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Abstract

detections. Therefore, this study proposes a marine creature detection method based on iterative fusion of sample-assisted

Occlusion caused by gathering of marine creatures together is an important reason for false and missed

network training. First, an improved deep hole residual structure is selected as the feature extraction network, which
improves the feature extraction ability of the network. Second, because of the occlusion and dense characteristics of marine
creature images, the loss function is improved to avoid false and missed detections. Finally, to solve the problems of
target occlusion and data imbalance, a sample iterative fusion method is proposed to generate an extended training set of
simulated images. This improves the effectiveness of network training and the ability to detect marine creatures with a
small sample size. The experimental results show that the proposed method can achieve a detection accuracy of 91. 36 %
on the URPC2018 dataset and 90.27% on the Taiwan fish dataset. The detection accuracy and speed of the proposed
method are higher than those of existing target detection algorithms.

Key words marine creature detection; sample iterative fusion; deep learning; underwater target detection and recognition;

digital image processing
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Fig. 1 Marine biological detection network model based on sample iterative fusion
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Table 1 Number of samples on URPC2018 dataset

Sample Total Train Test
Echinus 453 2672 622
Scallop 343 783 232
Starfish 463 9271 2337
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Table 2 Number of samples on Taiwan fish dataset

Sample Total Train Test
Abudefduf bengalensis 453 317 136
Abudefduf lorenzi 463 324 139
Abudefduf septemfasciatus 343 240 103
Abudefduf sexfasciatus 208 146 62
Abudefduf vaigiensis 469 328 141
Acanthuridae 284 199 85
Acanthurus blochii 250 175 75
Acanthurus dussumieri 358 251 107
Acanthurus japonicus 349 244 105
Acanthurus lineatus 207 145 62
Acanthurus nigricauda 470 329 141
Acanthurus nigrofuscus 271 190 81
Acanthurus olivaceus 249 174 75
Acanthurus olivaceus 366 256 110
Acanthurus pyroferus 469 328 141
Acanthurus thompsoni 285 200 86
Acanthurus xanthopterus 493 345 148
Aeoliscus strigatus 320 224 96
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Fig. 6 Loss function curves of each target detection method
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B, 3 R O B . T R O R A R T R LR A I

F4 AT AE URPC $dE 4 b R RS g

Table 4 Detection accuracy of different methods on URPC dataset unit: %
Sample  Faster R-CNN SSD YOLOvV3 YOLOv4 RolMix RFB Efficientdet  Proposed method
Echinus 47.32 76.23 85.39 91.77 93.73 53.71 87.21 92. 24
Scallop 75.23 79.77 85.82 92. 82 93. 67 80. 39 81.01 91.46
Starfish 76.16 86. 38 73.76 88.58 90. 04 84.42 90. 36 90. 37
mAP 66. 24 80.79 81.66 91.06 92.48 72.84 86.19 91. 36

0220001-6



A 2% bR B, 32 FIOK T BEAS I AR & J7 1k 2R G 4 |
HAEMG, AT U PR R TR R BLR 1 3E ) fiE
#OONTE B M PR b T Tr A S AR B AR
7 1 W G INAS JEE PE B 2R, PRAR AR 23 301 3R A AL
AR ZE R . AT L BT 48 O 2 AR TR 2 R
3 B P AN B, v X A 23 £ 2 0 A K 2 AT LA
B 10070 0 X2 R dx 46 £ 2R 1 A 2 4 00 R e T
HURRAE , st 2R H AR5 9 SEU0 X 0 I, A B T 4%
PEAT AR A 4R I YN 2 5 LU, X 4 10 28 A e it 4
R Z RAFTE— D RN R 8 T AT K AL 55 5 it

FE60%5 F2H/2023F 1 A/BRESXBFEHRE

Ah X s a2 H AR A B 2 ISR AS &, (8 T ) 2% iF
TTREWINGR . P 7 e 7e 6 18 28 L iy A il 25
mE 7.

N SR LAFE Y« F 4 5 1 08 38 43 £ 288 1) A T A
JEE AH XA, 5 Gn BR W S f e BRE ) R 6 S5, 3R TR
FEAE ARG X0 G A5 G M 4G BT, A B S R
BT B R U R TR IR B R R SRR LA
WA % IS E S Y A1 Faster R-CNN A i H B
s REB SR H = A AR RS i 238 T 4B FL(1 X 1.3 X3,
5X5) He = B A7 B, X 2 H bR 0 R RS B AR, 5 2

5 ORI G 02 A b i G R

Table 5 Detection accuracy of different methods on Taiwan fish dataset unit: %
Sample Faster © oop YOLOvS  YOLOvA  RolMix  RFB  Efficientdet | 0P
R-CNN method
Abudefduf bengalensis 57.99 73.71 52.90 87.38 99. 13 98. 20 72.53 99. 36
Abudefduf lorenzi 57.99 99.29 94.74 99.95 99. 98 99. 60 62.02 100. 00
Abudefduf septemfasciatus 2.71 88.48 86.62 90.75 96.43 99. 19 79.52 100. 00
Abudefduf sexfasciatus 55.42 77.05 88.23 93. 18 92.72 99. 25 83. 36 84.94
Abudefduf vaigiensis 19.61 56. 37 72.01 67.02 80.98 90. 42 77.43 85. 54
Acanthuridae 1.42 43.24 60. 00 62.55 88.13 76. 84 44.91 46.97
Acanthurus blochii 6.29 88.12 58.63 82.62 99. 95 98.42 89.46 100. 00
Acanthurus dussumieri 0.17 41.92 38.81 89.03 36.49 82.72 64.31 85. 97
Acanthurus japonicus 4.30 62.00 73.54 90. 65 95. 46 94.97 75.96 96. 15
Acanthurus lineatus 0.68 82.03 67.44 45.57 86. 65 95.55 62.82 90. 97
Acanthurus nigricauda 4.80 93.78 71.37 99. 09 98.67 95.77 94.41 100. 00
Acanthurus nigrofuscus 8.83 60.78 63.18 82.07 85. 69 86. 38 41.43 69.47
Acanthurus olivaceus 13.49 74.77 73.31 86.43 84. 98 95.23 58. 84 81.56
Acanthurus olivaceus 44. 30 85.18 81.39 99.39 99. 97 94.65 80. 20 100. 00
Acanthurus pyroferus 58. 40 82.82 85.16 94.89 94.61 97.34 89.49 96. 56
Acanthurus thompsoni 35.01 81.22 83.61 89.19 100. 00 97. 00 67.69 100. 00
Acanthurus xanthopterus 55.29 45.50 74.88 88.12 69.78 66.18 72.94 87. 42
Aeoliscus strigatus 41.19 87.42 88. 54 91.98 91.13 99. 46 81.37 100. 00
mAP 25.99 73.54 73.02 85.55 88.93 92. 62 72.15 90. 27

7 B3R T5IRTE &1 M S P L A I 25 2 . (a) 5748 TG L3R 405 (o) A CC R 8 5 (o) v iz B2 AR £ 5 (d) R 2 9
(e) H A R 5 (H)BRkwy o
Fig. 7 Detection results of the proposed method on Taiwan fish datase. (a) Abudefduf lorenzi; (b) Acanthurus blochii; (¢) Abudefduf

bengalensis; (d) Acanthurus nigricauda; (e) Acanthurus japonicus; (f) Acanthuridae
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K 2L 45 49 B9 YOLOvA A 3 45 %5 4 19 46 10 RS )% .
JIT 8 J7 35 SR T R IE A DU R R — 41 3 X 3 1 A5 TR
B R R IESZ BT DR A T e 2 E R A A RS BN
i AR 40 E 7(F) FiR .

JT 07 B AR 6 T fa 28R AR B WO 08 E
F Faster R-CNN. SSD. YOLOv3. YOLOv4, RFB A
Efficientdet J7 % , f I T RFB. MAG TG B & , frde
J7 ¥ Faster R-CNN,SSD . YOLOv3, YOLOv4 , RoIMix
1 Efficientdet 23 932 & T 64. 28 1 F 43 &5 . 16. 73 M H 4

F£60%5 F2H/2023F 1 A/HASBFEHRE

ML 25 EH S A T2 A E A L34 A A SR
18. 124N E 43 s o FH G130 BH JIT 12 77 2 X0 ¥ 392 A 1 1y A )
i A N SR Rl 7 = s R N i e R gL
R LR, T ik ARG I R A FE YOLOvA 7 4
T 12.97 frame/s, FUH AL H A5 R I 5 75 A0 L ARAT T 3
PEREETE . O I ZR e iR A g A /D (A5 LA
R 7 3 o AR AIE 2 ) R 58 4x o T T HR K R BEAR AR Al
Gl A A T A A B AR A REA B i
A ) 28 A5 TR Kok /N AR ) R 0 R AT S AR T

F 6 ANIE) I vk oA I SE R L

Table 6 Comparison of detection speed of different methods

Faster ) o Proposed
Parameter SSD YOLOv3 YOLOv4 RoIMix RFB Efficientdet
R-CNN method
Speed /(frame+s™") 23.64 40. 80 30. 23 36.33 23.70 10. 38 18.54 49. 30

DR I T 42 7 T A6 IR ZE B N AN AR A5 AR v 10
W2 FE T K AERY mAP . 1 BRI 4% 45 K 1 T B
DA SR TR AR 32 AR Rl 70 DR TR A 00 o 2 4G 10 254 2% 1Y [+
BF, I A 0 4% 32 4 7 3 3 A RS i
3.5 HERSMH

[ 8 b T $ 97 ¥: A1 YOLOv4 . RFB 9 # H 5 46 )
D7 BRI 45 SR Ee o MR R A A R R/ R
BEIE . BRITHE T RSN, o BARA I 77 v #0476 T
R I 00 o FR VR A A B R LA R KT R i
et £ 2 B R, R AR 5 32 K T S IR B s, 806G

E RN il N5 il

LR, T ILEEAR . YOLOvVA 5 RFB A 7 2: 39k A
SR 53z PRSI ik , BT LA 6 BEOR 38 & A il £
2 VR HAR KR BGANX BE T 825 . A SCEF
P AR R AR BT TR A R A il AR Y
4 BRI L e, (5T 5 T R 4G T (O 245 AL 50 O 35 1) T o) U
AW BRI, 7E — 2 R L FE Th T I 2% B4 G 0K 2
XL YOLOv4 5 RFB 6 I 45 5 w11, 7 8 H br A
X LR OUT , REB J7 7% 19 B s K B8 g #5247
AABRIER R I E 858 HAn . W AR, DA IE B A DU 1) £
i LA TR A I Oy i LT AR T

FERX L (a) RS ; (b) YOLOv4; (¢) RFB;(d) r 2 )5 1

Fig. 8 Detection result comparison of different methods. (a) Original image; (b) YOLOv4; (¢c) RFB; (d) proposed method

4 45 B

TR T — b 22 X 5 HE SR T XN RUK T B
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