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Object detection for environment perception of unmanned surface
vehicles based on the improved SSD

Sun Bei, Zuo Zhen, Wu Peng, Tong Xiaozhong, Guo Runze
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410072, China)

Abstract: To improve the perception ability of typical small water targets for unmanned surface vehicle (USV), this paper proposes an
improved SSD object detection algorithm based on multi-scale convolution layer fusion and spatial attention enhancement architecture.
Firstly, a multi-scale fusion method is utilized to improve the semantic representation of SSD shallow layer for small targets. Secondly,
the spatial attention architecture is designed for each convolutional feature extraction layer to improve feature retention of small targets
with weak texture. Finally, the proposed algorithm is evaluated on VOC and self-constructed surface target dataset. The real sea target
detection and identification verification based on USV are carried out. Experimental results show that the proposed method can reach high
operating efficiency with 15 fps on the USV Nvidia platform. The targets, such as buoys, bridge piers, fishing boats, speed boats and
cargo ships, can be identified accurately. Compared with the original SSD algorithm, the proposed method could achieve a higher
detection rate for small targets in the typical sea scene, which is increased by nearly 20.2% when the false alarm rate is 5%. The
average effective detection rate can reach 79. 3%
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Fig. 1 Typical unmanned vehicles at home and abroad
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Fig.2 Visual sensors for surface unmanned vehicle
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Fig.3  Analysis of small targets in a typical water surface scene
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Fig. 4 Dataset of typical water surface scene
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Table 1 Classification criteria of target size
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Fig. 9  Dual-branch spatial attention architecture
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Fig. 15 Comparison of false alarm rate and detection rate
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Fig. 16 Real object detection and recognition results

in a certain sea area
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Fig. 17 Supporting typical multi-UAV cluster mission scenario

6 & it

-l

ARSCHR M T HE T 23 W) ) S5 R RN K il 45 ) ek
R SSD K /I F AR 3503 | 2 (] 3 ) Re 6% 4 T )
26T 55 S0 B AR 0 REAE R 10 9K Rl S5 4 n] AT ROR
FH 8GR 2 AR )2 18 SUE S, W3 2[RI AT A 2ode
T2 6F /I AR 4G DUORG B, IR g T 2 T J0 R Y St
UK HbR B S . AR SCHE VOC Budis 4 it B 44K 1w H
PR 4R EaErT TN 2Rk, I Fn SSD Bk kAT T %
Fo. 7E VOC $edi4E b, mAP 274 T 1. 6% ; 78 H ¥4 % 4%
R FERE AR 5% T A SCRIEAA L SSD X/ H
BT ORI R 2T T 20. 2%

TC NMEVE KK T TE N R Ge AR 2 26 4, L H A ek
HIBE SR TCAME A FAAT AT NSRRI, G B AR
o T R T A BGA ROEE A, R R S48 T8 A K T H AR
N, AR ST I > 7% S A0l 70 15 I 4% 7 il b 4
FHAG G TEREAS AT 55 1 T S /DA H b fa e
JERN, BT o) 4 A5 137 Ak e 1 2%

e

(1] kD2, XM, #hMs. /K EJoARGESTot JE H
IR 1]. AR, 2020, 46(5) ;847-857.
ZHANG W D, LIU X CH, HAN P. Progress and

challenges of overwater unmanned systems [ J]. ACTA

Automatica Sinica, 2020,46(5) :847-857.

[3]

[4]

(5]

L6]

(7]

(8]

(9]

[10]

MRS 5 BRER S BT [ 7). (XA AR 24, 2019,
40(11) :90-98.
ZHENG P, BAI H Y, LI ZH M, et al.

accurate detection and tracking algorithm for moving

Design of

target under jitter interference [ J ]. Chinese Journal of
Scientific Instrument, 2019, 40( 11) ;90-98.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single
shot multibox detector[ J]. IEEE European Conference on
Computer Vision, 2016, 10.21-37.

TAERE, XUEREE, BiRIR. 2019 K T EANRG LR
R[] TARGAA, 2020, 3(1):55-59.

WANG Y J, LIU D Q, YANG Y R. Summary of the
development of unmanned undersea systems in 2019 [J].
Unmanned Systems Technology, 2020,3(1) ;:55-59.
AR, BEASES ) Mptidn. T KT RN H AR K R
iR (1], MR TR K524, 2020,41(10):
1486-1492.

ZHU J] N, YU M L, YANG Y X. Overview of
development  of  unmanned-surface-vehicle
technology [ J ]. of Harbin
University, 2020,41(10) ;1486-1492.
WO, 2R, Z RBEFHIEAE YOLO 33 v g FHAF
FE[1]. ISR, 2021, 35(6) :96-101.
XU X G, LI H. Application research of multi-scale

sensing

Journal Engineering

features in YOLO algorithm [ J]. Journal of Electronic

Measurement and Instrumentation, 2021, 35 (6):
96-101.

GIRSHICK R. Fast R-CNN[]J]. IEEE 2015 Computer
Vision and Pattern Recognition, 2015, 12 (13):

1440-1448.

SRIGE I, BT B BK 0T 4 4T € L I Faster
R-CNN BB 28 [ 45 [ 1] AL 0 4t 5 4038~ 4l
2020, 34(10) :65-73.

ZHANG X L, DONG Y. Faster R-CNN convolutional
neural network for the location of freight train
number [ J].
Instrumentation, 2020, 34(10) :65-73.

B, WIE, 144, 5. LT Mask R-CNN (85 X
S2& DR ER BRBE R BF T2 ()], A AR AL R 2= 3R,
2020, 41(3) :61-69.

CAI B, SHEN K, FU J L, et al. Research on defect
detection of X-ray DR images of casting based on Mask
R-CNN[ J]. Chinese Journal of Scientific Instrument,
2020, 41(3) :61-69.

AEIENE, MG, #OK®). T CReLU Fl FPN Bitik
9 SSD ML H AR AN [ 7], S AR = i, 2020,
41(4) ;183-190.

Journal of Electronic Measurement and



9 1) #h

e S THI ) JC A EPRSF A A O AL SSD H BRI vk 61

[11]

LI H H, ZHOU K P, HAN T CH. Ship object detection
based on SSD improved with CReLU and FPN []].
Chinese Journal of Scientific Instrument, 2020, 41(4)
183-190.

BIGE, R, SBEAM, 5 — Rtk is
By FARAS I B BRER TR [T ], XA ER =4I, 2018,
39(5) ; 249-256.

LICH M, BATH Y, GUO H W, et al. Moving object
detection and tracking based on improved optical flow
method [ J ]. Chinese Journal of Scientific Instrument,
2018, 39(5) :249-256.

fklb s, tribede. TR SSD Y IR NIRRT Jr
1] FIEAR ) 2020,43(19) :80-84.

ZHANG Y B, XU X L. Safety helmet wearing detection
improved SSD [ J ].
Measurement Technology, 2020,43(19) :80-84.
IR, EM, IR B TUREESE A iR H Rk
FOEATSE )], EAM R T I EOR, 2020, 39(8):
34-39.

ZHANG P P, WANG ZH, WANG F. Review on image
target detection algorithm based on depth learning[J].
2020,

method based on Electronic

Foreign Electronic Measurement Technology,

39(8): 34-39.

KRISHNA H, JAWAHAR C V. Improving small object
detection[ J]. The 4th IAPR Asian Conference on Pattern
Recognition, 2017, 11.340-345.

CUI L SH, MA R, LYU P, et al. MDSSD: Multi-scale
deconvolutional  single  shot
objects [J]. IEEE Computer
Recognition, 2020, 2(25) : 98-100.

JIANG D, SUN B, SU SH J, et al. FASSD. A feature
fusion and spatial attention-based single shot detector for
small object detection [ J]. Electronics, 2020, 9(9):
1536.

ZHAO Q J, SHENG T, WANG Y T, et al. CFENET,

An accurate and efficient single-shot object detector for

detector  for  small

Vision and Pattern

autonomous driving [ J |. IEEE Computer Vision and
Pattern Recognition, 2018, 10(10) :1-6.

XUFE M, BXTERE, PREDE, S5 JET Pk SSD mfiidn
i AR TR R Gt (1], B A & 5
A, 2020, 39(7) :127-132.

LIUH D, ZHAO D Q, CHEN X H, et al. Design of
detection and recognition system of aerial photography
construction vehicle based on improved SSD[J]. Foreign
Electronic Measurement Technology, 2020, 39 (7).
127-132.

JIE H, LI SH, GANG S, et al. Squeeze-and-excitation
networks[ J ]. TEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 9(42) :2011-2023.
TATE, B, BEW. A CBAM 4545 i it
YOLOV3 #aiir Bk A fnfm S R sk 1], EAbd
FEHAR ) 2020, 39(3) :1-6.

WANG SH X, HOU X S, HEI X M. Improved YOLOV3
UWB radar life signal detection algorithm embedded in

[19]

CBAM structure [ J]. Foreign Electronic Measurement
Technology, 2020, 39(3) :1-6.
CHEN L, ZHANG H W, XIAO J, et al. SCA-CNN;

Spatial and channel-wise

[21]
attention in convolutional
networks for image captioning[ J]. IEEE Computer Vision
and Pattern Recognition, 2017, 7(6) :5659-5667.
EEE N
PN, 4300 F 2012 42014 41 2018
SET E PR R
A, 3R FE B R R A PE I, 5 5w
B B AT A H AR R
E-mail: sunbei08@ nudt. edu. cn
Sun Bei received his B.Sc., M. Sc. and
Ph.D. degrees all
Technology in 2012, 2014 and 2018. He is currently a lecturer

at National University of Defense Technology. His main research

from National University of Defense

interest includes intelligent detection and target perception.
ERCGEFIE) 735917 2002 4F 2004
AN 2012 45T [ B B RS AR AT A 1 A
A A, BA [ B R R A 5

- B, BB 8 REGTIRT H BRI
E- mail; z. zuo@ nudt. edu. cn

Zuo Zhen ( Corresponding author) received
his B.Sc., M.Sc. and Ph.D.
University of Defense Technology in 2002, 2004 and 2012,

respectively. He is currently an associate professor at National

degrees all from National

University of Defense Technology. His main research interest

includes intelligent detection and target perception.



