.@ ﬁ‘\i t % N S SCOPUS, Z5EHTI
~ - A E., REE E

Journal of Applied Optics

B YOLOX-SHYZLA MY B AR v

Aot g Sy Mg

Infrared ship target detection algorithm based on improved YOLOX-S

LOU Shuli, WANG Yan, GUO Jiangin, GONG Weifeng

FIHASC:

SR, oA, A, 45 oY OLOX -SHILLAMILAY BARRHINEE L), BTG, 2023, 44(5): 1054-1060. DOL: 10.5768/JA0202344.0502006

LOU Shuli, WANG Yan, GUO Jianqin, et al. Infrared ship target detection algorithm based on improved YOLOX-S[J]. Journal of Applied Optics, 2023, 44(5): 1054-1060.
DOI: 10.5768/JA0202344.0502006

TELR I BE View online: https://doi.org/10.5768/JA0202344.0502006

T RO HA S R

Articles you may be interested in

ETHEBAGHS EETRE M B B ISNERRE T

Depth estimation of monocular infrared images based on attention mechanism and graph convolutional neural network

R, 2021, 42(1): 49-56  hitps://doi.org/10.5768/JA0202142.0102001

FT W2 RS MR 3 B 3 H AR

Salient target detection algorithm based on dual-channel multi-scale pyramid pooling model

I FHYE22. 2021, 42(6): 1056-1061  https://doi.org/10.5768/JA0202142.0602007

ETHEWFE B RA Y H AR5 B

Object detection and tracking algorithm based on audio—visual information fusion

NI 2021, 42(5): 867-876  https://doi.org/10.5768/JA0202142.0502007

FETRIESLAMAN B ARl i35 St el #iy
Semantic SLAM based on visual SLAM and object detection
R, 2021, 42(1): 57-64  hitps://doi.org/10.5768/JA0202142.0102002

ET I AKXGPURLL AN/ BN E .

Infrared weak small target detection algorithm based on embedded GPU

I3 2. 2020, 41(5): 1089-1095  https://doi.org/10.5768/JA0202041.0506004

S EMRER AWUHFE RS KIS EER R Ik

No-reference image quality assessment method based on visual attention mechanism and sharpness metric approach

I3 FIE2%. 2018, 39(1): 51-56  https://doi.org/10.5768/JA0201839.0101009

PSEE (EFAVIN

Jo
S
an
e
¥
,E?t
=
il
E


http://www.yygx.net/
http://www.yygx.net/
http://www.yygx.net/cn/article/doi/10.5768/JAO202344.0502006
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0102001
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0602007
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0502007
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0102002
http://www.yygx.net/cn/article/doi/10.5768/JAO202041.0506004
http://www.yygx.net/cn/article/doi/10.5768/JAO201839.0101009

55 44 4 5 5 4] B Ot % Vol. 44 No. 5
202349 H Journal of Applied Optics Sep. 2023

X E 455 :1002-2082 (2023) 05-1054-07

otk YOLOX-S B9 41 AMIE A B b5 A6 ) 2 vk

E ST ANE NS - =3 RAPAS 2
(1. ME R WS 715 520, IR ME 264005; 2. IR B TR AR 7505 TRZR, ILE FF R 250200;
3. EIRLAE IR 45 2% A4k B R B K L SE 86 3, IR TR 250101)

o F MRS B ARAR I 5 R R AR RALF R S R R e A TR B R AR T
AAEFRESL ., AP AL LR T L SMALAE B AR A 0] 64 4 B Ao ik P A, 42 3B T % YOLOX-S
8 L SPALAS B ARAR M ok L B B 5 NIR A T 4 & A& AR (depthwise separable convolution) 4%, % FPN
(feature pyramid network) & YOLOHead 7% £ % #) ¥ 49 45 4o 5 AR, AR A 69 S 4% ; £ K 5] X ECANet
BEEEANIE, R ZH MGG IEE D, EARMAS B AR 69 E A F F R A G142 A CloU 4t & &
B, T REMEHENEARFE, EHh R, RtE f ke an 45 E (AP) & 5] 98%, |
ik JE A 56 M /s, AF Y B AT YOLOX-S 3 %, Al ik & 5 -F ¥4 2 o 5 42 7T 6 Wl /s Fm 3%, HAEAL
IeirEA, FIRLERASIENARILIE RO T EREAH LD R B AN AIE S,

K38 LTSN ALAS; B ARK M IR E A AUH R R

th B 43S : TN219;TP391 XHEkFRERE: A DOI: 10.5768/JA0202344.0502006

Infrared ship target detection algorithm based on improved YOLOX-S

LOU Shuli', WANG Yan', GUO Jianqin’, GONG Weifeng’
(1. School of Physics and Electronic Information, Yantai University, Yantai 264005, China; 2. Department of
Electronics and Communication Engineering, Shandong College of Electronic Technology, Jinan 250200, China;
3. State Key Laboratory of High-end Server and Storage Technology, Jinan 250101, China)

Abstract: Infrared ship target detection and recognition technology is the key technology of infrared imaging
guidance for anti-ship missile, which is of great significance to the guidance performance of weapon
equipment. For the accuracy and speed in complex environment, an infrared ship target detection algorithm
based on YOLOX-S was proposed. Firstly, the depthwise separable convolution (DSC) was introduced to
replace the traditional convolution in the feature pyramid network (FPN) and YOLOHead residual structures,
which could reduce the amount of parameters of the model. Secondly, the ECANet channel attention
mechanism was introduced to improve the attention of network, which could reduce the false detection rate and
missed detection rate of ship targets. Finally, the CIoU loss function was used to further improve the detection
accuracy of the network. The experimental results show that the average precision (AP) of the optimized
algorithm reaches 98% and the detection speed is 56 frame/s. Compared with the previous YOLOX-S
algorithm, the detection speed and the average precision are improved by 6 frame/s and 3%, respectively, and
the model is more lightweight. The experimental results fully prove that the proposed algorithm can effectively

complete the infrared ship target detection task.

Key words: infrared ship; target detection; attention mechanism; loss function
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