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Fig. 1 Central and western pacific tuna longline fishing catch dataset

Wity
Gempylus serpens

http://www.shhydxxb.com

. 4
Kbt

Thunnus alalunga

Isurus paucus

AT

multibox detector, SSD ) 4 BB 25 0 £ | 12 4 1k 2
228 H S0 2 skl =y ek, iz T
A GRS R AT R A A 5k
394 300x300 15 % , N 7e 2 45 iy A UG AE s 7E
AR AE ] rb g 00 A7 AR 2 S AN TR RN ) SR
INHE , ADE I G n] e A2 AE B A 5 2R 45 ) il
EIE e LIS GO Sy Sy Be 2 1[I NI
SEHLE ARk A Dy RE o

SSD A& PRI 2 4 JETE VGG-16 £ T M 45 11
SEmth b etk gt I 2 X A G ERE
VAT RTIN , (5 ] 22 41 4 S B R AIE R 3 B
SUHE RO H ARSI . P g — 20 R
TEAR BRI AE R 2 T — )2 B R &t 2k
KA e R AL . o, VGG6 1Y fe7 )2 5
B Conv7 JZ2 , S UL A B, 5 7 2 42 .
Conv8 2.Conv9 2 .Convl0 2 Convll 2, ALK
TR A6 FRUR BBE DA T 76 A 10 2ok 75 v SRR 22
FIRRIEAS S o BAskr &8 4546 7 Convd 3,
Conv7.Conv8_2 45 P2k SLHLIEMG B b1 1 2 i
R AN EE . & 2 S SSD AR AL H T pE K
V- 4 A R JE 2 A e AR ) TR RN R IR A
.

il
Xiphias gladius

Prionace glauca

S

Lepidocybium flavobrunneum

Alepisaurus ferox




2 B, A TR 2] W AR A 2 U AR R R B AR B 309

®1 PAXEFERBERFBERMFRE

Tab.1 Species of western and central Pacific tuna caught by longline fishing

Tk BFHHIE BhE e
Class Morphological characteristics Number of images
KIR AR IRBIG EEIE , Se f  5 , MR IS RN 58 1, 75 A TR 6, IR AR 1 (2, R BT E 330
Thunnus obesus ] 2 4iE e 25 SR A v e
WIS A PRTAL AR, 5 70 W €2, M PR 1 €, U0 T A e 2 N, 75 B s o DA 65 343
Thunnus albacares SRR
KIE G (RTALTERIE , T 0 €, IR 11 €, D0 T I N, T Sl Dtk B A AR T 325
Thunnus alalunga BEb
PN PR ZE T, T FRAN €, MR 1 0, S AR IR L | HRIE K, SR X 6 4 3, R 329
Prionace glauca I 3P4 2
foilfiA PRTISER , 5 F0 IR €0, IR 1 0, SR AR EIR RIS/ AR 2R, T 6 = MK 2 336
Xiphias gladius g5 A Y
Wil KR e A A,
e PR, 1 AR €, LT 6, IS0 5, BRI KRB KL, B A 302
opias pelagicus
KK R et e s e e et bt s
dlovi - PREDGF IR , 75 TR (0, IR 1 (0, LR P 2, R A I i By R R, R 335
opias superciliosus
N PREDRLR T, 5 SRR 05 €, IR 1T (0 MR T, S/ RS R, W TR T, SR 2 X 324
Isurus paucus K
WL PRI, TR 0, IR 6, S BRI WK, W 25 0 O, 56 l
Alepisaurus ferox =T, RS S
S PRI TR, 5 TG W €, WP 11 €0, BRI JC 8l e, SR/ RIS R, WA iR, 342
Lepidocybium flavobrunneum 55422 %}
L PRBEAAN i, 55 SIS WA €, LA 1 €0, B RO JC I 1, Skl I , MRS R, WA i Tt 15
Gempylus serpens R, L X
(U1 (K B 2 ) PRALAN fiy , 5 FRARIR (5, IS 1 €0, S RO JCBE e, Sk i/ R rp 452, s 2, R 343
Taractichthys steindachneri 2%
AT PR i 2208, TR 28 €, IR 1 (B R B 0, Sk /N | R O T, W e [0 360
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Fig.2 SSD network structure diagram
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Fig. 3 Fish part segmentation diagram
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Tab.2 Dataset description

et S HR P 7
Dataset Name Number of images
<G £ T 48 5 Y0 AR ) e TR PR B A "
Overall image dataset of tuna longline catches Hedfi g 1 4375
<G £ T 48 5 Y0 AR ) Sy S PR B A "
Partial image dataset of tuna longline catches Hedfi g 2 4375
<o £ 0 48 5 Y0 A o DR TEE J v T (S R 4R HARAE 3 4375

High recognition partial image dataset of tuna longline catches

123 SiRmlE

A W5 48 FH Pytorch1.10.0 , Cuda $4 2 ¥ 354y
fa UL K Ab PR A% (Graphics processing
unit) ¥ NVIDIA GeForce RTX 3090, {1 2 ¢ fii
1 Ubuntu 20.04 52 84 FHAH 28 [0 26 153780 (1) 31| 25 1
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B G, SSD A& PR 25 [ 28 155 DK iy A RIS
$ 4 546 H] OpenCV (PIL 45 IR AL 3% | T 78 5
Y L 300x300 15 (19 KT KN, e JH 547 B 1
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(G 0 S ABE R 7E SSD A AL 2 i i
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A 2§ NN D 27 = | 7 Ry S i
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RANZR 10 KI5, 2% 2 /N2 E R 1+ 3 22—
[F] B K batch_size 15 4 64, K FHEK & H A5k I
i 2% BRI % (Joint object detection loss function) ff
SRERIYI L5 B % pR R, AR % LEE 45 BT 8
RS EASK I 2 GBI AR RS 724
(1L N e S o R T RO R B R N SR E B e Sl W
17 100 FE R AR 25
1.2.4  BORIPPA 5465

SC B 48 R R WA fE IR P il (Epoch-wise
evaluation) B[ 5> Il 25 56 Wk 45 o J5 4647 — Ul
T2, DAV R A5 R FE I oo 72 i M e A2 Ak
55 SR R

PG I e LA 4R T 2 2 %0
A MR DA A AR M B, A4S U DA 8 ok FH - 34
#5 £ (Average precision, AP) | F ¥ X5 B ¥4 (i

(Mean average precision, mAP) | 5 3 H 5 £ =
(Ground truths, gts) . Kz M 2] 9 H #5 £ &
(Detections, dets) . 7 1] # (Recall) | ¥ i
(Precision) . fit 2% (Loss, L) FI1TE V8 K FE X 52 56 25
B ST i A 0 N N R (= LT S T [ i
AR RE B B T i B A DL SRS 2, 48 A
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AP FImAP RERS VA A A A AN [) 05 B2 B
THIERR . 55 AP I mAP R UIBOR B4 KR
o 0 R PR R AR AEE S . BRICLASE , gts Fil dets
BT VPAL A DU ASE AR Fr U oA M

gts Fe7n HLAL H AR 094, BDEE S hanic iy
H s gcas, T PG R Y 7 55 Y0 A6 J 52 H
PR IR S

dets &/~ B AUAG I 2] 1Y B Rk, RIS AY B
RS H AR, 8 LR ks I E) i B bRl
5 HbREE, 7T DOPEAG R R I EE

mAP 5 A

5
X, = i:]l\[ (2)

A x, EERE EEEEmAP; N X 42 192
B PO i RN AP RN FESA 8 A 1R
(BN R . AR T R X4
el b N R bl (TR A S S S EaP|SR )
HER RO 215 B R A mAP,

73 0] 32 (Recall ) fif 5 145541 B D 4G 21 (19 2
SCHbR g R SR 55 B EE e, = A
] 32 /R B AGT FLAC H AR i w R R

PEHCIE: <7 = 7N W

X
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Xop T Xpy

o x WA B xR ELIE ] (True positives)
BV TR 1 491 1E A T kg 1 5 A B s e B
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R . A IR PR TR 0 3 1 2Z (8], {i B R
TSR T I A TR 8 R, RVASE R R fE A
o ELSE I IE ) T b AR R
HE 8 (Precision ) 7 e ) 2455 760 100 A7 1 491
2t S, TR TR ) LA
KRR A
Xp = . (4)

Xpp T Xpp

s, AR e SRR TI0IN A 1 A5 1) 2 48]
B o KRR D AR S50 Ay T 451 ) 25
rp, TR 1) BB

12k (Loss, L) 48 brffif i 1 458 B 7E Il i 72
TR L SR 2 2 ] 1) 25 S R B DA SRR
TENZRAE E LA e 1 i sm 55 . BE A B AL I 25
AIHEAT , P R AR 25 2 W s/ N B 22 58 31— R 1Y
B B E WS, I i i s AR B A 2 o) o 7 rp g
18 T B LA, Loss {EBRAIG , A5 Y iy 93 0 e 2 30 1
SEAH, FEVNZREE LA R s

£ SSD # A v | L id 5 45 1Y 2 3K G H ARk
53 2% bR % (Joint object detection loss function)
THEAS 2 1Y, B 43 245 2% (Classification loss, L)
18 v #5125 (Localization loss, L, ) #EAT AR A1
S 2SR AR ECT AR AT 55 1 2R
BAR A R SO e T REA

L=axL.+BX%XL, (5)

A s o Rl B4 20 2 T o 408 2 AR

IREHFE 2 — %A, 1T R TE AN [H]
8] A I 2 SR 5 B S AR A ) Y O R
3 3 R VA R I T DL R A AR AR A A (] 2 Gl
R, AL AR EL A AR A S A9 A 451
£
2 2

21 £REERPERYSIRINERDESRS
i P

N T B UEASHIEFE 5 G rp o T AR
SRR AR R R AR SR R BT A R
TEHH [R] B BRRE A BRI T, 0 o 1A ey 00 Ao 4
S AN AR W) R JR R K s S AE [F] — SSD & B4
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It SEAE I B 2 50% B AR Ak 7 5K 1 5¢
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SEMERI N IR

BT 1.2.2 797 R B Y £ 2 R R I A 4
Tk B 25 5000, K Ay 12 Bl it AR 4 sk
B fig f )R 3 ER e A e 37 20, I
Y5 SSD BE T | I 2 BT 4545 Y iy i 3 25 R (3R 3)
VE R BUE 45 3 T 4 A £ SiE 28 24 30 R ) v R0
Je F AR AR S 400 A3 A o S ek Ay i e 3 b
1 3R ) 45 AR AL 1 R NE B, T IR A 2 e R A 3
A JRy 8 F A 18 TR F- ARG BE A b LA, 25
B A5 M A M £ JE 28 4 Y 0K B 1) 1 LU B S S
N 4),

2.2 HEEIMRELLER

W 1 4 JIT 7 040 30 v U ) A 5l £ 3
55 AR Py 8 AR RSB IR A 1 A6 AR W] A BE N aE
1T SSD ALk b A .

MEL 'S Hf AT S B b 2, 2 S HohE SR U 2k
HEEALTE I 3 () E AR R AR I . FERT 20 5
YN, mAP Y6 A T R0 2 i U S
B G 5 1 mAP TR AR 28 5 TR W
P PR K 4 o B 25 DI 2R 58 U B 386 n , 455280 (g
mAP AR LR 2 s (R AR AT
 E TS B AE 10 mAP HEf R AE 0.83 £
0.85 Z [ 2y , T 2540 45 3 719 mAP ¥ 1 22 ) 72
0.88 ] 0.91 Z [H Y h . FALZHWSU , 45U
B 3R i 2 22 (R A7AE B S 0 o 3 2, R B4R 3
TE 4 FE 1 908 209 29 0 5 W) 43 2SR ) 5 T A RE ARG
TR,

6 7~ 1 SSD A AUAE I 25 A ik o 7 v 2
AR TUNBUR ARt 2. AT LAE H 2ETT 20
IR IGE TR B B SR, T2 R R
FER O 8 o AU GRM g i F v SR 4E 1
FVEEAE 3 b i 26 W, Jmy i G B di 4R 1Y
PR AR TR AR G B R 4R o 6 )5 40 21 100
WA, B IR 2220 0.6, X EI, kY
e U S 8 A a4 (BUHi 48 3) 7F SSD i 7R
BB A Rz AL RE T .
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Tab.3 The test results of local images of fishing catches

Fh R FLHARECE: R H AR AR LIRS V- H A
Class Fish species localisation Gts Dets Recall Precision AP
13 8 23 0.875 0.304 0.693
g
KHE T B o 8 47 1.000 0.170 0.842
Prionace glauca
ey =2 8 46 1.000 0.174 0.959
13 10 44 0.900 0.205 0.900
il
l!ﬁg. . rh B fig 10 54 1.000 0.167 0.900
Xiphias gladius
RiR=: 10 51 1.000 0.196 0.959
LIPS 2 24 1.000 0.083 1.000
N R P =
&@#Eé. rh B g 2 25 1.000 0.080 0.950
Alopias pelagicus
e 2 17 1.000 0.118 0.975
(DS 7 34 1.000 0.206 0.696
.. w>
jtﬁﬁitﬁéﬁi o o B fig 7 42 1.000 0.167 0.875
Alopias superciliosus
fa )2 7 35 1.000 0.200 0.948
a3k 5 11 1.000 0.455 0.911
L fe fis v
i rh B £ 5 41 1.000 0.122 0.933
Isurus paucus
fa)e 5 29 1.000 0.172 1.000
3k 10 22 1.000 0.455 0.967
mnmﬁ;g ' rh B i 10 30 1.000 0.333 0.991
Alepisaurus ferox
e 10 31 1.000 0.323 0.991
3k 8 30 1.000 0.267 0.966
IR A 1 v B A7 g 8 53 1.000 0.151 0.950
Thunnus obesus
e 8 50 1.000 0.160 0.917
113 10 40 1.000 0.250 0.824
fi&
RIS A rp B £ fig 10 57 1.000 0.175 0.947
Thunnus albacares
11 2 10 43 1.000 0.233 0.930
13 12 32 1.000 0.375 0.854
- (i A
Kt Hh B A i 12 48 1.000 0.250 0.906
Thunnus alalunga
fi )2 12 50 1.000 0.240 0.883
3 9 24 1.000 0.375 0.966
i
It W LEPH Tt (i
Lepidocybium flavobrunneum B J 43 1.000 0.209 0-916
2 9 54 1.000 0.167 1.000
3% 8 20 1.000 0.400 0.884
fik
Kl o B 4 8 28 0.875 0.250 0.847
Gempylus serpens
fa )2 8 33 0.875 0.212 0.780
i3k 3 17 1.000 0.176 0.960
U] FE A i 1 i e
11 fi . . .
Taractichthys steindachneri B 3 25 1000 0.120 1.000
fa )2 3 49 1.000 0.061 0.990
241
R %C .
Pteroplatytrygon violacea Tk > 12 1000 0417 1000
SRR A mAP 0.919
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Fig. 4 Highly recognizable local parts of each catch
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Fig.5 mAP curves of SSD models trained on different
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Fig. 6 Loss curves of SSD models trained on different

datasets
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Fig.7 Confusion matrix of the SSD model trained on dataset 3
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Tab.4 Comparison of experimental results across different datasets

EAC/IE S

I R BRI S5 R EENER
Dataset Test accuracy/% Modeltraining parameters/(x10°) Floating point operations/(x10°)

Bdi4E 1 Dataset 1 85.4 25.35 349.36
R4 4 2 Dataset 2 91.9 28.27 358.94
$di4E 3 Dataset 3 91.6 27.89 361.42
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Tab.5 Comparison of SSD model performance for different datasets

K HIER{RTIES FAb b T (R I A I AG I s 1]
Dataset Test accuracy/% Frames per second/(11i/s) Detection time per image/s
Hd4E 1 Dataset 1 85.4 29.98 0.032
$d4E 3 Dataset 3 91.6 31.92 0.027

TR 2E ) ik A A Bir b i 24
FRAF A A — D B D FRE SR A, 3K SRR A 42
BET I BT BA5 S NI S B 4R T T ek £
Flr 43 25 v i BB PR B . 7E 22 ET A I 5 R
SPAMPINATO %2V th T —Fp 2 & = 4e Z 1A
R Sl I T RN v Rl e BN U EX'S
BT ARFFAE | A AR G2 T A2 500 J i AT
W BIET T . XABIER ™ 7E#F 5% v fdf F Mask
R-CNN XJ #4459 vl (1) £ 28 G R A T
Huoph /3], I8 1T ResNet5S0V2 JEATHFl 4025, i
BRIRE] T 21 70%.

TCiE 238 1 Ay R E B 1 A 2 5 FH A 25 )
AT RS S, B B AR i AL R AE R
P R ERR L o AR, 4R RO PR R Y OC
SRR 7 vk B RE LR LA O T - EMS S
SO AL B AL A e v  BER HO
HEEE) 57 B 37 WA 00 288 RGBS i A7 B 6 At ) 54l
FRi: , 3 fif A5 0 78 Y1 255t B2 P A% P o i
Ty 1, 5 A0 AR O 53 A 17 100 5 3 2ok A 80 S T Ak B
AR, 0T DL 5 AR A A T R U/ W S R T
P, DT $ AR 8 U 8 ) 5 el gk ARS8 B gk v
(47 TE B B DX 3R, (A AR O L v - HLA XA JE 1)
FRAE , E— 25 P2 S R B HERR R RN ROR . B2, 45
G 7% B UL LD T AR T e AR P 10 25 R 4y
S IHERA R A it 2 M AR A I ZRRCR AN
PERE , DT 25 AR A 8 0 2 75 Yt A ) £ R0 g
FHH S L 25 51

http://www.shhydxxb.com

32 HARNAYRRE

ARG 0 P R 4 A B 2 4
A ARSI A 38 K S ) 4 AR £ E LR Y
W) £ 0 T SSD AR AL Ik F T 91.6% K
YRR 22, R bE HC At B8 AR BUAS T B TRU 2%
Fo SLE TP ARIIZE T 100 IR (BT L1k
RRBOTEA— G B rPERe, nTRES T3k
LG TR 2 B B GRS H0E e AR R
TP FIPEBE  E 3G i 9% 5 55 SR RN 2o L5 XU 5
IR A S o N T L4111 3 &) oy - W = B2 ) /1
5 2% BE RV IRIHFE RS IR A BRI I O R, v
TP B AR B R (H AT BERR T AE s L, 57
RERIPERE 530 U A ) 22 (6] BUES-F f2

AR G A CBAR A 1) AR it
B O BE R PG B B (B 4 3) e 2 T
B BP0 BT A A 3R T R R A TR E L S
B 3TEHER R IS HBTTE s B
T E L ER T RIFIM . oD idn gk
3YNZRITAS ) P 25 I 28 B TR | AR 48 £ 238 )=y 5 11 531
HERR SR AN TR], T LAHE BT 2 RO 28 I 28 FE AN [
G £ 4 B e AR ) Sy AR R i 22 5

SR, FEECHR AR 2 I it B b, AR R0 245
F(F4) Wom B2 HARBOEA /N T H AR %k
FIME DL o AL, X TR 5 K i M gk ) (an ok i
BEMKREKRER), T s s Sn R
FEARAN RS AR b B A BRI S IR HE 25 5 7edE B
P DX S35 AGE 0 ) AN A7 76 19 H A, 350 T B BH P 5



2 B, A TR 2] W AR A 2 U AR R R B AR B 317

o PR, B XS LA R R, Rk B A 5T 7 1] AT LA
RAE TR AT HE A K /INFRI LA A T 4 b 5
o AN R RS R AR B v 3R 40, DT i A R AR A
[F) ]UBE H A b o e o

FRATTRE A Ay e PR J S P A5 B B (B
P4 3) AT T AR TR] B Ao ) 45 B b 28 1) 2% 455 A4l
195341 5 LA, 25 AR R W A AL e B i R4 1Y)
PR (2 6) o A XU B (Two-stage ) 1 U 1

F{ Faster R-CNN 7E48 0 & A5 = T 2.5 Bt (One-
stage ) 5 1 (1) YOLO 1 SSD, {H HAG: I 5 5 s i
AR HEZTT, BR B B 7 R o 1 R R
o5, JUHGE A 5 2% 1) 4 £ SE 28 4 Y i 1 A 2R
B JRE YOLO FE kil i B I fL T SSD, fHAE
SR B AT R SR T R 1 AR A Sy
USRI —E 1%

x6 AREEMRMEMEEE RS

Tab. 6 Performance analysis of different convolutional neural network models

LR MAERG R BERDAL R PR IR Ao I G i 1] ALY
Algorithmic model Test accuracy/% Frames per second/(1li/s) Detection time per image/s Weight model/MB
Faster R-CNN 93.2 14.27 0.117 148.67
YOLO 87.2 48.73 0.024 44.73
SSD 91.6 31.92 0.027 92.64

L L IR A 9T 4 1 4 e SR 2 4 Y A
Yy ey PG B A 07 FH T SSD AR AR | A4 Tt 3k
Py R RGBS i £ R X T3 B B T SSD ik A
R R Y | [N T L S 2 4R v v o K T 4
£ 9T 28 5 0 AR ) 100 25 UG S S HERf 2%, R
R AR . FEARRIIIESE T A B KR
T G E R B T A5 A S B0 3l T s A i
01 20 () R o R AE AR, BCR FH J) 0 1 R
AR, A Y B i 56 A 3 4 S X5 6 T
SRR /INR AR BERRAE , AT DA AR AL Cn
SEfH (CBAM &%) , DA S A X 20 SRR AIE 1) IX.
Grieds, IifiE— 5 - RE

Y B A RA B0k 5,

SE Wk

(1] 20, UMK, R, . R IROF TR AR 48 5
I AR L B H 2 R A B LD ] T A T AR, 2011
(2): 52-58.
LIY, DAI XJ, ZHU J F, et al. Species composition and
diversity of catches by tuna longline gear from the western
and central pacific ocean[J]. Transactions of Oceanology
and Limnology, 2011(2): 52-58.

[2]  ZoRAes, BN, TR, 55 WpPiRF it fo fE 4
B A R T A R R0 2 S LT ] e,
2015, 37(6): 501-509.
LUAN S H, DAI X J, TIAN S Q, et al. Vertical
distribution of main species captured by tuna longline
fishery in the Western and Central Pacific [J]. Marine
Fisheries, 2015, 37(6): 501-509.

(3] EW, EfD, XICR, . #al hviR-FE SR AT

HRP AR L Z R[] WP IEDK B2, 2022,
29(5): 732-743.
WANG X, WANG Y X, LIU W J, et al. Catch
composition and species diversity of pelagic longline
fishing in the tropical Western and Central Pacific Ocean
[J]. Journal of Fishery Sciences of China, 2022, 29(5):
732-743.

(4] UR3Ede. @il S mmT . — . Sitmin

Ml DXl P A 320 SURNC A BUBT 34 [T ], op = K = B
%, 2008, 15(5): 26-29.
LE M L. Study on the management of tuna-like fisheries
II: regional management organisations of tuna fisheries
and new trends in their management [J]. Journal of
Fishery Sciences of China, 2008, 15(5): 26-29.

[5] ALSMADIMK S, OMAR K B, NOAH S A, etal. Fish
recognition based on the combination between robust
feature selection, image segmentation and geometrical
parameter techniques using Artificial Neural Network and
Decision Tree [J]. International Journal of Computer
Science and Information Security, 2009, 6(2): 215-221.

(6]  BRFIE, Lok, Xapk, 55 . SETIHAPLPLGER 3 Fb

R RN RSy 2O (¥ N E IR R 1A RN ORE S 5 7
2021, 43(11): 105-115.
OU L G, WANG B Y, LIU B L, et al. Automatic
measurement of morphological indexes of three Thunnus
species based on computer vision [J]. Haiyang Xuebao,
2021, 43(11): 105-115.

(7] XURRT 245, RAIW L 45 . Rl 03 99825 ByteTrack fY
B2 Ak A £0 Y AR SRR [T ], IR R R AR A
##%,2023,32(5):1080-1089.

LIUY Q, LI J,SONG L M, et al. Tuna catch real-time
detection by fusing channel pruning with ByteTrack light

http://www.shhydxxb.com



318 I PN 34 %
weight network [J]. Journal of Shanghai Ocean [17] EVERINGHAM M, VAN GOOL L, WILLIAMS C K I,
University,2023,32(5) : 1080-1089. et al. The PASCAL Visual Object Classes (VOC)

[8]  vaJkAe, skakily, Mak, 5. JETIREE 2% 2] Ay U] challenge [J]. International Journal of Computer Vision,
RS A AR R S e BRI ]. v il , 2024, 46 2010, 88(2): 303-338.

(2): 246-256. [18] ZHAO Z Q, ZHENG P, XU S T, et al. Object detection
TANG Y H, ZHANG Z P, LIN S, et al. Review and with deep learning: a review [J]. IEEE Transactions on
prospect of fish recognition and related techniques based Neural Networksand Learning Systems, 2019, 30 (11) :
on deep learning [J]. Marine Fisheries, 2024, 46 (2) : 3212-3232.

246-256. [19] SARRAF A, AZHDARI M, SARRAF S. A

[9] RUM S N M, NAWAWI F A Z. FishDeTec: a fish comprehensive review of deep learning architectures for
identification application using image recognition computer vision applications [J]. American Scientific
approach [J]. International Journal of Advanced Research Journal for Engineering, Technology, and
Computer Science and Applications, 2021, 12(3) : 102- Sciences (ASRJETS), 2021, 77(1): 1-29.

106. [20] GUJ X, WANG Z H, KUEN J, et al. Recent advances

[10] ROBILLARD A J, TRIZNA M G, RUIZ-TAFUR M, et in convolutional neural networks [J].  Pattern
al. Application of a deep learning image classifier for Recognition, 2018, 77: 354-377.
identification of Amazonian fishes [J]. Ecology and [21]  SPAMPINATO C, GIORDANO D, DI SALVO R, et al.
Evolution, 2023, 13(5): €9987. Automatic fish classification for underwater species

[11] LIUW, ANGUELOV D, ERHAN D, etal. SSD: Single behavior understanding [ CJ//Proceedings of the First
shot multibox detector [C]/Proceedings of the 14th ACM International Workshop on Analysis and Retrieval of
European Conference on Computer Vision. Amsterdam, Tracked Events and Motion in Imagery Streams. New
The Netherlands: Springer, 2016: 21-37. York: Association for Computing Machinery, 2010: 45-

[12]  skEdER, 2k, X, % JET VGGI6 M4y SHL 50.

PRI TSI L) ], BHE S AIHT, 2021(22): 10-13. [22] LEKUNBERRI X, RUIZ J, QUINCOCES I, et al.
ZHANG K Z, LI Y W, LIU B, et al. Research on Identification and measurement of tropical tuna species in
hyperparameter tuning strategy based on VGG16 network purse seiner catches using computer vision and deep
[J]. Science and Technology &Innovation, 2021 (22) : learning[J]. Ecological Informatics, 2022, 67: 101495.

10-13. [23] CARUANA R, LAWRENCE S, LEE GILES C.

[13] KINGMA D P, BA J. Adam: a method for stochastic Overfitting in neural nets: backpropagation, conjugate
optimization[J]. CoRR, 2014, abs/1412. 6980. gradient, and early stopping[ C ]//Proceedings of the 13th

[14] SMITH L N. No more pesky learning rate guessing games International ~ Conference on  Neural Information
[T]. arXiv:1506.01186v2, 2015. Processing Systems. Cambridge: MIT Press, 2000: 402-

[15] LEE J, SCHOENHOLZ S S, PENNINGTON J, et al. 408.

Finite versus infinite neural networks: an empirical study [24] GOODFELLOW I, BENGIO Y, COURVILLE A. Deep

[CJ//Proceedings of the 34th International Conference on learning[ M ]. Cambridge, MA : MIT press, 2016.

Neural Information Processing Systems. Red Hook: [25] ALBEAHDILI H M, HAN T, ISLAM N E. Hybrid

Curran Associates Inc. , 2020: 15156-15172. algorithm for the optimization of training convolutional
[16] ERHAN D, SZEGEDY C, TOSHEV A, et al. Scalable neural network [J]. International Journal of Advanced

object detection using deep neural networks [C]//2014
IEEE Conference on Computer Vision and Pattern

Recognition. Columbus: IEEE, 2014: 2155-2162.

http://www.shhydxxb.com

Computer Science and Applications, 2015, 6 (10) : 79-
85.



2 B, A TR 2] W AR A 2 U AR R R B AR B 319

Analysis of deep learning-based tuna longline catch image recognition
technique

XIA Chao', CHEN Xinjun'***, LIU Bilin"***, KONG Xianghong'*, YE Xuchang"*

(1. College of Marine Living Resource Sciences and Management, Shanghai Ocean University, Shanghai 201306, China;
2. Key Laboratory of Sustainable Exploitation of Oceanic Fisheries Resources, Ministry of Education, Shanghai 201306,
China; 3. National Engineering Research Center for Oceanic Fisheries, Shanghai 201306, China; 4. Key Laboratory of
Sustainable Utilization of Oceanic Fisheries, Ministry of Agriculture and Rural Affairs , Shanghai 201306, China)

Abstract: In order to achieve efficient identification and classification of tuna longline catches and to
improve the accuracy of fishery resources monitoring, this study explores a fish image recognition method
based on convolutional neural network. The experiments were conducted using image data of three
economic fish species and ten bycatch species caught by the Songhang of Shanghai Ocean University during
the high seas survey in the western and central Pacific Ocean, and a convolutional neural network (CNN)
based on a single shot multiBox detector (SSD) was used to classify and recognise the images. The
training dataset is optimised by comparing and analysing the local fish images with the overall image
dataset to improve the classification performance of the model. The experimental results show that the
classification accuracy of the improved fish image dataset on the SSD model reaches 91.6%, which is a
6.2% improvement compared to the original dataset. The study shows that using the optimised dataset, the
SSD model can significantly improve the recognition accuracy of tuna longline catches with better stability
and adaptability. This study provides an effective technical path for fishery resource monitoring based on
convolutional neural networks, especially in improving the automatic classification and identification
accuracy of tuna longline catches, which is of great significance for promoting sustainable fishery
management and marine ecological protection.

Key words: tuna longlining; catch identification; convolutional neural networks; dataset optimisation;

Western and Central Pacific Ocean
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