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Ship Violation Behavior Detection Based on DCNN-LSTM Model

ZHENG Yuanzhou'?,LI Xin"?, QIAN Long'*", QIN Ruipeng"?,LI Guo'*, LI Mengxi'?
(1. School of Navigation, Wuhan University of Technology, Wuhan 430063, China;
2. Hubei Key Laboratory of Inland Shipping Technology, Wuhan 430063, China)

Abstract: Accurate detection of ship violations in bridge area waters is very important for the pre—control of
ship—bridge collisions. To ensure the safety of ship navigation, this paper presents a detection model of ship violation
facing bridge area waters. AIS data of continuous bridge area in the Wuhan section of the Yangtze River is real-time
collected and preprocessed, and the Convolutional Neural Network (CNN) with powerful feature learning ability is
used to extract ship behavior information. And combined with the Long Short Term Memory (LSTM) , a deep CNN-
L.STM is established to learn the spatiotemporal behavior characteristics of ships, and the experimental analysis is
carried out based on three kinds of illegal behaviors on ship overspeed, turning around, and overtaking. The results
show that the DCNN-LSTM model proposed has a strong advantage over the CNN, LSTM, and Support Vector
Machine (SVM) models, and its accuracy rate, precision rate, and F, are 88.96%, 96.49%, and 92.87%,
respectively, realizing the accurate identification of ship violation. The validity and superiority of DCNN-LSTM are

further demonstrated by analyzing the violation of ships in typical waters. The research results provide a reliable
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theoretical basis for ship safety supervision in bridge waters and promote the development of ship intelligence.

Key words: deep learning; inland waterways ; CNN ; LSTM ; DCNN-LSTM
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Fig.1 CNN model
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LSTM  Dropout  LSTM Dropout  Softmax Output

B3 DCNN-LSTM A A
Fig.3 DCNN-LSTM model

&1 DCNN-LSTM %54 ®3 CNNBH
Tab.l1 DCNN-LSTM network parameters Tab.3 CNN parameters
Bz () i AR S Bz (AL B AR SR
convld (ConviD) (None, 118,32) 512 Convld_1(ConvlD) (None, 118, 32) 512
max_poolingld (MaxPooling1D) (None, 59, 32) 0 max_pooling1d(MaxPooling1D) (None, 59, 32) 0
dropout (Dropout) (None, 59, 32) 0 convld_2 (ConvlD) (None, 57, 64) 6208
convld_1 (ConvlD) (None, 57, 32) 3104 max_poolingld_2(MaxPooling1D) (None, 28, 64) 0
max_poolingld_1 (MaxPooling1D) (None, 28, 32) 0 convld_3 (ConvlD) (None, 26, 128) 24 704
dropout_1 (Dropout ) (None, 28, 32) 0 max_pooling1d_3(MaxPooling1D) (None, 13, 128) 0
Istm (LSTM) (None, 28, 64) 24 832 convld_4 (ConvlD) (None, 11, 256) 98 560
dropout _2 (Dropout ) (None, 28, 64) 0 max_pooling1d_4(MaxPooling1 D) (None, 5, 256) 0
Istm_1 (LSTM) (None, 16) 5184 flatten (Flatten) (None, 1280) 0
dropout_3 (Dropout ) (None, 16) 0 dense (Dense) (None, 4) 5124
flatten (Flatten) (None, 16) 0 H CNN 505135 108
dense (Dense) (None, 4) 68

7 : DCNN-LSTM #5828 i . 33 734

®2 LSTMMESH
Tab.2 LSTM network parameters

Fe 2 (25) LITRADI 2N E e
Istm_1 (LSTM) (None, 120, 64) 17 920
Istm_2 (LSTM) (None, 120, 64) 33 024
Istm_3 (LSTM) (None, 120, 32) 12 416
Istm_4 (1.STM) (None, 16) 3126
dense (Dense) (None, 4) 5124

1 LSTM A8 240 - 66 564

N 1~3R 3 R, A SO 37 1) DCNN-LSTM £
RV 124 B2, BAR A4S 24> ConvlD J2 (24
MaxPooling1D 2 .4 1> Dropout JZ .2 > LSTM 2 . 1 >
Flatten JZ 1 1 /1> Dense /2 . LSTM £ #1 t 5 4~ 2 2 ¥
B, ERALHE 49 LSTMJZF1 17> Dense /2 .CNN £5
A 10 RUZ M AL, BAARALEE 44 ConvID )2 (44> Max-
Pooling1D 2 . 14 Flatten JZ2 f1 1 4~ Dense 2 . Al A1,
DCNN-LSTM £ %1 3@ i 45 & 2 4~ LSTM J2 il 2 4~
ConvlD 2, BRI SR T/ (A 33 734 S48, [7
e FL ik R A I P RRAE SRR RE ) . X8R i, DCNN-
LSTM 26 I Softmax PR 4512 BRI BRI £k pR £kt
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Tab.4 Basic situation of bridges in Wuhan section

£k AKIRFE F A (m® - s7) AR
BT RAR 371200 m, Y800 m 200~350 10 000 g%
DL #1200 m, T 800 m 200~350 15 000 Mgk
R BRI 971200 m, Y800 m 200~350 5000 g
x5 FB AISHE
Tab.5 Partial AIS data
Date MMSI Lon/(*) Lat/(*) SOG/kn COG/(*)
2021-11-16 15:25:11 413 932 554 1142889 30.553 28 4.0 218.7
2021-11-16 15:25:19 413 789 341 114279 3 30.565 45 5.9 221.0
2021-11-16 15:25:23 413 932 552 114.280 3 30.567 27 3.6 2213
2021-11-16 15:25:26 413 812946 114289 1 30.567 07 9.9 222.1
2021-11-16 15:25:31 413 932 554 1142889 30.553 28 4.0 2222
2021-11-16 15:25:38 413771 819 114298 2 30.571 93 10.7 221.6
2021-11-16 15:25:53 413 789 341 114.280 4 30.566 02 5.9 300.1
AISHE th r sh (R ok A GPS, i Ticss A &
i PRl HC Al A/ A 45 PR 3% S i, I 5 v 2 H B
S R BN 5T 1 R PR RO, B ATS B A %
B ELHEFH T 5250, T LUK ATS BUIARAT L R Ab 3 2
Step! : MR ATLAT 3 78 o 52 4 74 (69 KOG . th T 3
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THATAE TN U ]
Step2 : 1[5 2 25 3 R4 2 S I 55 150, 1) B30 LA % 25 50 75 100 125 150 17.5 200
SERCE  HLARBITTE A 226 K FE 1], Mk i o L
Pl A AR 5 ] B B AN AT 9 51 Pl A 1) S e i 0.40
Step3: MH Bi AIS U A 2 50 YA AR . i 035
T AIS Bifin R FOR SRR, A 503 7 H 030
WRBUE A RIS S, M 20
Step4 : M) B 455001 038 R B 4500 s B . Dy Dl /b =010
THEEF ], 5 A SR BE AR T 1 kn, DUIRE Sy 0.05
0.00

1R I BRI

StepS : M 555 218 A & A= 2 A8 (R BI030 . I o ek
SR IEFABILE 5, 0 T AR AT I B S 1 3k
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AISER 2 A1 KA He N T4 B 4
T , A& 4 F7 7 . DR IX K 3877 A0 A 3
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7.17 kn, SZ KGR FEM R AT AR R B B KT
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SOG/Kn
(b) FATAARALIE 3413

B4 EFATAEARALE
Fig.4 Speed of ascending and descending ships
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Tab.6 The number of samples and corresponding labels of

various behaviors extracted

17 A Kkt FRaE
EHMAT 24 204 7C
AT Ry 24 61 cs
i3 AT Ry 24 90 DT
BT R 24 25 7Y

FIT S R A SEBR IS Y AR AR A, B 2R ) R
1073, AR S K 300, 11k ss  Adam, FF4&HR6:2

BN 17
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T EAR RN S PR
33 FETHIRNER

Sk B AIE T A 3 DCNN-LSTM i fif i3 22 17 kg K63l
RREAY DL VT B DX K 3k 14 AR A 5] Je 52
¥, -5 CNN . LSTM F1 SVM B I HEATX6F L 4347 . L
1, SVM R 45 A5 Y v g 2 A% ) FEAX BR A K (x, y ) =

exp (| x — v | 1o®) Ty HRRC, BRSO AE T 5
BB R o = 3,C = 50.
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HIA

H—1k

Jol

osE

s s & =
& = 3
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Fig.5 DCNN-LSTM algorithm flow

H 1l 6 ATl 7 AT AT, 78 285 300 k%X JE , CNN
W £ FE RGN T LSTM il B AL HR I, 42 I 45 131 o
I8 3 1 0.889 6, #1255 0.108 4, AT LA My ifE
B b AG I = Fh i T T

0 RERSREREPERERewA ey

0.7 H —o— YRR R
- — A %

0.8 1

0.5 1

A %

0.4 H

0.3 H

0.2

1 1 L 1

50 100 150 200 250 300
AR
B 6 DCNN-LSTM 7 # 5 i £
Fig.6 Accuracy curve of DCNN-LSTM

0.1
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by ik —HH A DCNN-LSTM A5 50 PE RE , 5%
T]ﬁ$(Accuracy) G50 R (Precision ) . 43 [A1 %% (Recall )
M F Febn AT AT, S5 R NE T s .

Hi 26 7 W] 1, DCNN-LSTM J5 3% 55 SVM #5554
W, BRI 12 93 s, (HAEHER R K

—— IR R
0.30 — MRAERR R
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OAOS 1 1 1 1 1
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LA TREL
B 7 DCNN-LSTM 4% %k % £,
Fig.7 DCNN-LSTM loss rate line

x7 TR LELILERITEE
Tab.7 Comparison of experimental results for

four networks

RE R R HER R YRR
SVM 0.8404 08433 0.8413 08417 156.4997
CNN 0.8495 08647 09493 09050 277.6311
LSTM 0.8642 09540 0.8861 09188 708.1445
DCNN-LSTM  0.8896 0.9649 09039 09287 249.4202

R W F AR, AT 492,
12.16.6.26 .8.70 1> [ 43 45 5 b LSTM [ 25 f14) 1 Aff %
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Fig.8 Visualization of speeding behavior recognition results
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Fig.9 Visualization of U-turn behavior recognition results
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Fig.10 Visualization of recognition results of overtaking behavior
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