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Person category identification algorithm in water environment
based on unmanned ship vision
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Abstract: To achieve person recognition in water environment, a person category identification algorithm based on vision sensors on
unmanned surface ship (USV) is proposed. Firstly, base on the data acquisition and model update workflow, a person category dataset
of 39 959 pictures and 7 categories is created after data cleaning and labeling on original videos. Secondly, YOLO v5, the mainstream
object detection network in the field of deep learning method, is practiced, and an improved person category identification algorithm
based on YOLO v5 is proposed according to the characteristics of water environment scenes. Thirdly, the algorithm is deployed to the
edge computing platform to realize the real-time use of the algorithm on the unmanned ship. The algorithm achieves an average accuracy
of 86% on our dataset and achieves real-time performance of processing 38 frames per second with accurate person recognition in the
unmanned ship test.

Keywords : USV; person identification in water environment; YOLO v5; network deployment
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Fig. 3 Xavier embedded unmanned boat system

2 NGREHRANBITEE

KIHIREE T R IC A7 SR At o) N B3 2R 1)

AR T K 4 RN R e 3 5t TR P AR SO 4R
KIS SR B 7K TAE NG 5 BB i
ISUNZIN: % ONZIE Y ONIN2 ONZRETR  ON S )
25 % H A B FRiE A waterworking | person _shore | person _
boat ,waterplaying ,drowning , swimming , waterhelping,,

A B8 B Xk H AR A AT 58 AT Al il ) 5
T, I A0 R AR 5 W 9 28 B PR RE . AR SR
SRR SR U T 1 28 T DK a4 BRI 2 U BER)
BATBRA AR B FL T R BAU B8 /K 757 AU L KoK T
TN IR — 57 KB A, i i K50 3 3o 443
St FE T A AR DU K FL e AR S RS TARIA
Ha R TR Wk A AR B SR TR 1B 4
TEJRUGREAR R S5 | il BRI 25 S5 R 1 RE B
B T B4 SRR A LA B R K%
B EE TRAF I I ABE S BEAT R AR, AR AR IR
AN 4 F7s

A }--{ LN H HERE — WAR

|

\
[ S 1— B A

IR B

&

B4 TAEGRE
Fig.4 Work flow chart

T AA SO IR IR 2] T 39 959 5K R /-, 2
THE AT 40 YZAOK B4R AR B2 1 From #4328
SIRBIANEL S frs, ol LAE 8R4 I R AR e
K, AN B3 bR 2 KN AR 28 L B R 1
AL BARIAT 55, ik E R vl e U s 22X 24 H
b, B R B0 N B DS — AR BRI E R 2R, R TR
A H BB R B SRS B A R 2R,

F1 YZ40K HIFEM R
Table 1 YZ40K datasets composition

ES P4 % PR FRaHURE
KB THEAST  Waterworking 2709 9 078
N Person_shore 9 066 27 993
N Person_boat 7 904 13 517
IR N G Waterplaying 3755 11 564
KNG Drowning 6 262 6538
iGN Swimming 3 699 6 391
LIRS ONA Waterhelping 3190 3223




% 8 1]

e SN R ST YN E SRS RFS .47 -

SIRIE NG e V7N

Fig. 5 Display of some person categories

3 KBEERSN

3.1 #EENIZ

D YIZSH

R (YN 2 B CPU &b B %8 19-10900X
GPU /b P 28 & Nvidia RTX3090, ¥ J& 2% >J ¥ 85
Python3.8. Opencv3.4.2, CUDAIL.1, CUDNNS.0,
PyTorchl. 8 ‘TensorRT7. 0 ZER L, YZAOK BUH4E 39 959
ik th ZFE R AR 2, WA B AR IR 9 1 1 Y e il
o3I JR SRR K SRR R 0.95 2 0.05 HlInA,
A RNINGRAEE 37 737 5K, MALE 2 512 3§, [RlBPf k4
BRI i S B 1 FH 3 S A A 36 UE 42 A AT S R 1 B O
i o HIEBEIREE  YOLO v5 W% YOLO v5S . YOLO
v5L.YOLO v5SM . YOLO v5X VU4 B AR YR 388 K f 19X 45 A
R AR SCABEFET YOLO vAM #EAT Y14, Il kit 55 40 4
YA SEHT L B AR AUHEAR (epoch ) {400, [a] IR FHR 452 %
WEPENGRAE AP I A, > FEA sl (] 2228 Ak A /NS v ) 2%
IG5 LA G S AE VI ZREE it LA, BRAE R /N
H 40, PR 2E 21 % 0. 001, S50 0.9, BUE il S 5
0.000 5, % H A 18 I A BEAS 1 2 i 7 (Adam) #E4T #0128
k.

2) ik R %R

ARSI SR FH A % R ER PR 0 A T U 5 2 | R R R R
ik 3 3l ., JAE [PNE 42k R A GloU loss
P RECEA TR L A HE S A BUNAE Sy B, M T
YOLO RS 10U 2k BREL, GloU Loss #5125 RS
381 G T A A A 2 B TG VAR O 0, I AT 0 AEE A
FLSHE B e/ INIMESEIE B € 1R AT AT 14k, B
PR (D) prn, EBEERUR S 0Bk ¥R A

Focal Loss 12k s 4711448, Focal Loss 16155 RECHS
P SE o F oy BN SE SRR R B, AT LA A
[FIEAS S AL 1 BE 7, AT DA 5028 A H b G 0 55 4 4R
HOIE SUREAS L 2 A MR THE R R A= (2) PR
A ANB C-AUB

GIOUZIOU—ZZALJB— c (2)

FocallLoss(p) == a(1 = p)?In(p) (3)
A, p FORTUMER , o Fly R R T SEL
3.2 WikEtR

W3 3= % P 4 I 22 SR i Ul B 5 1RO e 7 DA
R PRS2 5 ST AT VEA R R fe P A A )
G E i (FPS) H g, U BE I 1 7 [l 30 24085 82
mAP ( mean average precision) ¥ €, FPS % /5 15 BH M 2%
G R P, A LR T K2 E AR T A A TE A 1Y
HE 55 P AT SEBnbmic HE S %28 H AR RS o5 bE, (e
e B BB H R Y T A BE 1 BIG, mAP 2 BT A 2
AP B4, R 25 28 S 00 v 252 5 4 1R A0 1Y P-R
MR IAAS 2, mAP 8= 1 90 265 RS B2 B s . AR S
M VOC Budl 4 5 S A3 A A i AE 55 AR S AE (19 52
Ff kb (intersection over union , loU) KT 509% I3 >4 T 1F 4
SR, BRI R N R A o, R A R
R/NTE 200 MB LA AT 3 #8581 T
3.3 MKER

BN e AR CE AR A LTI, e rp )
LRI AR R BBk 0. 4, TN A5 B v Tz B (E Y
HARHEERIEAE A I 25 5 &1 6 S 28 7E i i 5 1 iy U
KGR

6 KL R

Fig. 6 Display of detection results

X TR AR v o AR P (AR P A, i B A
T5 FIEAARAL B | B iR R AR B35, H AR R
SR, PR 7 R0 8 S ISE T T I WIS 465 6 B 45 2R
XFEE, T LA H AR RS 4 TR 30 O B e, A B ARG T
FILHE

XA/ AR B 55 B I KUE B 1T 59526 T patch
AL BEAT BB T/ FAR N SR K F . A 9 iy



. 48 - B

5 A 5 i

536 %

5 bersop I'],or;e 0.58

ST PSR s

K7 YOLO v5 RZ Al 1
Fig. 7 Detected picture 1 of YOLO v5

Perapérsen shore 0.4Z00-8hore 093 .~ 43ri_shore

waterhelping 0.59

K8 ASCHIEBNA 1

Fig. 8 Detected picture 1 of our algorithm

YOLO v5 R[4 (i 4528 , B 10 A SCRE T 45281
AT LA AR ZERE RO R 45 R A, A7 B T KON B4 /D
HARA B A

person_boat 0.50

K9 YOLO v5 FZ8 5l 2
Fig. 9  Detected picture 2 of YOLO v5

FREAYNZR T 547 B T W 25 AR R AR 56, 42 T 0
ZRBERTERE . WP 11 FroR | SRl 408 A A I R K 880 )
RIERIE PR AR st i, 0 465 Tt 25 SR O g K N B2, (e Kt
BMMATZIEA N B ARSI 5 UGN by 28 b & SR AR
J5 , SR BRI 25 P B R A B, A f&T 12 B

P13 g 5 5 114 45 26 ) I RS 11, mAP IXE T
86% , BT 24 R B FLAF 3 I 1 , 2% 251 PR 3

. person_boat 0.75
drowning 0.44

10 AR B 1# 2

Fig. 10  Detected picture 2 of our algorithm

drowning

rowning 0.69

drowning 0.66

BT SOREASIN AT 45 2R

Fig. 11  Detection result before the usage of blank labels training

K12 RIS T4,

Fig. 12 Detection result after the usage of blank labels training

mAP=86.00%

waterworking
person_shore
waterhelping
drowning
waterplaying
swimming

person_boat

0 0.2 0.4 0.6 0.8
Average Precision

Bl 13 ARSCRENALE mAP
Fig. 13 The mAP of our algorithm on val dataset

BUEET | A RN JEE fi i 9K b AR N BRI LA



% 8 1]

e SN R ST YN E SRS RFS - 49 -

HIIRE] T 89% , FUNSCR e 22 M b 1 NLAT 80% K
i, BARB IR i BE T, B 14 BN 7R R AR
19 |13 AT LA AR ARG T 7K i AR N BA: H e f
£E, A AN IR A 72% ., B 15 g BARA R
S50, AT LA I 4 1 R R RS P A A, 1R A L 1
B,
waterworking
drowning
waterhelping
waterplaying
person_shore

swimming

person_boat

0 02 0.4 0.6 0.8 1.0
Recall Rate

B 14 ARSI AR A S0 4 [n] R

Fig. 14 Recall rate of our algorithm on val dataset

detection-results

person_shore
person_boat
waterplaying
waterworking
drowning

swimming

wm False Positive
= True Positive
1 1

1 1 1
0 200 400 600 800 1000
Number of objects per class

K15 A ORI E,

Fig. 15 Detection results of our algorithm on val dataset

waterhelping

P16 SRR AR A REL A, 12 PRTRE AR s DAy T 2 531
AR PRI, T oI A FREAE R OE A,
HCH 25 BR2 “ none” GH AGE T, W A1 22 RIS F50I0 TE 4 114 .
Pl 16 FRp A7 R A e A U HE B30 K% 128 3 L A1) Bl
K, AT A 48 A AE AR K RITIE K 28 501 1) TR 8 RS 43
YT i U (B AS AR P ASAE 7R 7 DSl 20 F0 1 H
B ) BRI, MOHE R Y5 e I R A A P X T
BIVE 22 BRI T A2 5 R 3G 38 4 4 70 4 e 7K
REURFUNMERR 238 3 1 SRR R, AT LSR8 A
B e R R A R
3.4 REERE

FETENR 55 a4 B R AR 5 Ze0d C++30%
| Jetson Xavier, ¥ A K 1 To MG W] LAZES T SE B R0

1.0

waterplaying
watreworking
waterhelping

2 =
) <

o
-
= =
=} o
7] 7]
= =
3] o
(=% 2

swimming
drowning

none

person_shore 3034

0.207

person_boat 1357

waterplaying

immi 0.136

swimming 2

drowning 21143
10.4

watreworking 2

waterhelping g
10.2

none -
. .
ground-truth
—0

K16 AR A R A A

Fig. 16 ~ Confusion matrix of our algorithm on val dataset

FEAL AN 25 53, AP 17 iz, Je AR AR A A K X
BT I, R R ME R At R N R AR N B
A RREAT R, 2K, WSS AL IS T 83%
PUIPRT EE 55 FPS38 (PRI L, Bl AL 1 S B ) 5
K

B 17 Xaiver 3t i &1
Fig. 17  Detected pictures on Xaiver

ARSCHETF oK TN GE , $ T — bl il 2y i
TN K A 19N B3 26 BRI 5 ik, kT
YOLOvS 2% (i kAt b 7847 ek, % & AT B 5 K IE
MACAL ] R THRE A 2 R AEE 5t T 1R Bl e
X EEGEATHE T patch ARGIN4R THSETE XS i/ H AR A B
BIPUINRE ST s LRI NST J7 i $2 THE Rz Ak . B 30
F R B NMFIMRAEE R TR, A SO ERARE IS



- 50 -

LSRR R e o

5536 4%

WER SO0 A5, 707 AR X 2 A% A K TR 05 A7 B 10

b,

REAS A 4% B[ B s A 00 303k 7 b )

ROEH, TR LEEIE TAE T, 22l i Al ) 25 254 |
HEATRE TR B = 24 A5 BRI 25 R0 ok 32 T RUORS B2 5

B

&% Lk

[1]

(2]

(3]

[4]

(5]

[6]

(7]

[8]

(9]

Tr M. BT AL B Uk b e A B R R 5
WFELD]. dbat bt Tl K5, 2018.

FANG ZH Y. Research on intelligent auxiliary life-saving
system of swimming pool based on computer vision [ D] .
Beijing; Beijing University of Technology,2018.

Fe¥. BT Mask R-CNN Pkt g K A7 A 46 0 &R 52 1)
BEHSSEI D] H 58 BK, 2019

QIAO Y. Design and
behavior detection system in swimming pool based on
mask R-CNN [D]. Qingdao:Qingdao University,2019.
FARGR VIR AR, . JO A T A A
WREFI T[], AR TR, 2019, 41(1) :6-10,78.
CHANG J Q, PU J J, ZHUANG ZH Y, et al. Application
analysis of unmanned ship in marine survey [J] . Ship
Engineering, 2019, 41 (1) . 6-10,78.

T5 A KGR SE R AE L 0 N AV VE b A A
AR B BT ). Vi TR, 2020,36(3)
72-77.

FANG ZH H, CHU H X, FENG ], et al. Application and
prospect of unmanned boat in marine geological survey [ J].
Marine Geological Frontier, 2020,36(3) :72-77.

A6 R, TR B, AF. KT e AE B AR K B i
B, AT TR, 2021, 41(4) :1-3,12.

LIW, LIT W, ZHANG SH Y, et al. Development and
prospect of surface unmanned craft technology [ J] Ship
Electronic Engineering, 2021, 41 (4). 1-3,12.
GUPTA S,GIRSHICK R,ARBEL E Z P, et al. Learning

rich features from RGB-D images for object detection and

implementation of drowning

segmentation [ C ]. European Conference on Computer
Vison, 2014.

70U Z,SHI 7Z,GUO Y, et al. Object detection in 20
survey [ J ]. ArXiv Preprint, 2019,
arXiv;1905. 05055.

REDMON J,FARHADI A ,GIRSHICK R, et al. You only

look once: Unified, real-time object detection [ C].

years; A

Computer Vision & Pattern Recognition, 2016.

B RN, PNV, 25 3L T B Tiny-YOLOV3 W)
2R BT L T AR R B LD M I T T [ 0] A
UERA4R ,2020,41 (11) :42-49.

HAN H D, XU Y R, SUN B, et al. Research on active

infrared detection of aerospace electronic solder joint

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

defects based on improved tiny YOLOv3 network [ J].
Chinese Journal of Scientific Instrument, 2020,41 (11)
42-49.

LTI, Ve /AR, X, A5 Bk B9 YOLOV3 B9 2141
Hbm A sk [ J]. o7 & 5 404 2 41, 2020,
34(8):188-194.

CAOH Y, SHEN X L, LIU CH M, et al. Improved
infrared target detection algorithm of YOLOv3 [ J].
Journal of Electronic Measurement and Instrumentation,
2020, 34(8) . 188-194.

TLIBSR Tk, n 8, 55, B T HGH YOLO Bk 1 18 Ik
EIRE AR R[], B0 5 5 R, 2020,43 (24) .
87-92.

HUA Y R, ZHANG ZH, LONG S, et al. Remote
sensing image target detection based on improved YOLO
algorithm [ J J.
2020,43 (24) . 87-92.

TERE, i 2% JR 45, 26T YOLOV3 192 4208 420
WG S AR R D7k (1] B Ah A I R
2020,39(2) .42-46.

WANG H, GAO SH B, ZHOU J, et al. Multi lane traffic
flow statistics and vehicle tracking method based on
YOLOv3 [ ] ].
Technology, 2020,39 (2) . 42-46.

REDMON J, FARHADI A. YOLOv3: An incremental
LJ. ArXiv 2018,
arXiv; 1804. 02767.

BOCHKOVSKIY A,WANG C Y,LIAO H Y. YOLOv4.

Electronic Measurement Technology,

Foreign  Electronic ~ Measurement

improvement Preprint,

Optimal speed and accuracy of object detection [ C ].
ArXiv Preprint, 2020, arXiv:2004. 10934.

WAN C Y, LIAO H, WU Y H, et al. CSPNet: A new
backbone that can enhance learning capability of CNN[C].
2020 IEEE/CVF Conference on Computer Vision and
Pattern Workshops ( CVPRW ).
IEEE, 2020.

HE K, ZHANG X, REN S, et al

Recognition

Spatial pyramid

pooling in deep convolutional networks for visual
recognition| J ]. TEEE Transactions on Pattern Analysis &
Machine Intelligence, 2014, 37(9) ;:1904-1916.

LIN T Y,GOYAL P,GIRSHICK R, et al. Focal loss for

IEEE Transactions on

2017

dense object detection [ J].
Pattern & Machine
2999-3007.

EVERINGHAM M,GOOL L V,WILLIAMS C K I, et al.

The pascal visual object classes (VOC) challenge [ J].

Analysis Intelligence,

International Journal of Computer Vision, 2010, 88(2) .
303-338.



5 8 3]

FEF TN A 7K BN 53288 S 37 - 51 -

EEE N

23,2007 4F Tt Keggki g2+
fi7,2008 45 T3 [ 7[5 B T2 B 3R A5+
2007, 2013 AR T [ 4] R TR K2R iR AR
2, BUORERIG = R BE BB A BR A 7%
TRASE L TR0, 32058 0 1) M TG A
JEN T2 e A8 | 225 2% 1 5 JRK
SRR L SR

E-mail ; lance. cheng@ yunzhou—-tech. com

Cheng Liang received his B. Sc. degree in 2007 from
Peking University, received his M. Sc. degree in 2008 from
Imperial College London and received his Ph. D. degree in 2013
from Newcastle University. Now he is a Senior Engineer in
Computer Vision in Zhuhai Yunzhou Intelligent Technology Co. ,
Ltd. His main research interests include Al, computer vision,
sensing fusion for USV.

RFEHE, 2020 A T RM R A2 A2 &
20, B R R AL AR R
05 Tl R PR AL B TR 2T
E-mail: hnuwxh@ 163. com

Wu Xinghui received his B. Sc. degree

in 2020 from Zhengzhou University. Now he is
a M. Sc. candidate in Hunan University. His main research

interests include image processing and deep learning.

T3 CHAR1E#) 2006 4F T P4 %52
AR 2R AT 2 2007, 2008 AR T [E B R
TR R A ARAHA 207, 2012 4F T [ B B
SRR R ARAHE 22 0, BT R
EFEE TR BAE R A SRR R T,
B, W7 1 N 7 RE IR 1 o fek B M
I LT SES N T RE B RE AL IS TR U I vl g
TR P A BRI A U R ) R GEAELR W R 2
DT 5 T K 44 i B R
E-mail; yhe@ vip. 163. com

He Yunze ( Corresponding author ) received his B. Sc.
degree in 2006 from Xi' an Jiaotong University, received his
M.Sc. degree in 2008 from National University of Defense
Technology, received his Ph. D. degree in 2012 from National
University of Defense Technology. Now he is the director and
professor of the Department of Instrument Science and
technology, College of Electrical and Information Engineering,
Hunan University. His main research interests include new
energy equipment health monitoring, infrared machine vision and
artificial intelligence, intelligent sensing and nondestructive
testing, power electronics and energy storage battery health
monitoring and early warning, online power system monitoring
and fault diagnosis, and health monitoring based on the Internet

of Things.



