963 4
HHO — XGBoost 0.9713 0.9425 0.980 6 0.963 2

The test set used in the experiment was collected
from new trawlers that were not involved in the training
phase. This dataset consisted of 20 489 fishing position
points and 23 825 non-fishing position points, was
specifically designed to evaluate the generalizability of

the proposed model. The experimental results

HHO - XGBoost

outperformed other ensemble learning algorithms,

demonstrated that the model
including Extreme Learning Machine (ELM) , Random
Forest (RF), and LightGBM. Compared with ELM,
RF, and LightGBM, HHO - XGBoost correctly
identified 1,176, 7 and 57 additional samples in the
test set, respectively. Furthermore, when compared
with XGBoost trained with empirical parameters and
XGBoost optimized by using the Genetic Algorithm
(GA), HHO — XGBoost correctly identified 15 and 6
more samples, respectively. These results strongly
supported the effectiveness of the proposed algorithm,
through  its  innovative  optimization  process,
significantly improved the performance in recognizing

trawler fishing behaviour.
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To further enhance the precision of fishing
behaviour recognition, three strategieswere proposed.

Firstly, feature enhancement was recommended.

Considering that vessels often operated in fleets, with
multiple trawlers working in pairs, integrating
spatiotemporal information between vessels could refine

the identification of fishing operation characteristics.

Secondly,  further  algorithm  optimization  was
suggested,  potentially  incorporating  additional
optimization  techniques.  However, the overall
complexity of the model should be carefully

considered. Lastly, expanding the data samples was

essential  for  improving  model  performance.
Continuously updating the dataset with data from
various fishing vessels and extending the sample period
would increase the model’s accuracy and robustness.
2.2 Estimating Spatiotemporal Fishing Effort

The fishing behaviour of trawlers in Shandong
Province was recognizedby using the HHO — XGBoost
classifier, and the fishing effort for the entire year of
2021 was subsequently calculated, as illustrated in

Fig. 2.
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Fig.2 Distribution of fishing effort of trawlers
in Shandong Province in 2021

The analysis of Fig.2 revealed that the majority of
fishing effort was concentrated in two specific regions
(D The first region, spanning from 121. 1°E to 124°E
and from 35.7° N to 38.7° N,

387963 366.6 kW+h of fishing effort, representing
approximately 48.98% of the total recorded fishing

accounting for

effort within the surveyed area. This area is primarily
located within the Yantai — Weihai and Shidao Fishing
Grounds, is a key fishing area for trawlers in Shandong
Province. (2 The second area of focus, extending from
119. 8°E to 122.8°E and from 33. 6°N to 35.4°N,
contributed roughly 17.46% of the total fishing effort

recorded in the region, with concentrations in the
Haizhou Bay Fishing Ground and the southwestern
sectors of the Lianqgingshi Fishing Ground.

To provide a clear understanding of the
spatiotemporal distribution of fishing efforts by trawlers
in  Shandong Province, monthly hotspot maps
illustrating the distribution of fishing efforts during the
non-fishing closed season was presented, as shown in
Fig. 3.

As illustrated in Fig. 3, in January 2021, the
fishing effort of trawlers in Shandong Province was
predominantly concentrated in two areas: 123°E to
124°E, 32.8°N to 36.7°N, and 121.4°E to 122.8°E,
34.1°N to 35.8° N, both of which were relatively
distant from the coastline. By February, overall fishing
effort showed a downward

trend, with hotspots

becoming more concentrated around 123°E to 124°E,
33. 1°N to 36. 8°N. This shift may be attributed to the
Spring Festival, during which some fishermen returned
home for the holiday, while others ventured further
offshore for trawling.

In March, the distribution of fishing effort
expanded, exhibiting a more diffuse pattern and an
increase in overall fishing activity. The primary
concentration of fishing effort shifted to 122.5°E to
124°E, 33°N to 35.9°N. By April, fishing effort
remained stable compared with March but became more
widely dispersed, gradually moving closer to the
coastline. Key fishing areas were located at 122°F to
124°E, 33.5°N to 37.5°N, and 119.4°E 1o 120.8°E,
34.8°N to 35. 7°N. This redistribution may be linked
to the approaching fishing closed season, prompting
trawlers to return to their home ports.

After September 2021, a notable increase in
fishing activity occurred as a significant number of
trawlers ventured offshore, resulting in fishing efforts
that were two orders of magnitude higher than those
observed during the first half of the year. Primary
fishing activities were concentrated in the Yantai —
Weihai Fishing Ground and Haizhou Bay Fishing
Ground, located closer to the coast at 121. 3°E to 124°E,
35.5°N to 38. 7°N and 120°E to 122. 5°E, 33.5°N to
35.5°N, respectively. Despite minimal fluctuations in
fishing effort was between September and October, the
spatial distribution became increasingly focused within

these fishing grounds, with a significant uptick in
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Fig.3  Monthly distributions of fishing effort of trawlers in Shandong Province

fishing activities. Together, September and October
accounted for the majority of the annual fishing effort.

In November, compared with October, the
distribution of fishing efforts expanded further into
deeper water, with a prominent concentration in the
Yanwei Fishing Ground. By December, the fishing
effort hotspots shifted even farther offshore, primarily
concentrated in the central Yellow Sea at 121.5°E to
124°E, 34°N to 37°N, covering the Shidao Fishing
Ground and Lianqingshi Fishing Ground. This shift
indicated a growing trend of trawlers targeting deeper

waters as the fishing season progressed.
3 Conclusion

(1) A novel algorithm, HHO — XGBoost, was
introduced for the recognition of fishing behaviour in
trawlers, and leveraging data from over 3 600 trawlers

in 2021 was used to calculate fishing effort and

estimate its spatiotemporal distribution. The proposed

method  demonstrated  outstanding  generalization
capability, achieving high performance metrics in terms
of accuracy (0.971 3 ), sensitivity (0.980 6),
specificity (0.963 2 ),

coefficient (0.9425) in the test phase.

and Matthews correlation

(2) The spatial distribution of fishing effort was
predominantly concentrated in two key areas: 121. 1°E to
124°E, 35.7°N to 38.7°N, and 119.8°E to 122.8°E,
33.6°N to 35. 4°N. These areas were primarily located
within the Yantai — Weihai Fishing Ground, Shidao
Fishing Ground, Haizhou Bay Fishing Ground, and
Lianqingshi Fishing Ground.

(3) To further enhance the accuracy of fishing
behaviour recognition, future efforts should focus on
feature enhancement, algorithm optimization, and data
expansion. These strategies held substantial potential to

further elevate the precision of the model.
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