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Abstract Owing to the fault and leak detection problems caused by complex scenes and diverse scales in remote sensing image
ship detection, a lightweight ship classification detection method based on improved YOLOv5s is proposed herein to realize real-
time rapid ship classification and detection despite limited equipment computing capability. This method applies a lightweight
and efficient channel attention technique to the backbone feature extraction network to obtain a novel feature extraction network
with an improved ability to identify ships in complex remote sensing images. The feature maps with different levels obtained
from the feature extraction network were input into the weighted bidirectional feature pyramid structure to optimize the fusion of
high and low stage features of the backbone network, and experiments were conducted on the ship dataset of remote sensing
images. The results show that the mean average precision of the improved network model has increased from 83. 9% to 89. 2%
and the average precision for detecting aircraft carriers, warships, civil ships, and submarines has increased by 1.6 percentage
points, 0.9 percentage points, 8.8 percentage points, and 9.5 percentage points, respectively. Additionally, the average
detection speed and network complexity are considerably better than the other algorithms.
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Fig. 2 Efficient channel attention module

15 0 HE RO A 8 R TR R A R Y, R
HRELER, 5Dk LR (L0655
AP WL AR 5500 A A R AR, B0 G T 5 s T LA Sk B it
S5 5 [V 32 SR PR o A A — 051 L i ) R L s 55
PRSI, A5 BRG] BB AN 5 53 4h L
TS 2 AP & 2 R K, # IR E G D AR
Tl AR AR B T DX 43, 00 458 o8 0 o 4 A1E 1) 9 TR M
JEI K . 7 YOLOvVSs 2= 1 W 2% 42 B 90 46 47 4iF
PO A e PR R AR AN L B Z R A R SRR AE T
P, %2 7 5 0] AAR TH 0 45 b B B4R AR G (R &
A CH ECA Bl A YOLOvVSs H, $2 7 43 25 46
MR . 7R DL FT IS b o R AR Y OLOVS (1 3 il
G B gty it )9 — 462 (BN) J5 T in A ECA 45
A LA 8 R TR 5K Ay L 4 I8 46 % - Bk A A R I DGR R

BE o SCERL20 ] b 2 i X Fp o7 ik o) A BT A £, 3k 31
A ECA G544, it 48 7 i W s S 8 it UfE £ 1
FFAE 2 B 2% v C3 B J5 i A ECA #2834 4>
ECA 25y , LIS HR A Z 10 16 B0 T 9 45 fig i 7
T b X A R 22 [ A B AR T, DT SR AR A A AR AE
it i o0 28 XoF U A RRALE Y BE TR O
2.2 BIFPN #t

H T 25 2 Z W5 B WG 7 7e R B 2% > W 4 th &
RHEE ARJZE bR E B 2 R H S 2R E TS L
5 BERZ S Fw o B & K2 R R flA 7] 31, Lin
SEVUHR T FPN SRS AN [R) K /IN 8 4 A, e R R AR
TR 5/ ROBERAAE BT SR FRSS AT A 8T & 9F,
SER BTN A 3(a) TR o Lin %" 1 T PANet DL 45
AR S BE KR S W2 Z R L% . YOLOVS

® o (b)m O L)
F2 2 O I
. )
. J
5 f

F4 O >
F50—‘l—l‘—

B3 FHES T ML () BGRHE 4 FIE M4 (b) MARRA ML (o) 2 B BOMALRL & 4 5 55 M 4%
Fig. 3 Feature pyramid network (FPN).(a) Traditional feature pyramid network; (b) path aggregation network; (¢) multi-stage weighted

fusion pyramid network
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Table 1 Experimental results under different K unit: %

K mAP AP, (Aircraft_carrier) AP,(Warship) AP,(Civilian_ship) AP,(Submarine)
1 85.8 95.0 95.8 68. 3 84.0
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5 84.4 94.6 95.1 66. 4 81.4
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Table 2 Experimental results under different number and location of modules unit: %
Experiment No. Number of modules mAP AP, (Aircraft_carrier) AP,(Warship)  AP,(Civilian_ship) AP,(Submarine)
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Table 3 Performance comparison of different detection methods

Method mAP /% t/s Weight /MB
YOLOv3 84.6 0. 2870 235
SSD 89.7 1.622 92.1
YOLOvVS5s 83.9 0. 1861 13.7
EB-YOLOv5s 89.2 0.2070 62.7
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Table 4 Comparison for average accuracy unit: %
Method mAP AP, (Aircraft_carrier) AP,(Warship) AP,(Civilian_ship) AP,(Submarine)
YOLOvS5s 83.9 97.3 94.9 62.8 80.8
YOLOv5s+SE 85.9 97.8 96.0 65.3 84.7
YOLOv5s+ECA 87.4 99.2 94. 4 69. 1 86.8
YOLOv5s+BIFPN 86.5 94.0 94.3 66.9 90. 8
EB-YOLOvV5s 89.2 98.9 95.8 71.6 90. 3
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Table 5 Comparison for detection speed and

network complexity

Method t/s Weight /MB Layer Parameters
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YOLOv5s+SE 0.2216 14.1 256 7237281
YOLOv5s+ECA  0.1998 13.7 240 7062013
YOLOv5s+BIFPN 0.1996 15.7 236 8128517
EB-YOLOVvS5s 0.2067 62.7 252 8128529

M4 R 5 PIEH 7 YOLOvVSs [ 4% f il A
44 ECA B3t 16 )22 W 4% 2 805 . 2 $oa (U3 n
124> FERE R /N e 0 SR 3 56 A Ve AT 18 i Lty I,
S YERE N T 3.5 EH A X IE T EET
A 42 B 4% Tl A EC A 5 B g % 1 35 B2 7 ) 2% %)
PR A R AR 9 O 1 B, DAAR ARG A 31 B8 WA 4 T ) 2% 6T A
WSROI BE 175 55 40 B YOLOv5s i Neck #2315 20 N
BIFPN B , o] LLE B AR K /NI fin 2 MB, 76k
) B [] 56 AR V5 A 1G5 B0 R T 2 (AR BE R i T
2.6 E 3 AR R AP (A AS R4 T, R R 5
UE T BIFPN AR B 57 4y i 6k A [ RBE A A H b R AF 1F
AT, B2 T I 45 % A [R] REE A 04 & g ) ECA
B RS B2 3 BIFPN BEH 22 0. 94>/ 49 s, K il 80 2R
PE TN B, Ud B 2R R RS S 2 T BN A
REAE AN B 308 R A58 T A0 A RU A A [ B A 58 1 5 ) )

SIASERHA L T 5] A ECA B, M2 25 . 285
AR R ASCEE BB L JRORG B A R AR G DU A ]
hin, BE— A S 56 2 1 56 E ECA Bl flt T SE il | B
PER TS S G [0 B | WNTTRO 8= SR /iy i
G ) B 0] 35 A 2 A HG 0 fRE F, m AP Ak £ T
5.3 E 43, RHURE VAL R VA Y AP (E 43 B
L6 E DA 0.9 A 8.8 H 4 9.5
AE o, HR TR ELE TR KU B AR K5 K
T, 3 TE R AR K, W A A B R T R /N RO H A 2
TR .
4.5 MEXLIEE F MR 3TEE

K 5 78 YOLOv3.SSD . YOLOv5s DL K i A %
L= S A I O ol O R I Y N S B 1 I O <
YOLOvV3.SSD L & YOLOvS ¥ i i %5 5 18 B A7 78 5%
Shy B S ) T R R A R AS (R I O T T T vk
TUIEB G WA TS bl LA 2], A ECA B 5
A 10 550 g b ARG 00+ 155 SRR LA A B L A B I 4 v
AL B, 76 AR A AR B B, % ROEEAS {2 4 19
EI% UK 7% 5, i A BIFPN #5585 fE 6% 16 0 1 R B
BE/INI VR A, GIFE B BIF PN RS B 38 58 7 a3 (IR RUBE R 1E
Pl T FRAE GilA AR I Hi i e 7 3 PR A5 A A ) e
Y % i s S5 UM B AR AL I ROE ARk £
R SR A TR ARG B TR) B, XTI 5, ) LA U R
I IE ECA FH AT BIF PN AR B X 328 8% 45 M0 34 1
1) 5T K

1628008-6



original image

YOLOv3

SSD

YOLOvVbs

YOLOvb5s+ECA

EB-YOLOvV5s

$£59% £ 16H1/2022 F£ 8 A/ EBFFHE

PS5 IR TR] 5 i G I R
Fig. 5 Detection effect of different methods

5 4 1w

P T — R T Bk HE YOLOVSs (16 2 3 JE& R 4R
K 43205 v o AE 32 1R AE B B R 25 B B, 78 4 S I
FRAE R BUZ 5 Al A ECA B H il 32 R 4% 28 H A5 F Y
REAE, B0 G VR AL H AR FRAE ; AR AE AL A B B L 51 A
BIFPN A e, 58 vk 2 ] B 2 04, Gl 2 J5 iR A7 A
MR HAF Rl A RS RO B REAE o 7E 18 TR RS A
BOdE 4R B HE AT 0K, X T R O ik Y R I 4 SR T
YOLOvV5,YOLOv3,SSD & ik fE X} [t o 50 50 45 R 5=
BT« e e %) R % R LA of iy L R S G ) S 3 K R AR
H A [R) 28 ) A9 A A, AR A TR YOLOvSs B3k, 4 i i

LA T B MBS s AR BT G H s A I 50k, B
& 77 1 TR R A A I R 300 2 A 0 245 A5 R RIS LA K
G IHS JEE b 2 3R B IR, A S e T R AR A A
I 37 5 52 A RUBE A A 22 R L 10 A T A R BE A8
TEBC 35 T AE ) 32 PR LGS G 0 3 J32 5K sy Y B 5 5
T RS UL A T S A bR T AG N, i B e K ] A A A
T TR R R 17 41 A0t 5 10056 45 D 1 19 2
IR Pt I B R B R B PR RE AT T S T L H
AR SCRKG A2 AL 532, SOHs LA 23k U b 2 0 ]
AR o BE— B 3T o AE R AR, —Jr
FEMLARCHE 5, AN W7 =F LA AR AR I 2R REAG
N0 S R S P o 288 B 2 A RS A AR LA A S Bk

1628008-7



$£59% £ 16H1/2022 £ 8 A/ EBFFHE

s 55— 7, i Bk — 2 P TR A RO R I PR IE A
TG JE — A 00 3 B8 SRR, A T T O A ) K
JE LI PR VERG o AT A%k S T

(1]

(3]

(6]

(7]

(8]

(9]

Z % X #

ZEREN], FRSE RRW], B BT IR R ) RS (] 3 A Y
U] Bt SOt Tk g 2021, 58(20): 2028002,
Li Z M, Cheng L., Zhu D M, et al. Deep learning and
spatial analysis based port detection[J]. Laser &.
Optoelectronics Progress, 2021, 58(20): 2028002.
TRWETT, REVEAY, B Gk TR E K ES A B AR
6L £ 3R [T]. LR 2224, 2020, 35(5): 637-647.
Zhang C G, Xiong B L, Kuang G Y. A survey of ship
detection in optical satellite remote sensing images[J].
Chinese Journal of Radio Science, 2020, 35(5): 637-647.
Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and semantic
segmentation[C]//2014 IEEE Conference on Computer Vision
and Pattern Recognition, June 23-28, 2014, Columbus, OH,
USA. New York: IEEE Press, 2014: 580-587.

Girshick R. Fast R-CNN[C]/2015 IEEE International
Conference on Computer Vision, December 7-13, 2015,
Santiago, Chile. New York: IEEE Press, 2015: 1440-1448.
Ren S Q, He K M, Girshick R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.

Redmon J, Divvala S, Girshick R, et al. You only look
once: unified, real-time object detection[C]//2016 IEEE
Conference on Computer Vision and Pattern Recognition,
June 27-30, 2016, Las Vegas, NV, USA. New York:
IEEE Press, 2016: 779-788.

Redmon J, Farhadi A. YOLO9000: better,
stronger[C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition, July 21-26, 2017, Honolulu,
HI, USA. New York: IEEE Press, 2017: 6517-6525.
Liu W, Anguelov D, Erhan D, et al. SSD: single shot
MultiBox detector[EB/OL]. (2015-12-08) [2021-03-02].
https://arxiv.org/abs/1512.02325.

Redmon J, Farhadi A. YOLOv3: an incremental
improvement[EB/OL]. (2018-08-08)[2020-11-05]. https://
arxiv.org/abs/1804.02767.

Bochkovskiy A, Wang C Y, Liao H Y M. YOLOv4:
optimal speed and accuracy of object detection[EB/OL].
(2018-04-01)[2020-11-05]. https://arxiv.org/abs/1804.00276.
Ultralytics.  YOLOv5[EB/OL]. (2020-06-03) [2021-04-15].
https://github.com/ultralytics/yolov5.

TEMS, =i, TARIEE, & 3F YOLOV3 Iy 62 2 &
5 H prda i Bk (7] BOk 506 75 3 e, 2021, 58
(20): 2028006.

Wang P, Xin X J, Wang L. Q, et al. Object detection
algorithm of optical remote sensing images based on
YOLOv3[J]. Laser & Optoelectronics Progress, 2021,
58(20): 2028006.

TRaat, TAE . 3l N e A X3 A i T 4 Y T U T 45
A AR A [T]. BOt 5Ot B 3 e kR 2020, 57(24):

faster,

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

1628008-8

242805.
Xu Z J, Ding Y. Ship object detection of remote sensing

images based on adaptive rotation region proposal network[J].
Laser &. Optoelectronics Progress, 2020, 57(24): 242805.
Liu S, Qi L, Qin H F, et al. Path aggregation network
for instance segmentation[C]//2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, June 18-
23, 2018, Salt Lake City, UT, USA. New York: IEEE
Press, 2018: 8759-8768.

Liu Z K, Wang H Z, Weng L B, et al. Ship rotated
bounding box space for ship extraction from high-
resolution optical satellite images with complex backgrounds
[J]. TEEE Geoscience and Remote Sensing Letters,
2016, 13(8): 1074-1078.

Wang Q L, Wu B G, Zhu P F, et al. ECA-net: efficient
channel attention for deep convolutional neural networks
[C1/2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), June 13-19, 2020, Seattle,
WA, USA. New York: IEEE Press, 2020: 11531-11539.
Tan M X, Pang R M, Le Q V. EfficientDet: scalable
detection[C]//2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), June 13-19, 2020, Seattle, WA, USA. New
York: IEEE Press, 2020: 10778-10787.

Woo S, Park J, Lee J Y, et al. CBAM: convolutional
block attention module[M]/Ferrari V, Hebert M,
Sminchisescu C, et al. Computer vision-ECCV 2018. Lecture

and efficient object

notes in computer science. Cham: Springer, 2018, 11211: 3-19.
Hu J, Shen L, Albanie S, et al. Squeeze-and-excitation
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(8): 2011-2023.

PR . BT YOLOVS (¥ T8 A B A7 6 v 48 s 4 2% 1
ZR AR [D] )M )T AR Tk KA, 2021,

Jiang H Y. Multi-defect detection of insulators in transmission
lines for UAV aerial photography based on YOLOV5[D].
Guangzhou: Guangdong University of Technology, 2021.

Lin T Y, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection[C]//The IEEE Conference
on Computer Vision and Pattern Recognition(CVPR),
July 21-26, 2017, Honolulu, HI, USA. New York:
IEEE Press, 2017: 5936-5944.

O, B, D0, AT R LS B RE R
Fili A B9 Y OLOVS fi HL & B SRS 0 [/ O L. v [ g AL T
2 ). 1-12[2022-02-09]. http://kns. cnki. net/kems/
detail/11.2107.tm.20220126.1718.008.html.

Hao S, Yang L., Ma X, et al. YOLOVS transmission line
fault detection based on attention mechanism and cross-
scale feature fusion[J/OL]. Proceedings of the CSEE: 1-
12[2022-02-09]. http://kns. cnki. net/kems/detail/11.2107.
tm.20220126.1718.008.html.

YN, ), AR, AL R TG YOLOVA Bk i =
W35 H BRI [T]. B0t 5ot v R, 2022, 59
(18): 1815003.

Li W G, Yang C, Jiang L, et al. Indoor scene object
detection based on improved YOLOv4 algorithm[J].
Laster & 2022, 59(18):
1815003.

Optoelectronics  Progress,


https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.00276
https://github.com/ultralytics/yolov5
https://github.com/ultralytics/yolov5
http://kns.cnki.net/kcms/detail/11.2107.tm.20220126.1718.008.html
http://kns.cnki.net/kcms/detail/11.2107.tm.20220126.1718.008.html
http://kns.cnki.net/kcms/detail/11.2107.tm.20220126.1718.008.html
http://kns.cnki.net/kcms/detail/11.2107.tm.20220126.1718.008.html

	1　引言
	2　遥感图像舰船分类检测模型
	2.1　ECA模块
	2.2　BIFPN模块

	3　实验数据及处理
	3.1　评价指标
	3.2　实验平台
	3.3　数据集

	4　实验结果与分析
	4.1　通道注意力卷积核K取值实验
	4.2　添加ECA模块数量以及位置的对比实验
	4.3　与其他方法比较
	4.4　消融实验
	4.5　测试实验图片效果对比

	5　结论

