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A Study on the Implementation of Real-Time Marine Deposited Waste
Detection AI System and Performance Improvement Method by Data
Screening and Class Segmentation

%I-EH —JF*’ _(?_k” %' w* Ol 3|_4A1 wRH Z_S| %—FIL****, 7é|'—7é:—:?|—*****’ 17:! Dl_l %' TR AKAK

Tae-su Wang*, Seyeong Oh**, Hyun-seo Lee***, Donggyu Choi****,

Jongwook Jang***** Minyoung Kim®****%*

2 % AFRA2ANE FHoldoR AT Ao FER oAsl B Walsh 2] FAY WA b 5o BAE
o7 Fa golo] Hrh ¥ =RolA Aol AW, FEY, FAY, N5ePgel U Hel ek S8 ANzt @)
FPAzA7) A QB AaWe TR A% AN AT el te) AFAT A7 ARG $5
SRR yolovLBE HEste] Axge TANUL, AN PO SEdolHe Holy Ad 343
oz AR PES A8sen ARHon nade dolg s Fezot ARsa velee] AR Avhy
o Haed dolEE AusAY 59 3 §uol w4 FBL ARG 1 e delgdel AR vk
PP A7) Q4 AR AnE welt

FR0| SR H2U, yolovs, Held, Hloleiatelelz, 44914

Abstract Marine deposited waste is a major cause of problems such as a lot of damage and an increase in the
estimated amount of garbage due to abandoned fishing grounds caused by ghost fishing. In this paper, we
implement a real-time marine deposited waste detection artificial intelligence system to understand the actual
conditions of waste fishing gear usage, distribution, loss, and recovery, and study methods for performance
improvement. The system was implemented using the yolov5 model, which is an excellent performance model
for real-time object detection, and the 'data screening process' and 'class segmentation' method of learning data
were applied as performance improvement methods. In conclusion, the object detection results of datasets that do
screen unnecessary data or do not subdivide similar items according to characteristics and uses are better than
the object recognition results of unscreened datasets and datasets in which classes are subdivided.
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Table 1. Data Screening Criteria

Data Screening Criteria
1. Does the object in the data clearly exist?
2. Does the object exist in the data intact?
3. Has the object been immersed for a long time and assimilated
into the environment?
( Improvement of object recognition accuracy,

It has been assimilated by immersion for a long time and
cannot be recognized as garbage. )
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Table 2. Labeling criteria for each class

Class Labeling criteria
rope Threef‘strand twiste?d rope
( S-twist or Z- twist )
fish net The shape of the fishnet mesh is square or
rhombus
cir_trap | The shape of the trap entrance is round
rec_trap j['he shape of the trap is a hexahedron, and there
is a vertex where the X-Y-Z axes meet.
eeltrap ’Ijhere is a drain hole and there is a guide hole
hinge
fire There’§ a tire Whegl }}ole, and it’s shaped like a
hole (circular or elliptical).

o2 220 rope(BtE) B2 AF AEE FA5H
7] Ql8l A& mol vhE 9] &S A& ThA] o}

REE A Vb 2 2ae FE AR Al e
2 o) SAF = ZAF FEE 2.07] wfio] roped] A

FH7t SAAT22]. fish_net(1%) 28 A AE
o] Whi= HEAHE Aolo] FRI ‘TIEwEe] mgol

A2y = vhgw Pejz vehl dek i trap(9)

r

o] Hhhe

>
o
o,

—84 4
r i
oft
=
o M
o 3
oy
)

&
ARk o] WAL wEEs Fu
RS A Al EATVLL 5T
FET AR EHAE g 5
tire(gholo)e] A% =717h ks
Ho) A5 D T
4 7ol 9)

w2

i)

-+ 4
(O
4

il

2
ol
-

o

oL ¢

oy

ofh o ot

£
5T
oy
o9 g &

o
OO

23

do

T

o
e

o

“& =0

oS

= oo 2
L w

° ¥

=

4 K
021:,"
)
o

fish_net cir_trap

rec_trap eel trap tire
Jg 8 ZeiA H epa I wE 2fE o|o[X|
Figure 8. Labeling images for each class according to the
criteria
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Table 4. Classification of leaming case parameters ) ’ )
Learning | YOLOv5 | Batch Epochs image o] &5 Case® TP(True Positive)®} Z+ Z#~4
ste godel Size 0 SIZG AP(Average precision), mAP(mean Average precision)
arge . o =
2 Large 16 300 S B8 AEAEE I
3 Medium 16 300 o 2 #HoF7} obd AAR] none classt BlAE
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Table 5. Learning Verification Table of data screened cases
Learni Thresh TP rope fish cir rec eel tire none
érarsue "€ | old | detection net trap trap trap class mAP
(T) amount AP
1 052 046 0.38 067 0.13 0.67 0.78 057 3.66
2 0.61 0.69 0.42 0.7 0.13 05 0.72 0.71 3.87
3
(BestCase) o7 0.67 0.75 0.54 0.78 0.19 05 0.83 0.43 4,02
4 ’ 0.58 059 0.38 0.78 0.13 0.17 0.83 057 3.45
5 0.44 0.27 0.33 0.59 0.31 05 0.72 043 3.15
6 05 0.36 0.38 0.7 0.31 0.33 0.78 057 3.43
7 043 0.37 0.25 0.52 0.06 0.33 0.75 057 2.8
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