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Ship object detection based on SSD improved with CReLU and FPN

Li Huihui', Zhou Kangpeng’, Han Taichu'

(1.School of Automation, Northwestern Polytechnical University, Xi'an 710072, China;
2.Chinese Flight Test Establishment, Xi'an 710089, China)

Abstract: In remote sensing images, ship objects have the characteristics of small size, slender shape, close arrangement of multiple
objects and high similarity between classes. The existing deep learning object detection algorithms have low detection accuracy for small
ship objects, and are prone to error detections and missed detections. In order to effectively utilize the remote sensing image information
and improve the accuracy of small object detection, the SDNGV ship data set is constructed, and an improved single short multiBOX
detector (SSD) ship object detection and recognition method based on concatenated rectified linear unit (CReLU) and feature pyramid
networks (FPN) is proposed. Firstly, CReLU is added to the shallow layer of the SSD network to improve the transmission efficiency of
its shallow layer features. Secondly, FPN is used to fuse the multi-scale feature map used for detection in SSD step by step from the deep
layer to the shallow layer of the network to improve the positioning accuracy and classification accuracy of the network. Experiments
demonstrate that the proposed detection algorithm has good detection accuracy, the improved method has obvious effect, and the
detection accuracy of small ship objects has 10 percent improvement.

Keywords : object detection; ship detection; deep learning; convolutional neural network

ey EU BRI B0 T B TR R LA S
P ZE BRI A B EARAG AT 25 rh 268 AN, T 0413
5 51 W REHS AT AR A RO B ARAR AT 550 16

AR R R 06 30 1 B AR, PR S B S m IR U R 2 DN FRR R 3, 2 A 0L
PRI AE B R 2 R R T BN X TEFE 5, HARE s I R TS 5 T T
MR AE SR LIE BRI UG B AT i i) e e 5 A MR P 55 TR e B 5
FERAR AL o AR B IR IR BRI, 1% SR AR R TR RS JEE , oA S R T

0 3

il

i FE H #:2020-02-25  Received Date:2020-02-25
* JEATH  FER [ ARBHFIEA (61333017) T H ¥R B



184 %/ L £ ¥ R

Fal1E

SRS RINRYNE RecRS NE B 7 ialll = X723 W pil P AN E R AN IR Rl 7S
ZATZARINITE o B X B B LA B ARG
T BT, AR 7 5T PO 2% A R AR 17 A AR Kol
( ship data from network, google earth and videos,
SDNGV') 5 A iy 552 I Ve 11 BRI S5 22, 6] HE 4G D) 5 72
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Fig.1 Schematic diagram of ship object down-sampling
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Table 1 Classification distribution table of SDNGV data set
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Fig.2  Object size distribution in SDNGV data set
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Fig.3 Corresponding relationship between Nol and
NoS in SDNGV data set
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Fig.4 Raw image data in SDNGV data set
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Fig.5 Schematic diagram of the annotated data

in SDNGV data set
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Fig.6  Effect of existing object detection algorithms
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Gy SR SR SC . B AR, 13X R G A G
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PRI :
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Fig.7 Realization of CReLU in CNN
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XTI R 28 0 4%, HL I 2 0 2 R AE B3 A
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(a) Schematic diagram of feature pyramid network
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Fig.8 Feature pyramid network
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Fan & 9 FIF 7, R 266 B 4G 35 1 38 A1 119 32 2 D00 2 7E
backbone HREARFRAEAT B0 X Az ()6 12 | 8
Tl A R 2 R AE R B T W A R, B — A
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Fig.9 The network architecture
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1
L(x,c,l,g) = F(Lmnf(x,c)) +al,, (x,l,g) (2)

A NOWSE M IR A BRI 5o, = 1 FoR 5 i eIt
T AN p (M EIE (ground truth, GT) ILHE, 75

W, &t =05 S22 8 A5 BETINIAE ;1 S SE B0 HE IEAE AT 1
PO E TG B 8 GT AL E S50, o 2t 58 IR IE
wEH 1L,
BAEERL L“W}Téﬁﬁ Softmax Loss, & X UIF :
v
L, (x,¢) == «hlog(c!) = ¥ log(c!) (3)
i€ Pos i€ Pos
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x|-5,

4 ZWHER

SIS BB 2R R 45 R CPU Intel % 3% £ %1, NVIDIA
GeForce GTX1080Ti; 24 #4554 Ubuntu 16. 04 LTS ; %4
45k CUDAS. 0 il cuDNNS5. 1 ;¥R 22 S fEZE K Caffe,

SVE Y i A bR O K FE 2 (. ( mean average
precision, mAP ) F1 B 5K [&] B A F R I 1 000 K (1) 3F- 2
EETe
4.1 VOCHIBEBENIWERSHH

f£ Pascal VOC 34 [ 40 AR SC 6 A sk, il
ZBAEEE ) VOC 200742012 trainval , 3&E 5 S VOC2007
test, LTI A, SLIGEE R AN 2 R .

®2 VOC HIREHRWE
Table 2 Experiment result of VOC data set

) 26 254 CReLU FPN mAP/% KA/ ms
SSD 73.138 4 22.155
SSD+CReLU VvV 73.233 2 24. 107
SSD+FPN Vv 73.348 3 23.530
AR Vv vV 73.870 8 25.443

M2 W LA, 7E SSD By FERE F 43 %S CReLU |
FPN CReLU+FPN(AC) , 7EA5fE VOC $4i 45 19 mAP
FHELT SSD Jy i 48 $ v , A SCHE HR (%) i et , T
T0.732 4% ,HJFK & CReLU 38 Jin T 325 AE A9 F 2R
PLK FPN 454 T 1R J2 W 2% 1 43 2505 R 2 0 45 1 of
EAR R IWHETE T /N B AR 1A RS B2 5 DB TR I R 4G
T ) SR A, A SCHE MR 8 AR I e 1, LR R CReLU
BN AFAE [ DR R VE A FPN v (0 45 408 P 1 2 4 A 45
VRSN T Bt a4 FE
4.2 SNDGV HBEEMNXLGER SN

F£ SDNGV | 80 UF A SCH 1k (A 550k, I 2R84 0
SDNGV Train Set, 5 iiE 5 & SDNGV Valid Set, JG i Il :
R, IR SR 3 i,

*3 SNDGV HiBREREILE
Table 3 Experiment result of SDNGV data set

W44k mAP/% A IR [R]/ms
SSD 69.235 5 22.248
DSSD 71.574 5 107. 471
FSSD 70.291 2 15.535

AR5 71.325 1 25.693

M 3 B mAP R A S ASRLAH EL T SSD §2
i 1 2.089 6% , MM IE CReLU B 1 ¥ )= 4k A A1)
FHAELA R FPN 55 7 TR 2 M 45 14 53 605 BRI 2 M 4%
B0 B AR B, T T 1/ B AR R I0KS B2 5 1 CReLU
AFPN [ 450 Z0 TH 58 I 7 A BT F ] 2 3 R
DSSD % A ]S A 321, backbone % i} ResNet-101, 5
DSSD X o, A ST 7 AR R IE mAP 5 2Z AH T Y [m] i, 4G
IR AR HERY 174, HAT 5 i Y SR 5 FSSD B AU i A
RSt 300, backbone % ] VGGNet, 45 3C 1 75 5 1) mAP
i 1,033 9% , ERARAG I 3 B2 K T~ FSSD, {H$2 3 40FPS
A Ak P J3E L 22 il J SRR
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IR, T T AN RS SR LA H AR B 7 1] 5 0 1E A
LR 4 PR
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Table 4 Recall and accuracy rates of the objects in

SDNGYV data set in different pixel ranges (the

confidence threshold is 0. 10) (%)

]2 1BRFE X 8]
Faz 2R
4544 0~400 400~1 600 1600~3 600 =3 600

Bl 53.01 71.95 73.76 91.95
SSD

E#iE 52,94 74. 47 65. 64 76. 60

HEZE  62.39 69.97 74.56 90. 69
AR

E#% 63.93 74.42 77.93 81.89

M 4 0l LA 75 SDNGV $udle 5 rh, AR SR Y
ST EAE 0~400,1 600 ~3 600 {5 Fl A B9 H ARk
Vi, A [ ARE R 23415 T SSD; X T 400~ 1 600 i [#
PR EAR , A [l SR HIE 8 R A T 5 = 3600 Y5 [ 4
9 E RS A I Z6me AT T B, T B A 288 7 SSD, HLJEL P 2
FPN DA 0 28 3% 22 A% 3 SR B RRAIE 8 17 15 B TR S, T Al T
FUBR B0 T A6 SR A o ELE R OR U8, AR SCHR Y A VR A
SDNGV Bifii 4 Xt /Iy F A B0 6 0 A% JEE By 4i T2 {2 T
Sy LI A0/ N A I FEAS A O A IR 2 R 1
10.99% ,
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Fig.10 Partial object detection results of SDNGV data set
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