541 B 6 1)
2022 4E 12 A

AP RS T N K

J. Infrared Millim. Waves

Vol. 41, No. 6
December, 2022

NEHS:1001-9014(2022)06-1102-11

DOI:10. 11972/j. issn. 1001-9014. 2022. 06. 020

GZEBEREFTEMARSESMIEENERNESET
SN B Frder il ) 2%

HEF, 8%, 2 &,

ITht, KX,

SR, B B, FEH, ¥ #

(EBFRHR A f TRk, W Kb 410073)

WERE-—MALEEEREFEREGSRITEEA RN EEA BN BARRN W& 2 W &L NBE
METWMHMRT , EHAERD R R BIHTEME R EARAER B, T %5/ B AT W 24 0% B 00 v B g 1A,

SRANERFEREEAEHFEGREGREHFEZ AN DRE. B, ZNEERDE

AL Bk B AR

CERAMES S-S HBERFEENERENONEE, TRERLN, ZFNERARINHERE T LK,

UBAR S S B L AL 50N B AR

X @ W ERRN; RERRE ERERS;

FE 425 . TP753 TERARIRAD: A

AT B

Light-weight infrared small target detection combining cross-scale
feature fusion with bottleneck attention module

LIN Zai-Ping", LI Bo-Yang, LIMiao, WANG Long-Guang, WU Tian-Hao,
XTAO Chao, LI Ruo-Jing, An Wei

(College of electronic science and technology, National University of Defense Technology, Changsha 410073, China)

LUO Yi-Hang,

Abstract: This paper proposed a light-weight single frame infrared small target detection network that combined cross-
scale feature fusion and bottleneck attention module. Instead of bringing extra huge neurons, the network directly per-
forms cross-scale feature interaction between the encoding and decoding sub-networks, maintain the response of small
target in the deep CNN layers, and thus achieves the full fusion between the spatial structure features from shallow lay-
ers and high-level semantic features from deep layers. Based on cross-scale feature fusion module, a light-weight bottle-
neck attention module is introduced to further enhance the response the target feature in the deep layers of the network.
Experimental results demonstrate that the network can effectively suppress the complex background clutter and achieve
high performance of infrared small target detection with low amount of parameters.

Key words: infrared small target detection, cross-scale feature fusion module (CFM) , bottleneck attention module,

light-weight method

51

il

ZLAIN B AR DU AE VP BEIEOR T L A B2 A
A RS IR M DN A U A A T I N o RO TR R E
b, WAL LR, 208N BRI B AR RSB/ 4 it
S8R 85 IS LG b S T A RRAE, AR Hh A8k TR o

SRS B R Y valll IR EAR ] AN E R 71y oAl K=
e R EMG 0E % J77 (Filtering—based Meth-

W #s B #5:2022- 06- 13, &8 B #5 . 2022- 08- 31

od, FM) , iZ 7 I IR R TR 21 SRR A 3 2L 1 SR 410
il 75 SR A TSI HARKS 1 o Z )5, Philip 55
N AR A 22 48 (Human Vision System, HVS) i#f
1 T IRAWITE IS N ZEAE 2 58 56 1 Ja i DX I
FIAR 35 PR A 5 s 4 th 1 66 7m0 L B2 1Y E A
K I 59 95 2 (Local Contrast Based Method, 1.CM)
120 ok, 2T K RL (Local Rank Based Method, LRM)
(7T R T G T e I R AR

Received date:2022- 06- 13, Revised date:2022- 08- 31

EEWAE : [E 1 RFHAIE4E (61972435, 61401474, 61921001, 62001478)
Foundation items: Supported by National Natural Science Foundation of China (61972435, 61401474, 61921001, 62001478)
{EZ B 9T (Biography ) : MR- (1982-) , 5 WL, BIWFSE 5, Weopor, WP U A 23 [R5 BAL B G655/ 1N H ARG

E-mail: linzaiping@sina. com
" 1B 4EH (Corresponding author) : E-mail: linzaiping@sina. com



61 AP A5 45 B ROBEAFIE R & S5 S Ak 0 A B B 2T A1/ s FL ARG I 19 4% 1103

BT 2LAb N HARGI T 32 2Pk A%

Fig. 1 The main challenges of infrared small target detection.
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Fig. 2 An illustration of the proposed light-weighted infrared small target detection network
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Fig. 4 Bottleneck attention module
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Fig. 6 Examples of (a) original images and corresponding qualitative comparison results on (b) Tophat, (¢) IPI, (d) RIPT, (e)

ACM, (f) DNANet, (g) LIRDNet, (h) ground truth masks.
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Table 4 Inference time and FLOPs performance of
different deep learning—based methods on dif-
ferent computational wunits (Smart Phone—
Chip, PC-GPU)

Jii: A STH HEHRRSR] /s PRAISTAEL /G
DNANet-Light KIL800U 0.322 1.88G
DNANet-Light JBEL % 980 0.211 1.88G
DNANet-Light ~ Nvidia 1070 0.102 1.88G
DNANet-Light  Nvidia 3090 0. 005 1.88G

LIRDNet KIL800U 0.198 1.43G
LIRDNet JELR 980 0. 097 1.43G
LIRDNet Nvidia 1070 0.076 1.43G
LIRDNet Nvidia 3090 0. 002 1.43G

AH A T A G A TR 2 ) X L B35, W ACML,
ALCNet, 2 L4 H i LIRDet 75 AR O S50 L
H/NR S R TS T R ARSI SR

FPNE[E WSLCM MSLSTIPT

Tophat
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TR FIRE S 1G5 (1) P 26 548, A SCHE s 1 33035 AT DA
TERG NG BEFEARAS Z2 RO FT 4R T, B OR T B b oo G IR0
Ky Hm iz e, HIERTE TA SO
CFM B 1 322 75 2 i 21 T A A 2 =2 [|) 45 22 R
LHZIS RIS AN IC . Rl A 4
T DNANet H [z 52 R 1iE 3 568 1) D) 4% 4544, A8 SCR
1Y BAM #E HUANAE £ A 46 BB 22 J5 A T 0 8 HLAROI
YR IR R AR 3G 558, DA T A0 2 H AR R E e 184 528 114 ()
B, ARG IABIN S5

R VAR AR 240/ IN B b i 550 7k 7 55 B 3 8
;IR BN PR . A SO Z R 2L A0/ B bR g
DU A Zo P g 00 3138 0.0 (42 JBECIRE 980 K FIL
800U HLAfiik 1070 HEffiik 3090) b (kAT T SEPR
FHFRE M, SCR2s AR 4 R, T & AE R g
O F iR 2 3l PC il , A< SCHE Hi Y LIRDNet 1Y
SE R T e 3L ] 9 /) T 5 R D R R O 1Y
DNANet-Light T A4 R [R] , 12225 RIS UE T A3
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Fig. 7 Examples of (a) original images and corresponding 3D visualization results on (b) Tophat, (c) IPI, (d) RIPT, (e)

ACM, (f) DNANet, (g) LIRDNet, (h) ground truth masks.
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Table 5 Ablation study on our proposed CFM module

Method #Params FLOPs mloU/Pd/Fa
LIRDNet-Res18
0.232M 1. 184G 73.01/96. 58/24. 13
w/o CFM
LIRDNet-Res18
0.234M 1.204G 73.39/97. 16/34. 59
w/o CFM L1/1.2
LIRDNet-Res18
0.243M 1. 362G 74.23/97.16/24. 37
w/o CFM L1
LIRDNet-Res18 0. 248M 1.435G 76.47/98. 02/16. 85

RS e W RE N (R g A S 2R R
FHMNAE o A T2 50 i P B B i 2B Bk T AR R
LI APP ) JE X 2% FF FE https://github. com/
YeRen123455/Infrared—Small-Target—Detection.

&6 BAMRIREVHRISIIRE R
Table 6 Ablation study on our introduced BAM module

Method #Params FLOPs mloU/Pd/Fa
LIRDNet-Res18
0.245M 1.415G 74.52/96. 58/21. 29
w/o BAM
LIRDNet-Res18
0.247M 1.422 G 75.37/97. 16/16. 14
w/o BAM SA
LIRDNet-Res18
0.247M 1.434 G 75.43/97. 24/25. 54
w/o BAM CA

LIRDNet-Res18 0.248M 1.435G 76.47/98. 02/16. 85
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Fig. 8 The ROC curve of our proposed LIRDNet under dif-
ferent signal-clutter-ratio (SCR) values (a) SCR<3, (b) 3<
SCR<6, (c) 6<SCR.
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Fig. 9 Visualization map of our proposed LIRDNet and back-

bone network ResUnet on different convolutional layers
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