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(b)
] 3 ~ Example of underwater fishing behavior samples. (a) Abnormal behavior.
(b) Normal behavior.



GPU RTX 3090 24GB GDDR6 - CPU Intel 17-10700F + MMPreTrain 1.x ~ Pytorch 1.8

' _ Camera ﬁ i
Al Edge Computing Platform "N
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B 4 - Overall architecture of the proposed underwater fishing behavior classification

framework.

® 5 ~ Under water robot.
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% 2 ~ Training and Test Original Datasets

Class Training dataset Test dataset
Normal behavior 6,750 750
Abnormal behavior 6,750 750
Total 13,500 1,500
All Images 15,000
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fr3 x 3 Conv ehfF it 2 i F 4 » ¥ - FE@ B % UE Y 2 h P AR K

Vb i 91 4 ch 8 A 4k 9 ch FA-FENet 5 7 7 07 iE (7 LAk end

e iv> AP ons - kot BRI R T iE K30 A - Front channel
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-.F}ﬂ\-
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wE
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Frontchannel =9) » (& B /13 Rigentricie FERF Y (e ity d) o
i# & & (2 x 2 Conv, Front channel = 6) ~ (3 x 3, Conv Front channel = 3)f-(3 x

3 Conv, Front channel = 6) o

iofdiw & 3 %> ResNet[43]:5 bottleneck block(l x 1 Conv ~ 3 x 3 Conv
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f= 1x1 Conv) - bottleneck block i & 7 % * 1x 1 conv " & » # = jgd
X 3 conv HPFHHc £ Jﬂz A#* 1x1Conv 2o Rm » NPIRLEHM
bottleneck block i & 7 if * s i > HoW B HCER BT HE Y 2%
s 3 & R FANEAdEr R 23 3x3Cony e
Flgh o AR D e 4 O R oer L A sy 0 2R 10 L & CNN AR 4R

Wi F R ENI L R e - A T o AL RREINEF R LR
Rz ts > mAPRINGIE A PRASFED OIS o ANPGRS

e LR MAEREREY > BT EREY I RANE e LR 0 A
4% & e1 FA-FENet &_— fd b = 23 3|2 0 CNN 7§ Tﬁ_’j 27 e CNN 4L
¥¥iE T4 4 > FA-FENet ¥ ® & F## CNN 4 iz = Convl o 24

44

S FFHEEEFL e BRSO CONN LiFhL IR -

| Channel Scaling Feature Attention

. Compression Features Attention | . Zoom Features Attention .

| | | 1
BN+ReLU ReLU ReLU ReLU ReLU ‘ ReLU

3x3 Conv, 3 x3 Cony, 2 x 2 Conv, 2 x 2 Conv, 3 x3 Convy, 3 x 3 Cony,

Front channel Front channelx 2  Front channel x 3 Front channel x 2 Front channel Front channel x 2

X BN+ReLU

|

Skip Connection X

3 x 3 MaxPool HxWxC

Input Image

®) 6 ~ The proposed FA-FENet architecture.
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4.1 Top-1 Accuracy §= Top-5 Accuracy #* 4 ¥

AFH R AT RS PR B s g Ea Y h Top-
Accuracy Fv Top-5 Accuracy ° Top-1 Accuracy & g RIPES &~ Hod ~ 5 B) ¥
FRP| I FE 3R 5] o Top-5Accuracy 5 §F "2 % 4p 2 2 Fppl A B T g h) o
4o 38 1 #75F > Accuracy 3+ & £ d TP(True Positive) ~ FN ~ FP = TN - FN
% False Negative > RS4RI T 5 fthr > g% T4 -FP i

False Positive » Fgp| 8 F 2| 2 5 E e h > FE FH f kA o TN 5 True

®

Negative TERp| 2 % 2T 5 f A F % o & #% A -TP 5 TruePositive>

TEREERI T2 HA > FEIL F A

TP + TN
TP+ TN + FP + FN 1)

Accuracy =

42 *PF AT Y ORI MR TR

£ AP EOR Y N Bk T R A SR i
% ° . Top-1 Accuracy §= Top-5 Accuracy *% = HorNet -~ MLP-Mixer -
ShuffleNet V2 ~ ConvMixer ~ RepMLP ~ Res2Net » ResNet50 ~ SEResnet = Wide-
Resnet #7144t % 24 o # Params(M){- Flops(G) =% 5 ShuffleNet V2

B A 4 I 2 4F o A Weight Size 3® 5 5 ShuffleNet V2 23] & » 3"
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pF F (Time)3® s ResNet50 #3| FFRF b o i ir & 0 & 2 fi-7) 20 B v i
AL BE o NPER A RTH AT S A8 EsR L Top-1 Accuracy fr Top-5
Accuracy # Z 2 4% e ShuffleNet V2 #3427 H- A & 5 A3+ F 3 B 79T

Al e

# 3 ~ Performance comparison between the trained models used in this paper on the illegal fishing image dataset

Top-1 Top-5 .
Model Params(M) | Flops(G) | Time Epoch
Accuracy Accuracy
2
BEIT V2 [29] 1.1236 100.0000 86.53 17.58 ) 300
minutes
1 300
EdgeNeXt [30] 98.8764 100.0000 18.51 3.81 )
minutes
EfficientNet 12 300
53.9326 62.9213 14.36 3.50 )
V2 [31] minutes
7 300
HorNet [32] 100.0000 100.0000 88.42 15.42 )
minutes
12 300
MIXMIM [33] 1.1236 100.0000 114.67 16.35 )
minutes
MLP-Mixer 4 300
100.0000 100.0000 59.88 1.61 )
[34] minutes
PoolFormer 10 300
1.1236 100.0000 56.17 8.96 .
[35] minutes
ShuffleNet V2 5 300
95.2709 100.0000 2.28 0.15 )
[36] minutes
29 300
TNT [37] 82.0225 100.0000 23.76 3.36 )
minutes
ConvMixer 18 300
100.0000 100.0000 24.38 5.55 )
[38] minutes
8 300
HRNet [39] 93.3820 100.0000 77.47 17.36 )
minutes
16 300
Mobileone [40] 1.1236 100.0000 14.84 2.98 )
minutes
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Top-1 Top-5 .
Model Params(M) | Flops(G) | Time Epoch
Accuracy Accuracy
12 300
RepMLP [41] 100.0000 100.0000 96.45 9.69 )
minutes
7 300
Res2Net [42] 100.0000 100.0000 4521 8.12 )
minutes
2 300
ResNet50 [43] 100.0000 100.0000 25.56 4.12 )
minutes
) 17 300
ReViT [44] 17.9775 100.0000 87.34 17.49 )
minutes
9 300
SEResNet [45] 100.0000 100.0000 49 .33 7.86 )
minutes
) 20 300
ViG [46] 7.8652 100.0000 95.21 16.86 .
minutes
Wide-Resnet 8 300
100.0000 100.0000 68.88 11.44 )
[47] minutes
) 31 300
XCiT [48] 97.7528 100.0000 6.72 1.24 )
minutes
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2% 0.01 » Batch Size 7€ 32 3¢ % 64 » &2 7 100 %290 » VR 9 %
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# 4 -~ Training Setup Parameters

. , Weight
Model learning rate Channel Batch size Class Num workers
decay
BEIT V2 [29] 0.001 768 32 2 0.05 20
EdgeNeXt [30] 0.006 584 32 2 - 20
EfficientNet V2
;31] 0.001 1536 32 2 0.00001 20
HorNet [32] 0.004 1024 32 2 - 20
MIXMIM [33] 0.001 768 32 2 0.0001 20
MLP-Mixer [34] 0.003 768 32 2 0.3 20
PoolFormer [35] 0.0005 768 32 2 0.05 20
ShuffleNet V2
0.5 1024 32 2 0.00004 20
[36]
TNT [37] 0.003 3 32 2 0.05 20
ConvMixer [38] 0.0001 1024 32 2 1 20
HRNet [39] 0.1 2048 32 2 0.0001 20
Mobileone [40] 0.1 2048 32 2 0.0001 20
RepMLP [41] 0.0001 768 32 2 1 20
Res2Net [42] 0.1 2048 32 2 0.0001 20
ResNet50 [43] 0.001 2048 32 2 0.0001 20
ReViT [44] 0.0001 1536 32 2 0.05 20
SEResnet [45] 0.1 2048 32 2 0.0001 20
ViG [46] 0.1 1024 32 2 0.0001 20
Wide-Resnet [47] 0.1 1000 32 2 0.0001 20
XCiT [48] 0.0001 192 32 2 0.05 20
# 5 ~ Training and Test Datasets
Original dataset
Class Training dataset Test dataset
Normal behavior 6,750 750
Abnormal behavior 6,750 750
Total 13,500 1,500
All Images 15,000
Data augmentation
Class Training dataset Test dataset
Normal behavior 9,225 1,025
Abnormal behavior 9,225 1,025
Total 18,450 2,050
All Images 20,500
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# 6 ~ Performance Comparison of Different Methods in This Paper

Average Accuracy learnin | Batch
Method Class Loss )
rate g rate Size

This work proposed with 0.06

Transfer learning based on 2 96.61% é3 0.01 64

pretrain model

0.07

ShuffleNet V2 2 95.27% 13 0.001 32

44 @I
hbF Y > AR 2 5 ShuffleNet V2 fr ResNet50 #-7] ek ™ #
BT A A EEIEFRY "# 7 Top-1 Accuracy = Top-5 Accuracy = 3 Rl R
PAcdish B S chipgh o FIPt > A PER AR TR A 7S A Top-
1 Accuracy 4v Top-5 Accuracy % J 2 4% 59 CNN 2 ## ShuffleNet V2 #-7] &
FHAIE G AP R DL R RICR AL R E L TR E R TR AT
LR 0 XY E T S d Ao & 6 A P4E2 T E D MHCA] ShuffleNet
V2 &% Pz m/ﬂﬁa\i‘? oo ol ant i ¥ ALY ShuffleNet V2 Gk 4
Bottleneck Block f=#% i 4% 1 53 FA-FENet o F 7@/ 22 4% 1) e 2 » FA-

FENet # 52" R P { F & I -

# 7 ~ Performance comparison results of ShuffleNet V2 among different modules

Top-1 Top-5
Model Params(M) Flops(G)
Accuracy Accuracy
ShuffleNet V2 [36] 97.04% 100% 2.286 0.15
+FA-FENet (Ours)
+Original Bottleneck 96.61% 100% 2.283 0.08
Block
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A Deep Learning-based ROV Surveillance System
for Monitoring Illegal Fishing

Xiang-Rui Huang, Guan-Zhi Huang, and Liang-Bi Chen"
Department of Computer Science and Information Engineering,
National Penghu University of Science and Technology, Penghu, Taiwan
E-mail: "liangbi.chen@gmail.com

Abstract—The issue of illegal fishing is a global concern that
requires attention. This paper focuses on marine biodiversity and
sustainable development and proposes a deep learning-based
computer vision technology for monitoring illegal fishing using
ROV surveillance systems. By combining deep learning-based
technology with a remotely operated underwater vehicle (ROV),
supervisors can remotely control the underwater robot to take
images and send them to the AI server through a 4G/5G mobile
network. The AI server quickly identifies any instances of illegal
fishing by divers in underwater images. Additionally, supervisors
can use the illegal fishing monitoring platform to monitor for any
illicit activity fishing underwater.

Keywords—AIoT; illegal fishing; deep learning

i INTRODUCTION

Inrecent years, with the impact of drastic changes in climate,
the issue of illegal fishing has become an important global issue
for sustainable marine development. According to the Food and
Agriculture Organization (FAO) of the United Nations, more
than 80% of fish species are developed and utilized by human
beings. For the sustainable development of fisheries, the world
has formulated relevant fishery harvesting methods to manage
and supervise illegal fishing behaviors. Illegal fishing refers to a
variety of activities that violate the use of marine and fishery
resources, known as illegal, unreported, and unregulated (IUU).

The vessel monitoring system (VMS) is a solution to the
problem of illegal fishing, but the same problem exists between
the VMS and vessel automatic identification system (AIS). In
2011, there were 10 foreign vessels on Pedro Cay with a large
number of divers using illegal fishing equipment (harpoons,
fishing nets) to conduct illegal underwater fishing activities [1].
Therefore, the problem of illegal underwater fishing has not yet
been resolved. To solve the problem of illegal fishing, there have
been many studies on the use of deep learning technology and
IoT technology in recent years [2]-[6]. For example, the Global
Fishing Watch platform [2] is a cloud-based monitoring
platform that combines AI and satellite data to track boat
activity. The neural network used can identify boat size and
engine power, fishing type and fishing gear used.

Carlos et al. [3] used the IAS dataset on the Global Fishing
Watch platform to propose a fishing behavior classification
using the fishing behavior IAS dataset classified by the AIS.
Young et al. [4] proposed a vessel identification algorithm based
on the R-CNN architecture for ship monitoring. The
disadvantage of this method is that it can identify abnormal ships
with an AIS, but the problem of illegal fishing by divers still

This work is supported in part by the Ocean Affairs Council (OAC),
Taiwan, under Grant OAC-112-023. This work s also supported by the Higher
Education Sprout Project, Ministry of Education (MoE), Taiwan, under Grant
MOE-112G0004-1. *Corresponding author: Prof. Liang-Bi Chen.
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Fig. 1. System construction of the proposed system.

cannot be solved. The illegal fishing behavior of divers cannot
be detected by AIS.

Syah et al. [5] proposed a method to classify ship images
using a CNN method. The categories are divided into two
categories: fishing boats and military ships. Using deep learning
technology for ship detection can be used for ship monitoring.
The experimental results showed that the proposed method
provided 90% accuracy. Kartal and Duman [6] used a CNN
method to identify the satellite imagery of optical satellites.
Experimental results showed that the proposed method provided
99% accuracy.

However, there is no research in the field of computer vision
on the problem of illegal underwater fishing behavior in the
abovementioned literature. The underwater fishing behavior
dataset we collected is divided into two categories: normal
underwater behavior and abnormal underwater behavior. The
normal underwater behavior category consists of the normal
behavior data of underwater divers. Fish equipment personnel
(fishbone, fishing net, spear gun, gillnet) collected data and
identified and analyzed underwater fishing behavior.

II. THE PROPOSED SYSTEM

Underwater illegal fishing is defined as the use of illegal
fishing equipment (bone fishing, submersible fishing).
Therefore, this paper proposes a remotely operated underwater
vehicle (ROV)-based illegal fishing monitoring system using
deep learning technology, which can use ROVs [7] to collect
underwater illegal activities. Fig. 1 shows the system
architecture of the proposed system.
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Fig. 3. Recognition results. (a) Normal behavior. (b) Abnormal behavior.

As shown in Fig. 1, when the supervisors of the waters
collect evidence of illegal fishing, they can use the ROV to
search for evidence underwater. The advantages of using an
ROV lie in safety and convenience, and users can conduct
underwater evidence searches safely and conveniently. The
ROV can return real-time underwater images and upload them
to the illegal fishing monitoring platform through the 4G
LTE/5G mobile networks. The illegal fishing monitoring
platform uses deep learning technology to recognize real-time
underwater images and alerts the supervisor if there is illegal
fishing.

In this paper, we define illegal fishing as the use of illegal
fishing equipment (fishbone, hook, submersible). The illegal
fishing behavior images are fed into the illegal fishing
recognition model for training. The dataset is approximately
5,000 images, the overall training and testing ratio is divided into
9:1, and the images in each category are averaged to allow the
model to provide excellent accuracy. High-accuracy illegal
fishing models can recognize highly variable blurred images in
the sea, allowing supervisors to better detect illegal fishing
divers. As shown in Fig. 2, the pretrained model TNT [8] is
selected in this work. As shown in Table 1, the experimental
results show that when the epoch is 264, the pretrained model
reaches an accuracy of 81.0225, the loss function is 0.2018, the
size of the TNT model is 280 MB, Params (M) is 23.76, and
Flops (G) is 3.36. As shown in Table 2, the total training time is
42 minutes, and each step in the training process requires 11,363
memory. The following are the parameters of the TNT model set
in this paper. The total category is 2, the channel is 3, the batch
size is 32, the score is verified every 5 steps (num workers), the
initial learning rate is set to 0.003, and the weight decay is 0.05.

Fig. 3 demonstrates the experimental results of the
underwater fishing behavior recognition model. Fig. 3(a) shows

2023 GCCE

TABLE L EVALUATION SCORE VALIDATION ON UNDERWATER FISHING
BEHAVIOR DATASET
Lo " P: Fl
Model Epoch Accuracy ﬁmctsison Size a(f\a;)ns (g;))s
This work 264 80.0225 02018 280 23.76 336
TABLE IL TRAINING PARAMETER SETTINGS
Model Time Weight Class Chainel Batch learning
(m) decay size ate
This work 42 0.05 2 33 2376 0.003

that a normal diver does not carry illegal diving equipment. The
underwater fishing behavior identification model identifies
normal behavior. The net is illegal diving equipment, and the
underwater fishing behavior identification model identifies it as
an abnormal behavior, as shown in Fig. 3(b).

III. CONCLUSION

In this paper, an underwater robot illegal fishing monitoring
system based on deep learning computer vision technology is
proposed. When the supervisor collects evidence of illegal
fishing, he can use the underwater robot to search for evidence
underwater. The advantage of the underwater robot is safety. and
convenience. The underwater image has a high-variable blur
problem. The model proposed in this paper has an epoch of 264,
and the pretrained model achieves an accuracy of 81.0225 and a
loss function of 0.2018. Our proposed system uses an
underwater robot to return real-time underwater images, which
are uploaded to the illegal fishing monitoring platform via a 4G
LTE/5G mobile network. The illegal fishing monitoring
platform uses deep learning technology to identify the real-time
underwater images returned. If there is illegal fishing, it will
remind the supervisor to conduct underwater evidence search.
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