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SR 2 s R U
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Recognition of Fishing Vessel Operation Mode Based on Improved 1IDCNN-SAGRU Model

FU Jian-Hao, LI Hai-Tao, ZHANG Jun-Hu \
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(College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: The trajectories of fishing vessels in the field of marine fisheries are spatiotemporal and non-stationary.
Considering the problems of insufficient data extraction and low recognition aecuracy in the current operation mode
recognition methods for fishing vessels, an operation mode recogniﬁon model for fishing vessels, i.e., IDCNN-SAGRU,
is proposed. This model is based on the one-dimensional convolutional neural network (1DCNN) and the gated recurrent
unit (GRU) network with self-attention. The ' model uses IDCNN and GRU to fully extract local spatial features and
temporal dependencies of theitrajectory data of fishing vessels. In addition, the self-attention mechanism is introduced to
strengthen the model’s ability to focus on key information. Finally, the dropout method and the RAdam optimizer are
introduced to improve and optimize the model, which can prevent the overfitting of the model, speed up the convergence,
and raise the output accuracy of the network. Experiments and analysis show that compared with the accuracy of other
comparative models, the accuracy of this model can be improved by up to 4.4 percentage points. This indicates that the
model can more accurately identify the trawl, purse seine, and gill net operations of fishing vessels, which is conducive to
strengthening the regulatory capacity of fishing vessels and the protection of fishery resources.

Key words: fishing vessel trajectory; one-dimensional convolutional neural network (1DCNN); gated recurrent unit
(GRU); self-attention; action recognition; deep learning
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volutional neural networks, CNN)V FI7E 3 4 22 X 2% |

(recurrent neural network, RNN)* A3 [k FE 22 21 5
T2 W I ] 8 - AT 43 AT 5 Krbodsma 20!
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A 5 B AR, 45 R K 1452 00 8 30 H) i
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S A RS S0 I DX ol P A ) 3 it A M 5K
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BAL S AR 2548 10 min A T R 1 I 28 508 5,
AL L D 2SR, SR A A
(B (DA B AN L B VL AT A, A T
AR 1D 15 i A B I AR R A1 AT
VLR, SIS BRI A3 B, e 1 R, SRR ARSI
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FIt 7. Hi N R HE B A 3% 2 2 0 BIUEE R ALE T A1 i
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iR Z 1N, MR Z K i KT GhiR Z i, Xl
TR0 TR &5 AR AL A Y. I dropout 7512 I

S5 4E I GRIN TT L L — 52 0 20— 3 23 1 i 2

i, DRSS A I 3 R, 4R BRI Ak e, BT
AR IR . y

(6) 4% RAdam Mt (L3815 F1 T 071 (1 Y 4R 0L 72
RAdam /& Adam'*) 5% 10— Rk, TTLLE B, 2
A HAE B2 BB R 21 5, A HOBB IE R Adam Btk
ARAE Y| R WA T Al W N R B AR i 222

(7) TP A2 AR R, 8 XA S SEHER
I3 5 TR MR A0 A 2 1) 0 2 5, 6 P T 40 R AE 55,
HH ST

L=—Z?mgﬂﬁmm 3)

b, yRFEA R T 5 — A I SR, T f (02

FEAS J& 25— 30 B 700 50 %, S ACK Softmax & 5L,

L B i 22 R i e g 1.

(8) H FH VI R R S AN 25 et BT 24

(9) i th s LAY 3 I J& 2T Ah.
22 —HEBTRER%

T R 20 X 248 i — Py A A5 R 45 0 (1R R o 22 DX
75, REfE TR IR HOH rh 52 IS B v J2E R B il R L
PEHFAE. CNN E 2 3 #HHk: H#Z (convolu-
tional layer). it )2 (pooling layer) A4 iEFE)Z (fully
connected layer). 3 A 4512 H SR FEHUCEE A 14 5 3045
B WAk 2 R R BER SR m g, Ak 3 2 0 F Sk H i
AR g IR, [FIN R CNN B REliEse . SHEL 8%y
P, AT DA AR B AAE, fE— e R HIBIE T 4
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1. ) MR, 11 GRU LK LSTM I8 & 1] Ay
NITEEA N—NEH ] (update gate), S — NEE
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/D, I AR SR GRU B AL —4E CNN $2
TRy s L 30 AR A AT 380 S 9T OR B AT FARRALE. 1)
PRI TS5 (GRU) DL B T IR T 90, 40
4 P, Hih UK E— I ZI B IZIRES, BE 2
I 5 70 BT Ak B0 1) B 45 B e x 2 2 AT 2 B BN
1o Az, BN AR B BT IR T )5 Iy D9 105 B BOR 3
h AR AL BT — I 2 B BRBRIR .

x' B g |

4, GRU #.7c:Hy

GRU WEHE I T &F i E R, it
HA AW R

re =0 (W [he—1,x:]) (5)

Forb, by M PHE I W, (BCERE P BEAT 220 e, 1

21 Sigmoid BHUR B 5 15 2, FE, XMESETHE
i 126 BB IR A I 4 FH 31, H SR8 :0an

hy = tanh(W - [r, X hy—1, x,]) (6)

Bl 7, Sh AT EEA K RNN 125 )5 Sx, P AT

AL, FE S tanh 5 30 J5 15 307 0 5 08 K 0K A5,

M (6) T AT A i r A8 B RN ORGE T 4l AR E

Ko R T CZ ARG 21 %/, S5 o B T,
GRU F 58 37 11 ] LA e B2 Fr 000 s (5 0
T 18 OB AR
2= (W Th-1. ) ©)
hy=—z)Xh_1 +z X Iy (8)
R (7) WEH AR, 2 WE3L— RIVEHIE 5]
S D1, M A 1E R (8) B, 2 (R
(U= 20 by fE R, ARSI 20 A AR A58 5
S B, 2, By SRR (6 B REAR 25 97 4 2 £ LY
bR, IR BB B BRI A B
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2.4 SAGRU W&

VER JIMLH] (attention mechanism) ¥5 T %5 A 540
T AL, TETR B 2% ) Hp R BRI AR B0 H br
SR S SRR I 43 I 5 22 (I RCER. )V E
B ML T S E R, T S R R 5%
VEMLEI R 2 N F NLPPY 25 Ho A 4 v

RGP B 2 4, SRS (R S, B
B 22 X 8% 13 B 1 0T 0k ] — BF 1) 285 14 i A R AAE 7]
SR T AR A AL EE, LR S A el e LR B R
K FE R 45 2 10 45 SR 3 R AN AT R T, TR A S
VEREJTHLB (self-attention) SKeiE 1445 F 5 407G A
SAGRU 23 A& 5977 R ML E R J1hL
il E@j’l‘%ﬂi, B ORVE TR NS B B e, )
FHFCRT DLy 8 2245 B 70 0 38 B IR M 0 R OGBS
SIEZIR 7, 3R 4 A E AT IR R HER R R
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kT

. 0
Attention(Q,K,V) = Soﬁmax(
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Hr, O (Query), K (Key) A1V (Value) ¥JH GRU #i i
) 5040 R U O 3 I A [ ) e PR AR 17T R, AT LU i
R WME Query 75 R 1AM N EiHE<Key, Value>H( 4 Xt
YER R I R 3R, AESGBRISH v B ek Q MK 1) e
B s, REk u*/l\gﬁﬁ%/%ﬁ Bj 1k A AR HUE
I KR M o 22 DX 4% (1) 27 =, RS FH Softman B0 ek UG
35 459 513 7 F I EABRE, 455 AR Value {HVE )i

)-v )

ZOE L i

e
4 [__ _I |_
o [o e
| |
o '
| ] GRU h>a,

|

. ! '
| |—>| D :
| | v
| o |—’| GRU h—>a
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Bl 5 SAGRU W%
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Fi7R.
3.2 fhIERR

AR B AR HET R 4 (Accuracy) WAL Bl Bk i)
IDCNN-SAGRU S350 - i k] . 5] o5 60 ) 9 = Ml
MR AR, VA 2 3K R

m
TP,+TN,
A= Z nT_n m (10
TPy+FPp+FN,+TN,

Horp, TPARERIEREATRI A HIIE O, TN Zom A& T
A, (H T LA B A5, FPARER BORE AT o 3
500, FNARGREFEATI A SO, nfREHE—KAF
VAL, mARR SR SR

K2 KB

S fic B
BIERS Windows 10
(JE5/K) Intel(R) Core(TM) i7-10750H CPU @
CPU 2.60,GHz (2592 MHz)
GPU ' NVIDIA GeForce GTX 1650
Python . 3.8.8
PyTorch 1.11.0
CUDA 113.1

N T 3B AR SO BRI AR S BB 3t
BRI 70 KRR AKE I P (Precision).
A B R (Recall)s F1AE (F) {E SRR B A5
e, Bt B AKX TR

TP

P=— 11
TP+FP an

TP
R=
TP+FN

(12)

_2XPXR
P+R
3.3 RENIZ g ! :
A5 FFT 1 25 6 RO IF 4 34T B 7R I kI, — 2 570
B RUZ R/ANECE D 3, XA GRU, H B = 4k
WE N 64, LA RAdam fRALES, VUG5 21 R &
#90.000 3, #RNBE N 64, ILAIKEIE Y 100
) [) 4 ) 5457 1E (early stopping) ML, 51 5% pR # K
FZE U %, FLN R R A A F an & 6 s, Sk
RN E B WE 7 s, HIE 6 FIE 7 v, B
WIZRUCE IR I, BT HE B 3 AN B £ A, ik IR B
IR F] 47 A I 205 B B UIRES, Tk RIS S
GREIINIES S 7o es s 4N Eith

F
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1.0 ! - Train loss
0.9 — Val loss

08 1
0.7 + 4
0.6 | I
0.5 + |l\"-\.\
04 F W

03 \_\i\::__

l:\“«"ﬂa:-,-’-\afw e
02 ) ) - -_'r::._;._:“.:,.....‘_

Loss

0 10 20 30 40
Epoch

Bl 6 VISR S0 UE I FE 5 K o (A A
"

0.95 .\

I ———————
0.90 vt :
. Fas - Train accuracy
~ Val accuracy

S—

085 | ,."'_:,-"'

080 | |/
075 + |
0.70 | ||
0.65 |
0.60 | |
0.55 | |

Kécuracy

0 10 20 30 40
Epoch
7 RS RAEE R R R AR AL

3.4 XtEESCIE

SIUIE AR SR A R, 7E RS SE R PR T,
FA K2 51 ZRi M R 4R, I 28 4545 GE L 88 2 S R A
LightGBM"? Fig & 24 S 58 LSTM '), L& ¥ CNN
A LSTM HIBRA A T B ConvLSTM A5 71131 i B
S M 4 SEIRAE S A B AR L R o
% P, FIEE R A FLE FEER A A, R
A T S TR AT R 0 RO
GEPNE 3R,

K3 ARG R X R

PENVZEAY PPAGFRAE LightGBM CNN LSTM ConvLSTM A SCH:

P 0.900 0.890 0.900  0.905 0.942
16 W R 0.887 0.877 0912 0.920 0.923
F 0.894 0.884 0.905  0.912 0.932
P 0.878  0.868 0.905  0.913 0.918
Y R 0.871  0.860 0.857  0.869 0.907
F 0.874 0.864 0.882  0.891 0.912
P 0936 0.927 0931  0.935 0.946
- R 0.958  0.948 0.963  0.964 0.977
F 0.947  0.937 0.945  0.949 0.972
A 0.905 0.895 0912 0918 0.939

HI 3% 3 WL, A 2% 288 S B0 AR AR R ol s 1 M s
IR, 6 1R A0 19X A8 Al TR 30 £ 45 STV Al 35 A 2200 T
WA, X AT RE R PR A i i 2 5 AT R XA sl i LA B
RG22 AR 77 KPT3 BUK . AEXT HE S0 A SCR2AH
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T LightGBM AR LSTM iR 23 54 & T 3.4%
A 1.7% HIHER 2, BT ConvLSTM ALY 2 1=y
1.9% MHERAZE, AHETAU(E A CNN BLAY T 5 58 2 2
T 4.4% MAERR R, B R BT AR SR A ok )
IDCNN-SAGRU # B 7E AR E ML 7 2R BT SS B
FEAF AR ROR.
3.5 HRRIALE

N7 BB I IE MG A IDCNN-SAGRU A5 74 dh
TN BiEE SIMLE] SR dropout J5 71 RAdam itk
A B, SRETE A SCRE I R o A B ik
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