/

ETF BILSTM R B g0im ;¥ ;B AR R BLH F AR

BAEN e KR K
TEA, %

(1. "PEIKZRIZE R BE ARIEEK R R, ARl TR v 5 i o A0 B S S0 =, il 200090; 2.
E K =Bl Be ol 85 3 B E SRR EH S PR =, i 200090; 3. LIRS G E2ABE, -
201306; 4. PR TR FHAARE, bW 200093; 5. AL EE ol A BRA R, FifE 200082)

sz 4 4 1 5
/@,%%%’E,E %%,éjl,

HE: MA8 A 3hi% 7] A % (Automatic identification system, AIS)A i& W ik Fo il S 46 45 7% 30 & A= BE 7,
BT T, AHMAMELER ZFR AIS 288 LR M A ATIR, A LR e R A S A3
KA A B XA, IREEAAE Lk e fe B AR a L ES), B ELE 3 000 344
KA A &, INER . B R AefTHh S % 5 BATE 17 A ARG AE A4, RA = B k) k& Hitie W %
(Bidirectional long short-term memory, BiLSTM)7 %, 4 5|42 & A5/3E & A5 K 5] R H| AL A Fo KR & A
KARAVEER AR 4 R RO, B AL/AE B AL 4 BILSTM AR 699 46 438 0 £ P 39 B 5 % H 99.6%, F
A E S 99.8%; iR IEE KPR EAEN 03.6%, FHAHES 95.6%. B S 5 KRR %
BAEESEPHEAES 99.0%, FHHAEH 093%; BIEHEES R PR EHER 97.0%, FHH
HFE R 97.6%. 1EH A& AR A K AR R AL Fo i As K AR AR R D A IR R AT &, AR
A AR BAFEZGRA, THTEE2HF R BN E£,

KB BAEEARA; AEA0 B SRR A%, R KAEHIDIC W%

FESZES: $973.149
DOI: 10.11759/hykx20210708001

i JBE AT 5 2 v B VR T RSk R Y B R Bk K
ek o AR B 4 87 (llegal, unreported and
unregulated, TUU )80 XPIREPE AR 28 RGE (g B Y 2
B2 — o TUUM VAR R R 200 100 12~235 12
FIt, HYTF 1100 J7~2 600 J7 t #agkfiisde, HAERE
i) RV v B A 1k ik e VA TR SR R . Bl
BRI, A0 A 3R 5 % 4 (Automatic identifi-
cation system, AIS){ B AT T Wal v i 51 5
ATS ) F AR T % Pk, (5 ATS $24itia
P SIS A T R R AR R, R il B TR A A AR
T B G s 2 A B A ), O B ) T
iP5 G Bl 22 RUBE 23 40010 b 96 U5 43 M — M
MR BRI S B A TR, L3R AIS 19
T 53 B A S AR B 5 B Y AT 5 VM S A T
AIS B AL BN SRS B, BUA SCHR 4% W i
(i LS RIP AR ATS 15 8P R A SE IS0 SRTESL
B I A AR Z A R ROR F R i, R, A ah
AT ALS A5 B RN AR BB, DITRI AR
U BT ST A e, T Sy il B 5 RN A B R AL T il

SCHERARIRED: A

LEHS: 1000-3096(2022)03-0025-11

RO B SO o A A R A R A A A R RTIE DT
JERe E WA B L5 3, DRUBIRR R A v 9 05 £ S
(F7 #2975 2l o 2SR ) 3o T i DL AR 32 47 48905 2 M i
b2 Ay i ARAT 5 B

T JEMUAE 17 2 D A AR AT Sy Y B AR o,
P TR G326 o 5800 2 A5 7 Sl 2 AL [ B[] 37
S, SR BP 7 ik 1 i 3 28/ N i
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S GAT, SR USRIy T AL 2 T 2 5 i3 6
ol A A 900 S A SR AR TR S AR e A e
BT R E B AE S , H a0 23 () HEL(E B
WS WA B 17 0 19 S ZERRAE . MARZUKI 451095
Ji 20 B P AT I L SR L A RN [RRRAE, R
FH Bt ML 2R AR St 5 ) e LS 36 AR R AT 402K, %
BT LA RN 4 AR, (ER ) R
B, RS A A R IR, HUANG 455 18 AT
%) 3 B B B T INF (] | 2 (A7 R R R AT 23 MR
28, K XGBoost Jrikdsr T HETIEE 9 Fhifafy
R BIREAL b A SRS I ¥ DX el Tt 2 AR
P, E AR P R REARIE BT A S v s A 3 A+
LU 23 R AE o (9 AN HE S8 54 O JE PRV, 4 2% W fi 5
K 8 B 1) B IF AN AR [R], 17 5% R S i AEAR K
] N AT 9 5 AR KROODSMA 256 T ATS %
450 32 S — B 1] P9 A2 [0 AT Y 12 FhpRfE 2
B, XFARER 6 FEUaMEFN 6 FSAR U AL T B 28 )
SRR ) A, RS T IR ST SNy 26 b A
K41

ARG AT EL A B A B RSP v, T — Y
A7 AR A v g sk Bt 2 7 v AT i UL AR A
BRI SR RS . MARAT M REAE S
3 2k — A (6] PR A o7 B LR R I A5 5 AL
W MEVERE T 4 Fh BRI ANAE, ORI AE e 5
KT 6T 51 ot IR 893K, MR Aab T IEER0IR A i 9 e
MG, LA 2.5~5.5 5T T H sh i R R, AR
W —BeHFLE 2~3 0P GEAREY AT AL AT A R A S
PRI E AR A fa, VRV IS | BB K 25 ()
BUBAE ALK 4 £ B P A A T SR R, R
fEbE R LR, 7R JE AT . A As A
1o B RS PE, N A 228 SRR () 48
KA 1212 M 2% (Long short-term memory, LSTM)FI
R[] K J5 12 12 ™ 4% (Bidirectional long short-term
memory, BILSTM)Eh—Fh & ML TR i 27 S 500k, g
85 5 Tt 220 o P 050 Bt I A R LR DT
Hif LSTM F1 BiLSTM © B H Tl 500 . Bk
P ] 5 20 F0I0 A5 40 AR R S R A I A
= EUEAH T OCHE ), BILSTM RE% &M AN J7 1Al 19 3
SfE A A SCHR R A BILSTM i g 2
AR AR R o e S A IR R B AN 2 7Y
5, MRAE MMSI 548 B i B B[R] 30 B0
Wit i T 3860 20 30 500 A7 TUAR B L SO e A 4 i A
i1y S I e A e | A= L L i S S T W S e S 0P s

) H@ART/CLE

W, ASCE et /AR O — 028 BILSTM 44
R, AR 2273 2K BILSTM AR, it Jm X H Y
PR AL R T IR

1 #HPEFE

1.1 AEA61% &

A ST e R 2 (ORI i BT R A 5 0 Bl 1Y) v
AR BTIRAR, AR IZ e ORI T R 0 2 B i s Rl
Wl o HAlR O ORI 4, WA BT o M L
I T I SN O PRI B 2 ey T O sy
B AR 7 SR 404y, a0 A KT G R A 4
i NS O R S o S e e = L N = 75
HRIOTFRIC AR ARSI S, R B 4 ] P el 4l A
A7k B shiE (E Mk 55 PRI IS (Maritime mobile service
identify, MMST)FIZRBUARIUE B o 46 KB MR
— IR, B — R O 2, R A B
FEANTR 20 S i B VRl =0, A SC R R —
T A, S B A A 8 R D A 55 07 U AE R
UL A, R AR BT AEAR AN . HALE N | S A fh
BRI . 4 P IR £ 44 25 5 ot 3 2 B4 5 a4
. RS . SEARRE IS EIANAE 4 Fh B AR
HRAE W AA T AR AP R i G 0T 4 25, ARG
IR 32, ORIRI R EE AR AR DL AR 1
1.2 AIS #4348

PRI MMSI 5, M exactView TLEIZHIN
AIS B 4 B BR A AT AN B0 e, L dE & ik
BFIE] . 284 . M. Misk 5. ASSEER ALS JRindk
PEEH ] EE A 2017 4F 7 H—2019 4 12 H 3% MMSI
SHEH ATLS B [H] P 0 EHE, S Bt fv) 2 52 AL K T
15 RO BEE o SIBRAR AL BE S8 T 1000
) MMSI 5,

XA~ MMST IS [i] e 370 B8 318 i s 7 A4 Sk
SRR RRTEE 25, B R (A FR Rk 24 h A7 Pk
SUBGRESY TR, A MMSIL I ] 5 50 B Bl 4 s T
B T] ) 1) B0 B o ) 53 A e 1] B A A7 290308 A
DT 10 DA B, XL AT HEBRAS IE B 7Y
BT B SR DB S T SOANFE R S M 4G
Xof A4 B 18] Be LI ) B0 s B, AR 4% 5 min Pk
PERLAE pi B dE, ALHS 1R MMST S, BlAL
PRBEmT AESER S 000 A S RRIENE B, 23l 1Ak
PG R MMSI 4L 5 000 /> 5 (1% 3 5 23 ) i &
(E 1),
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MRl 22 ) 1) 388 2 TR 1, A B S A
1EAS S EH B B B K ELAFF Y MMSI, s B
T 3067 4> MMSI 5% (3 1),

R1 MAXBEMYE

) H@ART/CLE

1.3 HAERFIATH

AIS Bl & 46 5 | Wk s Wi AU ) 45 85U
B, HASE(MMST #1522 . B
). BEES . SEYYEREE . [ EGEOE 25 . ) e R 22
B I B A RO FRRE A AN — B A T MR AE . AR
Z:7% CHR[201F1[21], A< SCHEHUCRE RAF AN — AT R
FRIER) 17 DMFESEL, 532 Rl . 245 . Myl
LI RS PRSI 5 T[] 25 . ISFR] . BEES
PR . MR 2 . S 2 . BRI AR
FE B5[-90, 0], [0, 0], [90, 0], [180, O] 5 FE (5 H .
[-90, 0], [0, 0], [90, 0], [180, 014 > 5 K Hb Bk 28 B K]
4 0y, 4 IR S B AR MTANTE HbIK 4 A28 [H) 28 )
AR B N FAL R BERE Y MMIS B, $ie B8 45 fa) BE
A3 LA 17 NRRIE S B E AL i A AR
BARHESEON R T UL L% 2.

AR A I

Tab.1 Types and numbers of vessels
HFR K BB ARG
HELE Y 29 b 477
e A0 [ P A R 0 2678 2 b 204
#i 5 2591 3 b 1050
fifl 11 5 B 4 = 100
i A P 5 5 261
WA/ ST FH 6 74 849
L Fi2 s JH 7 7 126
F2 BMATEHER
Tab.2 Description of input variables
FRIEAE & A
e ’”0’”6” 6
HEAE At 2 hour =12
12
, lon/18 lon>0
FHAE24E 3 ZM:&M+%®“8MW$
FHIEAE &= 4 lat/9
FHIEAS & 5 log(1 + distcoast)
FHEAE & 6 course/180
FEEAR 5 7 log(1+ speed)
FRIFAS & 8 log(1+ Ad)
FRIEAE = 9 log(1+ Af)
HEAEAE TR 10 yoAd
At
P = Ac
FRIEAE i 11 10
4 C —C
FHEAS & 12 Aﬁ%é
FRIEAS 5L 13 Av_,
FRIEAE & 14 log(1+ fdist1)
FRAEAR & 15 log(1+ fdist2)
PR 16 log(1+ fdist3)
FREAS L 17 log(1+ fdist4)

month JE=—FH 89 H 4y
hour J& 24 /N Y 24 1 i 7]

lon &AL ST 225

lat FBEA I R4
distcoast J2 U s B 53T (19 T 17 11 1
course JE=RE LI &7 14 ik IR 1)
speed JEAE YU KA IE IR 2 JEE
Ad G RTHLE 535 L — N0 R 2 8] A B
At S Y HTPUE RS B — BT R I A )

v e 2 FT 0 S b — BT R AP A T
Ac HRTPUE RS b— AP A2 8] AL 1] 22

€ R e+ 1 AN AT AL 1)

Avy METEE RS TN 2 T 3
Sdist] S RTHE FI[-90, 0181
fdist2 2 ST [0, 018 B
fdist3 Ji T ETE £ [90, 018 &
fdistA S HTEEFI[180, 01HE B

28 TEPERLF 12022 4F 1 4F 46 45/ 46 3 1Y)
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1.4 LSTM ##

PR AR08 S A 2 I ] 3% 8 1) 2 TRV AR R,
AR 5 PRI WD A5 AR A5 BAE ELOCI o 7R3 I b 22 1)
#% (Recursive neural network, RNN)H, #ij— A ZI| A9 4
2o ot AT B B Y FT e 20, Bk RNN FE R )7
FIEE 7 B MR OC ., I B i T2
PR, (B AIR2E S R A K, G40 RNN A 2
TR S KRR BE a5 AT THLH Y, Bt T K J6 i
CAC AR YLz )8 LSTM A HA £ R 1T B A6 B
TCRRAEA PG R, KRB RHRE R, 12
LSTM R 45 (1 R &5 Ak 2 s .

Cr

K2 LSTM #h£It4ity
Fig. 2 Structure of LSTM Network

LTSM WA 3 AT, sl 2MA T, .«
Wil o, MBS f; o HF—ZIR A x, F1_E—I 20/
b,y R e Y RTI Z0 25 AT HRoTR RS E E
ZPRIRTE Cro T2 ¢ WP, A TTHHT R 230 F

ﬁ::a(wf{@_h%]+bf), (1)

i = (W [hx ]+ b, )

C, = tanh(w* -[h_y, %] +b%), 3)

C =f*C  +i*C, (4)

0, = (W [h_px]+%), (5)

h, =0, *tanh(C,), (6)

2, owl oW WS R we A B X R SRR TT L

ATTFE B TTAUE, b7 . b . b FI B 43 31 R Xt
R3] AT TR T TR EME, o J& sigmoid
l%lﬁo

1.5 BiLSTM A&#&!

LSTM BRIV AE—ATJrnl L% EfE B, JFH R
FETERT— W 2% (5 B . a2 RS &%

) H@ART/CLE

FIHT—B 2 2, X EEE T —B 20 R S &
X Rl —BF 20 P AR i P4 X LSTM A LA B A
ST B B J2 A ) R[] JS O Ak B B A
I E R R T8 B R A P X R LSTM
BT (R 25 A6 IE RS D7 Y 2 A2 LSTM 4%
R, WA 3. Hrb b FoREATEBEE, b Fomm
JEAEIBAE R o TE ¢ BF 2, MG BAL B LA J7 10 1Y
LSTM M4, i th by 2 5 ) Y LSTM i i1 2[R 4 22,
AV W (Il

1

b =H(w X, +wy b +b), (7)
hy=H(w -, +wi b +b;), (8)
yt=wﬁy-i5+wgy-f5+by, 9)

K13 Bl LSTM 4544 £
Fig. 3  Structure of BILSTM Network

1.6 BEEMZEFHREF

A SCHIEEW D BILSTM 43 R85 #  5f —A- f A1
DG e A AR A, BR AR AR R A8 AR
XoF 4 o 32 L 00 2 VE A T Ve A O U, SR el B R
FVE P 5 $2 M5 8 o 2t Z U LS R £ 2
FERD b R AR AT A B 45 R, A SCH A BILSTM
BERLRH 3 AN 24 55— M =2 a4 ot
o iR 70, 50 F 25, 2% R EOR BE I ZR AR AL
K F“Adam” 4.3 ,maxEpochs & 70, miniBatchSize
30, 2EFRA 0.001, XFFEMERAHH, B
BLEEEE 70%0 B 1E U R 42, HoAy 30%H
YEMR B 5 . 7F MATLAB #-F & rh# i w4~
BiLSTM, R FH IR B 2% > D) fil 40 ok 57 BUAR 78Y f1 57
AR, SEE B — 53 Intel E3 1270 VS 4b
FHES, 32 GB N1£H1 NVIDIA Quadro P600 Y
PC.
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1.7 A4

3 o U AR F TN 43245 45 RS2 R 0 4%
TEA WA BILSTM A (g PERERS), X it /AR W At
R AR AR R . T R
R — X 2k SORVEFERE, % 3 Sl T 3T
e WSRREBEAT —HERI M —XE LT ik,

R3 FiXMmMIREREME

Tab.3 Confusion matrix for class i vessels

el TER i 26 TARSE § 26
ik T ify M I Sy 1 A5 i R L T Ay sz 451
(TP)) (FNy)
Qs % il DR I A 1451 NRTESIIpS)R]
(FP3) (TN;)

TP JE AR IE B 0 A5 i@ FEIEREAR; FN, A
U R JE AR — R IEREAR FP; AT 43 2K
M CALES § 8REAS, TN, R BIALE AR 0 255§ 50
fbBEAR

HWECPEMER R . IR PR RR, P
¥ Kappa 250 F) 150 AT 1 F(Area Under Curve,
AUC)H TIFAE > BILSTM #55U fl /32 g2, 1144
AU

SRR R
k
aa=|y TN /K, (10)
“~ TP, +TN, + FP, + FN,
RGBSR
kK TP
AP = L 1/k, 11
i) ”
S R
kTP
AR = L /k, 12
Sem) =
F 7%
F1 score = 24P AR s (13)
AP+ AR

(& 1P kTN,
AUC =— L /k+ L__/k|, (14
J§m+m; gmwﬂg)()

k

pO; — pe;

Kappaz[ #J/k, (15)
; 1= pe;

£ o, po 2 OHE B R, pes

(m+m@ﬂgumﬁggumywmum)Nﬁ
N? ’

ST SN R T AR AR R k=2, A

'm@mARm1E

PR k=4,

-S4 HE R 2 AT LU 3 S 45 1 7 24 B A Rk,
WER L GIREA A T4, W HE b A 2R A ROCR .
Fy 57 BURKE B BRI RO ME, BT 28
UM BH M 3 2 B AT R0 o 2T TRV R P RS B
R T At IR KB ) . Kappa REUZ
T —2ctEmal 8 bR, o nl LU T & 0 2R 3%
o TEARSCHOR R ZE BN AR A 5 22 AR K,
W Fof85y . 4 AR Kappa 2280 S, AL
P BE AT

2 &R

2.1 EA/AEBAEFRAER

WA /AR AR Y (I 2R E] R 40 min, IIZ5R%K
PR AE AR S5 L UAAT 1 200 £ UM 798 S5k Hafis bl
IERRTR G 4). A7 2 SRR 152 H U0 A R e,
6 A5 AR MM A R IR A M S T R 2
99.6%, VIR HIFIE 99.8%, T HMIF N 99.5%,
WY Kappa 250K 0.992, F, 4340k 0.997, Mk
AR 0.996.

x4 NGEHERREBER

Tab. 4 Confusion table of training dataset

&5 ey A s
i 1200 6
E| ¥ it 2 798

BEERAE TR 396 SRR 252 AR B
IEFRUI(ER 5), A3 18 AUt ol o 15 1 AR 00 kg A vt s,
26 F AR MDY B DR I U R o 43 ST AR R
93.6%, FHIHEHHRIE 95.6%, FHRHEE N 93.8%,
- Kappa Z50CH 0.867, F, 43800 0.947, LT
A 0.936,

x5 WIIREEREHENR
Tab.S5 Confusion table of testing dataset

251 W A
o 395 26
JEHa iR 18 252

JIr A B 10 0 2T B v R 2 98.1%, “F- 3
R JE 98%, “FXH MIFE N 98.8%, V-3 Kappa %
Bl 0.96, F, 0%k 0.984, th&k FiEifih 0.979
(3 6).
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#z6 IFMMIBRER
Tab. 6 Results of evaluation index
YGRS S R R SR I R 2 [ R Fi 508 Kappa Z51 2R T 1 AR
PIERS 0.996 0.998 0.995 0.997 0.992 0.996
PILFFNS 0.936 0.956 0.938 0.947 0.867 0.936
iRER €T 0.981 0.980 0.988 0.984 0.960 0.979
TEUAS /AR T — o S BT AT s rh B R ®7 NGHIEERAEREN
ARV AR G A B 4. SEA5 52 JB g Tab.7 Confusion table of trz;i\ning dataset
SRR, FOTAT 16 IRIEIIH A B 45 2, Kp s ﬂﬁf W Rt
HUCRYIRNhEE, A 11 AR R, R 200 . .
SRR, #RA 2 M R 2 ot 1 FEL 19/ 4 : 127 12
i ™ 1 2 702 1
16} fifs £ 4 0 0 0 64
14}
12} WUEEIRE TP 126 SFIELEPMME . 50 FKeie
2 10} o [ )/ 6 D) 9 i . 290 i AT 25 2% I fa B a9k E
i@ 3l BN (3R 8) T 218 S5 TR A 7R oy o X 45 i 4 1 45
6l RN, FEERE R 97%, FWUERIE R 97.6%,
Al SR 97.4%, V3 Kappa ZE0H 0.895, F,
i 8430 0.975, ML T RN 0.942, A 10 KIEHE
. e S AR R A Ay 2 0 G o S A I e A
2 3 %4 5 6 7 e b TR Ay 90 20 4% R I e i . AR AR IR A 14
) 8 0 0 A S 4 30 0 5 0 6 4
Bl 4 AN]SR AN G 1 5 20 P RN O 2 A A

Fig. 4 Number of misclassification of different types of
vessels

ARG IRAN LR

B 2 AR E] S 23 min, Y2508 TR 1A 46
W2 7. INGEARERIIZE LR 300 S AE48 430
FifE L 127 S5 4 o [l I/ Bl 0 . 702 Hi AT 64 4561
AR E IR (R 7). AR A |
R R 25 R R R 99%, TSR
JE 99.3%, A EIEN 99%, F¥ Kappa ZECH
0.967, F, 73%0h 0.991, Mk Fifhy 0.98, 7 fl B4
B P R R b TR N) A i DR S R ] ) T

2.2

®8 WIEHIERRFRER
Tab. 8 Confusion table of testing dataset

Erioncilsdl

2851 LAY i R By
JE4EEY 126 2 4 0
S Ao B /6] Y 2 50 7 1
3t ™) 290 1
it 111 4 0 0 3 25

Jr A B AR 0 Y MERR B . S IMER L A
I3 V-3 kappa 250, F 1550 Fh 4 N TR 5300k
98.4%, 98.5%, 98.6%, 0.945. 0.986 Fl 0.977(% 9,

x99 EMIBIRE
Tab. 9 Results of evaluation index
BiE e RS SPTHES R YIRS RS ORENHE Fi o380 Kappa %84 M T TR
Ve 0.990 0.993 0.990 0.991 0.967 0.980
AL 0.970 0.976 0.974 0.975 0.895 0.942
IREE €T 0.984 0.985 0.988 0.986 0.945 0.977
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3 it
3.1 ¥%ELE

ARICGEPET 5 FpRBEMIE BN 4 Fp 3
BRI ARR TN, PR S ZSEMEIIN GO 4 2,
4 FAERBT G I 3 28 AU I AT LA IS R 1 it S,
EAITERE L A Gk B2 R/ Kl NIEBLAS
RN A A AT L RS IR R B I A A A O
FoAb S s, BN 328 o A SR AT WU RS 1
b 2SR AN, 25 b8 SRR AS B A A I 1 5 i
PRl AR T 0 2 B . AR R T LA T 2 1 Y A
BT A, S0 A A AR 1

S rp B B Y R — X — A [ R B X
P R SO e A RNl Y MR BSR4 3 K
TN AT R IRIX, K H AR E R o X X
VTS, TR B B X SR BRI
A 628 B A HE Al G X Sk — BT R . T VAN [
] % 110 e B 6 R A AR BLE T AT BB AR 7R — Bk, B
W AR SC AR AR 5 i T EL— e

B A BN BRI, B T AU R, Al
B s AP PR RSO, S H Sh e T i
525 000 ASAFANPLREAE, 234 Lt ] (4 2 [
L, N T H kBRSO o % T Sk SO 2
5000 A5 HHE AT LA Z B BEA I L AT DK AS [R] B B e 4
WAz AR AE 2805 N T4 IF, BIBR b A A i)
1] B
3.2 BEEMARFIESK

FEEE UL I A A A0 R B 2 (R AT M I S BEE
B, AT KR SCHR R FH A A T AN ] 4l 455 25 7R ot O
) e AT A M TR 2 R A O H e T e S R )
U005z ki) Py A A A I 1 3 522 [ s v
DLE B RS . AN R R A B B
BPRRAE, PRI T DA i 0 A 3% S i )R A 2
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Abstract: Automatic identification systems (AIS) information provides the possibility for the fine management and
research of fishery resources and fishing activities. Existing fishery research mostly describes fishing activities of
fishing vessels based on clear fishing gear AIS data. However, the fishing vessel types are often unknown in practice.
Therefore, it is necessary to build a classification model of ship type to identify fishing vessels of unknown fishing
type and provide data support for fishery research and management to protect the sustainable development of fishery
resources. Fishing ships require a certain fishing license to operate with licensed fishing gear. Identifying specific
fishing ship trajectory information such as fishing activity or gear type is also useful for monitoring illegal fishing
activities.This article collected and sorted the information of 3067 known types of ships (including 4 types of fishing
vessels, 1831 total; 3 types of nonfishing vessels, 1236 total). Seventeen characteristic parameters of each vessel were
extracted based on the time, latitude and longitude, ship speed and heading course derive from AIS. Seventeen char-
acteristic parameters were used as model input variables, and a three-layer bidirectional long short-term memory
BiLSTM, network was used to construct a fishing vessel/non-fishing vessel classification recognition model and rec-
ognition models for fishing vessels. The model results showed that the average accuracy rate of training data classifi-
cation of the fishing /non-fishing vessel LSTM model was 99.6%, the average precision was 99.8%, the average recall
was 99.5%, the average kappa coefficient was 0.992, the F; score was 0.997, and the AUC was 0.996. The average
accuracy, average precision, average recall, average kappa coefficient, F'; score and AUC for the testing data set were
93.6%, 95.6%, 93.8%, 0.867, 0.947 and 0.936, respectively. The results of the training data set of the fishing vessel
classification model showed that the average accuracy was 99%, the average precision was 99.3%, the average recall
was 99%, the average kappa coefficient was 0.967, the F; score was 0.991, and the AUC was 0.98. The average accu-
racy rate of the validation data set classification was 97%, the average precision was 97.6%., the average recall was
97.4%, the average kappa coefficient was 0.895, the F; score was 0.975, and the AUC was 0.942. Two models with
high performance, could help to distinguish the fishing/non-fishing vessel, and detection the gear type of fishing vessel.

Furthermore to supervise the fishing activity to protect fishery ecosystems.
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