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Research on fast segmentation algorithm of feasible region
and obstacles of unmanned surface vessels

Xiong Rui' Cheng Liang® Hu Tao' Wu Jiarong' Wang Hongjin' Yan Xuemei® He Yunze'

(1. College of Electrical and Information Engineering, Hunan University, Changsha 410082, China;
2. School of Ocean Engineering, Jiangsu Ocean University, Lianyungang 222005, China;
3. Zhuhai Yunzhou Intelligent Technology Co. , Ltd. , Zhuhai 519085, China)

Abstract: Aiming at the fast and accurate requirements of the image processing for the feasible domain and obstacle segmentation system
of unmanned surface vessels (USV), an algorithm for fast segmentation of images on water according to the on-board vision sensor of
unmanned surface vessels (USV) is studied. Firstly, the experimental images were collected through multiple experiments, and the
original database was constructed through data cleaning, image de-duplication, and manual screening. The feasible region and obstacle
segmentation data set of the unmanned ship were constructed using the Human-in-the-loop annotation method, with a total of 5 620
images and 25 875 tags. Secondly, it practices the mainstream semantic segmentation methods based on deep learning, including FCN,
DeeplabV3 Plus, U-Net. Finally, a fast segmentation network DeeplabV3-CSPNet based on improved DeeplabV3 Plus is proposed
according to the characteristics of water images and the requirements of fast segmentation. The results of the network learning
experiment, offline navigation experiment, and model deployment results show that the DeeplabV3-CSPNet algorithm achieves a fast and
accurate segmentation with an average accuracy of 84. 17% and an operation speed of 49. 26 fps, which can reach 45. 45 fps on the edge
computing platform.

Keywords : unmanned surface vessels; deeplabV3-CSPNet; fast segmentation algorithm; deep learning; attention mechanism
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VNI N IR S ¥R TSR RS e S IR e S o N (S N
AR B 3R &R 4 (automatic identification system, AIS)
S, PUOE BB AR )z ] T Bl N TR, KT TS A
FE FT LA PR o A% e 2R B 1) PRI S 9 T A DX Il 1
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A FERUAT I R4, A A TR V0 B ) A,
BN B Ay DR AT A s SR A TR v A, TR G )
BN St DX SR o3 i 2 07 20 I AT DR K |
FERFIAEAE 2 B AR A 0y, X F AT AT X BUAIK b i
PN T 53 F 02 LA PR Y [ 1) SA 6 FE A A e SR X
PUREE AT B B 2R DRI SE 4k T3 S0 1530
Y TE A AT UA T DRI K b BG40 8 e 53 51 H AR I35
B 2R AT & BA w2 O RN A
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42 12) 1T 08 B 4 3 28 MR AT ( concatenated rectified linear
units, CReLU) FIF1E 4 73 (feature pyramid networks ,
FPN) o #F 5 i & £ HE 8 I 2% ( single shot multibox
detector, SDD) HFRAS NG 15, SEELXT 10 28050 H AR89
Rl ZR AR A O BT R K A A 3
PR [P (ELK b I TAE BRI E O S 0% R T
ek, R AR K L H AR AR AT B2 T
ToK I JE A K T H BRI ) 2 B R 2% WT-YOLO
(water target-you only look once) . F&T HAR& I AY/K -
EFRUIEOR 28 LB, 3T H ARG i i 25 R kA7
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PAR, Tk 8 7 B EE T E AR 04 v DI (U SR T UG 4
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PRI E o5 1 53 B0, 52 BUK T B M i 4, (E
SEIK T S XHAEGE 3 RIS A AR AE . AB 5843 ]
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P 24 RS S XS 25 FhEREE T (7K E AT A REAS I
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FH LI R B E T BIR V5 o S5 B K T PG A 431 EL2: AR
IK AR I S 5 R Bt b IR A 22 . TR IR

UV F Canny 83 Ml T2FNN ( Type 2 Fuzzy Neural
Network ) #5 7Y 512 A% 2% 7 09 30 S ke, AH 2 il 16
Canny SEIEHAT R UL 3L, %) T 52 Z% R 14 43 180k
ANBRAE B TRIE 27 > 1) 2 Jig | i 2 T 245 o 728 ¥ 1o T 7
PR o3 40K, Tl 228 X 26 TR 7 1 v 25 2 S PR
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FRE & LA I8 BGOR B FIBAE X T 513 x 513 Y
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FHENGITRFE,

T iRk AT SOR R B ) B AUOR 25 12 S 1S
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AR SCHIFFE AT X6 TE A A8 A0 SR B3 i 4R 17 21 45
ShRM Y R, TR AC B R A EEE XL,
A SCHE R TC N AT AT IR Bt ) 3 BAE S5 #5 A Y 4y
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Fig. 1 USV water experiment
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o,,0, FREUGHRIEZE ¢, WHE B s (v, y) RN LI,
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Fig.2 The example of key data
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Fig.3 The Human-in-the-loop annotation method
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Fig. 4 The example of dataset images
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Table 1 Statistics of the number of datasets

255 G H PR EUR

HH 5595 8 711
s 5 605 8 551
[REL 2938 8 613

2 T AT B4 4 BT R 5

TC M TA TR i34 3 B2 T A 28 A A T 11
BLRRE AR SCFE WATER-DATA %8 b 2438 T LA 5
R G S S M 1S i s VTR 1 | L e
FEAELL TR IR,

1) ZETC A S BRI F o | X6 T 40 0580 (0 s B A
AR IR 25 B A 40 L B AR Sk 1 Il i A9 4 i
M 50 Hz, AR AT 3K 25 fps, 43 #0278 10 257
5 B AL PR E R 2 /07 25 fps DL L,

2) FC N AE S BRACAT H 38 3] A B A P 1 0 43 2
Z W LB BEAS )AL WA PR bR M BT R L
Foft R | X B A0 1) 7 0+ 20 RO | T LATE S BRI vh
IO PR B ) -5 K TR SR 1 20 A

X2 ) B, AR SCHR 4 DeeplabV3 Plus'™ 4 4% (1
BT IEAR $2 T Pis 40 F 57% DeeplabV3-CSPNet #if £8
P2 HRRIE SR R0 25 2R FH R SRAEAEE Focus” 125 B
BEJRiEB M 4% ( cross stage partial network, CSPNet) '™ 4%
TEF P26 2R P 3 0 A A 25 31 45 AR 25 ] 43 5
b Ak AR B (attention  atrous spatial pyramid pooling,
AASPP) | KR4k 45 4N iE 5 iR

=—- Conv - BN — szl P
Relu
. = - - - H N
r L]

u s
Global |, | ro |, FC | Sigmoid —»| Scale -~
Pooling y

x(H*WxC) 4

.= - -—>Dropout ->- — Dropout —-» Conv -
& - - -
e

X/ MRes#h#g
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Concat -~ BN

Conv

FOCUS =

Slice

Slice

Slice
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-

& 5 DeeplabV3-CSPNet [ £ B 46
Fig.5 The structure of DeeplabV3-CSPNet
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“CBL” £ & % X ( convolutional ) . #t IH — 1k ( batch
normalization , BN ) FIEE BG4 (activate function) , {77 BR
BER A Leaky ReLU, 31824 W=0(5) irs,

L(xi)={m’ xt =0 (5)

Exxi, xt <0

“Focus” L & Y1 F F146: L2 W0 5B 40 20 B, Ho 45 44 2
6 IT7R, “Focus” BN EUR DI K 4 4y, SR 5 1 &
FUZRBURME RS B, “Focus” WK FHEME VI A 69 5
i/ NEG R TG EUR B AR B P T 4y
BRI

CSPNet J&— i [0 2% 25 # B 11 JE %, 7455 ResNet'”
SRR 7 Fros . B PeRE A S I REIE R R A~
oy, HR HA — i #E i 2 AR ES ARG IUZ, #
HUR 2 RPAE e 5% 22 45 K0 BB A% A S50k 0 TR )23 0 285 11 A
JEE R AR B < [ AT, {8 D0 4% AT LA SRICEE %2 (13 X
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Fig. 6 Schematic diagram of the Focus process
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Fig.7 The structure of CSPNet
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Table 2 The comparison of network performance

Bk HE/fps MloU/% 1oU1/% 10U2/% 1oU3/%
DeeplabV3 Plus 32.08 82.74 97.58 97.75 52.90
DeeplabV3 Plus +Focus

50.00 83.01 97.62 97.51 53.88
+CSPNet
DeeplabV3 Plus + Focus

49.26 84.17 97.69 97.90 56.91
+CSPNet+AASPP

2.2 FENHTEHEME
S B E AR A ERE BE 5 TR B AL B R

M 2% ( squeeze-and-excitation network, SENET) 8] 45
AASPP 5L SEELVR 2 R A AR Z R Rl A . AASPP
SERGINPE 8 Fr7R , Hipt SENET  “ CBL” Hl 2 4>25 i 4 1
(‘atrous convolution ) ZH %,

u
SENET = Global | L5 pe | ke

s
igmoi I
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X(H*WxC) ’ i

AASPP = — SENET Concat — - —>-—>

18  AASPP %t
Fig. 8 The structure of AASPP
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S, =0—<W2(W1ug)) (7)
Yo T 8., (8)

Arbrex, Ay, 5050 FEAE S ¢ 38 38 09 A R
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K9 =&

Fig.9  Atrous convolution
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Fig. 11 The schematic diagram of IoU calculation
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512x512, fESRUESE FAgPEREaNER 2 PR,

FRHE R R 28 5% FH “ Focus” Fll CSPNet 2544 427+ T

D £ 3 S B R B DR AF TR B A LIRS AASPP
e FRFF T W25 43 BIAE B 52 DeeplabV3-CSPNet F
WA iR 84. 17% , LR 4R M 48 42 1 1. 43% , iz B
JEIRB] T 49. 26 fps, LLIFIR L EET T 17. 18 fps,

3 £ I§

3.1 MBELFILN

1) DeeplabV3-CSPNet [% 4511145

ARSI R S5 2 FH (9 CPU AbFE 2% Intel i9-7920x,
GPU 4k H 2% 4 Nvidia RTX2080ti , % {4 34 5 & % 41 45
Python3. 8, OpenCV4.5.2.52, CUDAI10.1, cuDNN7.4,
PyTorchl. 8, torchvision0. 9. 1, TensorRT7. 0,

WATER-DATA S4BT 5 620 A EURFIARZEXT,
FHR 9 ¢ 1 RN FHESE  YIIZR4E 5 058 5k E& 56
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PG A AR e T S AT AT S BRI, 2k 25 875 4~
bR

£ WATER-DATA (45 4E I 17 DeeplabV3-CSPNet
WYL, WG > R B R 0. 01, A FE R B o 200
A epoch, K JI B AL B8 B R B ¥ ( stochastic gradient
descent, SGD) AL 5% pREL, VIl 2k iz A2 rp 48 2 pR Bk 25
A X (cross entropy ) $519¢ PREL, FLA N

L==[yxlog(y) + (1 —y) xlog(l-y)] (1)

W 45 I Rt e B g th e an &l 12 Fras, /i B ml 2
Do 2 B AR 2, 228,
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Fig. 12 Loss curve
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LI, B LG 9 5 HIKE FE . DeeplabV3 —CSPNet
W25 TE EG A AR/ R 512x512 I, H TS L iz 530 3
JEREIAF 49.26 fps, WL 6 W 45 iz 5 0 i 1k 5]
45. 45 fps,MloU iK% 84. 17%,
DeeplabV3— CSPNet [ 2% 75 56 Uk 55 F I 3 45 2R 20
13 i, HH S50 45 0] 1, DeeplabV3 — CSPNet W 4%
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Fig. 13 DeeplabV3—CSPNet network prediction results

2) MIZEPEREXS L S 56

S} T BAUE DeeplabV3-CSPNet MIZ5HERE 45 5 4>
L HEAT PERERT LL T2 50, AR SCTE R T 42 B 28 ) 2%
( fully FCN )™ U-Net'?" |
DeeplabV3 Plus' "3 4~ 37 43 %11 2%

ARSCHE K 3873 B B Hls 46 b £ 4T FCN8S | U-Net Al
DeeplabV3 Plus M4 il 25, Y1l 252515 & Fl DeeplabV3-
CSPNet fd—3, [FIAETE S0 IR AR [ AT 9 28 PR RE i
PG AR/ INA 512512 26 S50 25 5K %8 e an 18] 14 B
TNe SLUGEEIRLFRIH DeeplabV3—CSPNet WX £ 7 7 I /K THI
FEAE B SRR T S 5 1 B0 T 23 30 ROR B 00 T A
2 B A4 5 K T B8 FRAL 1Y 43 WIRS BEAS L A ) 2 2%
DeeplabV3- 1yoonlabV3 Plus ~ FCN U-Net
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Fig. 14  Comparison of network prediction results

A W45 1) 1 e X L & 3 T 7R, DeeplabV3-
CSPNet %51 MIoU 153 84. 17% , WK T U-Net 4511
85.19%, {H {/5 & T FCN #l DeeplabV3 Plus M %,
DeeplabV3-CSPNet %45 1)1z 5 34 145 5] 49. 26 fps, 328 /5

F FCN ,U-Net il DeeplabV3 Plus I’ 2% , i A& 552 B b7 FH
=3 MEHEREILEIWER
Table 3 Network performance comparison
experimental results

#i Speedl/fps Speed2/fps MIoU/% ToU1/% 10U2/% 1oU3/%

DeeplabV3

32.08 30. 30 82.74 97.58 97.75 52.90
Plus
FCN 37.16 — 82.41 97.71 97.53 51.95
U-Net 35.29 33.32 85.19 97.71 97.73 60.13
Deeplabv3-

49.26 45.45 84.17 97.69 97.90 56.91
CSPNet

DeeplabV3-CSPNet %145 (2545 P REAL T 3 7 Do 2845
B H R HARIBAEAEA L 240, W 15 f77R , DeeplabV3-
CSPNet [W 45 755 2% 1) FA 5 R O 2 A4 T 1 40 E1 AN fi%
R, 7E 7K T 0 € R i e 0 €0 30 500 SR 40 AN G 1B
7 Fsf X =328 77 5 30 300 1) 52 4% i Tk 0 A A T A 1 0 3
S ) ORI 5 SEIF T T T S AR A 5]

K15 Mo B4R R

Fig. 15 The example of network segmentation results
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e | -CSPNet
| i
il
KT T A SE 5525

Bl 16 BELRAITELER:

Fig. 16  Offline navigation experiment
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Fig. 17  Offline navigation experiment results
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