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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,
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Fig. 1 The main challenges of infrared small target detection.

SRR 25 (B N, 38 5 AR 125 [a) 9 B 2 H s Al
TR A AL MR S HARKE Y o B R,
LUEAW/ WANER 7y Rl [ R7 N E- %2 N5 g Wise o o a8
PG 8 52 7 Jay 350 Jk 35 1 DX 3kl 22 T 2R 1 - 4 ) ok
PR HARFITS 5 Z B A0 0 35 Pk 22 =, AR s H Fr
58 RR A ESL ST HbRR il o 3k 2 TAEXT
AW, WANE R 7 iRl KT B N E B Ay v | I g 3 (UK 115
SEM . B TIA R ik B T & RS
FRAERENR , 4 AR RS  BARTEAR L Jry 85 1 1L el 21
AN % 58 75 vk 52 [ 5 A5 A0 S 50 BR ), X LA i
Hic 22 742 1 37 5001 LA By 7 3508 5 A e 46 1 O 1Y &
A NI R BORE G AR R .

AR, B TR 3K Bl B TR BE A 2] IR AE LA
s E ARSI S 045 2 Tz O . A LA
A 0 2 A 40 B A SR R AR 2T X 2 S T LA
3 R BT HERR A B AR I 7 7 DA S I TR R
PRy MG o8 v . LiuZE NS T 2 2 8
PLAELLAM /N B b i v i g B 7 Al A i3 1 —
A5 ZTRE 2 2 BN, 38 o EcE 5K 3l 1 o7 =Xk
17 7 v s 2, RS T 00 A0 A T AR . Meln-
tosh 58 Nk — L HR 2 T 38 F B Al 7 125 Faster
RCNN"™", Yolo—v3 " Ay FIPERE , A3k id i H A
G 00 E 2 A4 B ) AR AT 1) B AT DL AR UG T k20
HTERESE T .

VTR, HE T R 3 1 B ARy sy 1 4
WA MR s, R IE A LR B NME R
B H A 57 R 2 R 5 T I R JS 220 H AR Bk
KIEAE N AT SS o Dai 55 NI T 288 — 5L
T EMG 53505 A2 4h /s B FRda i 1% 26 (Asymmet-
ric Contextual Module, ACM) , /T35 1 T — 4> % B

BT SO Bk 2 ke 4R R 2 TR T2 B R RRAE
fEE o Tk, Dai 5 Nk — 2D B0k 7 ACM, il
TPREA% G 51k v 4 Jey B8O L 32 o L ARL Rl A A i
Sgrh B T — R AR AR PR R AR R S B i o i
WL YN LRAE LR UG T i — D Ry PR RE SR T, Ab,
Wang 55 N K £LHM/IN H B kR A0 X 37 79
FAES5 , BV A 0 238 41 55 FUIG i R 41 55, OF
K H A AR BT 28 W 2% (Conditional Generative
Adversarial Network , CGAN ) S B ™ FAT- 45 2 1]
AN I o (B AR R, Li S N AR IR
27 20 AT 208N B AR I Y % o), Bl iy 2
SR BAR IS Z2 00T RAE H bR 228 Z 8] 9 4] 57
KFR o NP NS, B BUmas e ATt
T AT AR B IF RL S T R R B £L AR
H Fr % I M 2% (Dense Nested Attention Network,
DNANet) . %77 1518 i %5 48 HReiE 52 B AN S 52 3 A
B R ) M iR ok AE R /N H PR TE TR )2 I 45 14 v i
i) SO, DT AT R4 4 H B R E v 60 J2 0 SUAR R
SMZ R . 2T AN R R B SRS
W LU A5 ER RS T WA RO R T

(CEni N €L e R iU riw: AR AN = B 7Y el
TR T EY LR, SR, B TR G T
P o A A A I P B e = 0T S RS 2 N FH AT
PRI SR s RS RS R, AT
BIABEFE R AL b, 42 1 —Fh 45 5 RS Rl S5
FIRER=WAR - R h i EAR A N S 7 ol N
(Light-weight Infrared small target Detection Net-
work, LIRDNet) , 1% [ % 5% H e d B R AIE il 45 55 4
I iR AT LA Ay ARG T ) 2%, 7 DR R A 0 4 7 114 [+
B A AR b 9 /B R S B 8 T i I R
FEN

1 WL

1.1 B4

A ) 2 235 Ky 305 1) 25 ML 1) S B 2% — A 2 5
3, RPU RIS . AN 2 T, i 28 DL ST ET A1 /)N
H bR G AE N A, 265 X SE AT RRAE B B, RRAE
il 1 X) Be 2 ) AR R TN 245 B AT SR st
o L29WAR T REREG U L BIR G R
RS AT sl 15X Br A i A EUR A T3 |
B 5 AL SRR . SRS, TAL B S 1Y) [R5 bk
N2 AR AR SR UL e i A7 2 RO YRR
PEUL . H2 DOk, AR 1) 12 7E G ) 2 R i i gt 22 (1] 2
1788 15 ROBEBRBRAZ B, 15 )2 18 SURFIE RIS 218 X



1104 EANP /RS I 3 S 3= ¢ 4%

it i 2% (Encoder)

RE>S

1265 RS RPALE i 15 M

(Cross-layer Feature Fusion Module)

.
EETIAEIR R
B2 B RIZTA /N H AR I 9 45 25 7 T P

R

BRI 12 I & AR

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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Samples of eight connected neighborhood clustering

have intersection area, they are identified as the same target
ID.
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Fig. 6 Examples of (a) original images and corresponding qualitative comparison results on (b) Tophat, (c¢) 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 units (Smart Phone—

Chip, PC-GPU)

Tk ST HEHRRSR] /s PRAISTAEL /G
DNANet-Light KIL800U 0.322 1.88G
DNANet-Light JBELRE% 980 0.211 1.88G
DNANet-Light ~ Nvidia 1070 0.102 1.88G
DNANet-Light ~ Nvidia 3090 0. 005 1.88G

LIRDNet KIL00U 0.198 1.43G
LIRDNet JBEI% 980 0. 097 1.43G
LIRDNet Nvidia 1070 0.076 1.43G
LIRDNet Nvidia 3090 0. 002 1.43G

A A T A A0 0 U 2 ) X L Bk, B ACML,
ALCNet, 2= SCJT 42 H i LIRDet 75 AR OS50 L
H/NA S B R TS T R ARSI SR

WSLCM MSLSTIPT
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(1Y BAM #E BN AE £ A 46 BB 22 J5 AT 0 8 HLARIS
UERRAE G 58, A5 R 2 B FRARFAE B 2 5 7 [
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R VA AR 2L 407N B b i 550 7k 7 55 B 3 8
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DU A Zo P g 0 3382 0.0 (42 JBECIRE 980 K FIL
800U HLAfiik 1070 HEfik 3090) b (kAT T SEPR
FHHR B MR, SCu el T an 2 4 R, TTig e R g
O R i 2 3l PC il , A< SCHE HY Y LIRDNet 1Y
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DNANet-Light T 04 R [R] , 12225 RIS UE T A3
ACM

DNANet-L LIRDNet

3DER  TUM3DME FUNSDHMER FRAMSDHE FUMSDHME FNS3DHME FRM3DHR

BT AR AN 6 Bt A 7E NUAA-SIRST [ # 3D o] M4k 4% 5t L &
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

B A B A BT A A S Bl A I 2T 1 1
MBHE . ASLR BT KB R & SR T AA R
LI APP ) JE X 2% FF FE https://github. com/
YeRen123455/Infrared—Small-Target—Detection.

F6 BAMRIREVHRISIIRER
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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H AR B AR B RS 5 3 51T R o, Ll
LR T TR 55/NE bR PSR S R R, AR
TR JE 2 > Bk, LIRDNet % 5 24 37 5 19 15 1 fig )
HoE, H B X 28 HARZE A, i JoIE 28 A B s &
FICALE H BRI H bR 038 I fig
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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-
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