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Infrared Small-Target Detection Based on Hybrid Domain Module
and Hole Convolution

Qu Haicheng, Wang Xinxin', Ouyang Jun

College of Software, Liaoning Technical University, Huludao 125105, Liaoning, China

Abstract To address the problems of sparse distribution of small targets in infrared images is sparse, the proportion of
pixels is small, and existing infrared small-target detection algorithms are vulnerable to strong noise interference, which
significantly impact their accuracy and generalization, an infrared small-target detection algorithm based on context
information fusion and visual saliency is proposed. First, the backbone network is constructed by an encoding-decoding
method, in which the encoding layer is a full convolutional neural network stacked by hole convolution, and the input
features are extracted. Then, feature fusion between different layers is realized through layer-by-layer skip splicing with
the decoding layer, and feature information with strong semantics and strong location is extracted. Finally, the extracted
features are input into the mixed domain module, and the channel attention and spatial attention mechanisms are used to
improve the feature weight of small targets to enhance the background suppression. Through hole convolution combined
with cross-layer fusion and visual saliency provided by the hybrid domain module, the proposed algorithm is demonstrated
to be superior to the current typical algorithm for complex backgrounds. Compared with the comprehensive optimal
algorithm, F_measure is improved by 10% on average, operation efficiency is increased by 40% , and detection and false
alarm rate indicators are improved significantly.

Key words image processing; cavity convolution; mixed domain; attention mechanism; full convolution; feature fusion

I3z L 2% A A B8 A IR P T e 45 A

Lol = T T T | AR R B 6 7 T TN £
ST MR — PR T B R A o RO R O B B
FeAR MR T 31ROk R L B e 4 1 G ML A1 55 /1 LB K B 2 R A ) A 5

BRI TR Ty sk SRR OL 3 . W MR BEEGE B T SR A TR KB A R SRR AR 25 S 00 R M R R T
XENL LA P BeRE RO . MR R L ZDAME T, N S B X H bR A R I o b R B R A

Wi BHE. 2021-12-14; EEBH. 2022-01-05; RHABH. 2022-01-28; MEEHAZBH: 2022-02-08
EE€WMB. U THAFTR#UEE H (LI2020QNL013)
BIS1EE . "wxxwang@foxmail.com

1010002-1


https://dx.doi.org/10.3788/LOP213224
mailto:E-mail:wxxwang@foxmail.com
mailto:E-mail:wxxwang@foxmail.com

£ 605 F 10H1/2023 F£5 A/ SBFFHE

local contast measure (LCM)" | absolute directional
(ADMD)""
homogeneity measure (MLHM)""
based contrast measure (MPCM)"" A & local intensity
and measure (LIG) "4 | 3X 50 1k 9 R |2 2 Ak A% T X
TR0 UR I SR RN AR B0 MR A I R OR B 2 . ZLANELR
M AL 22, AT S A R PRI S o B v S R e
NI oL I S TR 1 05 < S T N L (£ 1)
21 top-hat PRI VA, AR KL ZRF AL
B RRAE I Bl X RS ok U BE ) A BR ELX A 2R
TN E BRI R R 2 L W o R i B AR
B A5 L 30 2o AR Rk A 6 I O i A A 4 2 ] 4
e, ot FH 905 T Y S R 0 i ORL 1 OR B IR A5
SEEL/IN B AR B9 A I T AR, 40 infrared patch-image model
(IPIM)""' #l low-rank and sparse matrix decomposition
(LRSMD)"™ o PR R B 43 fige 7 2 36 AR A7, i DA Ot
KBV E R I 5 TR B 2 BRI K

1% 8 B 2T A1 55 /0N B b A DN B 12 e B AOME N T3
THRME Sk 2 4 I HAE R 2218 5T B 2 s
MR GAR BT, MREY TR THAREARK.
G WK P e SO0 A T S Al R B A 2] BRI
AR B8 T . 2 0 i ] 4 AR Rl
B2 (FCN) R HAS R, 4n 5] A4k R 51 9 SegNet
SEVE 0 Bk BR PE 42 28 84 1) UNet ™ 2L & UNet+ +
VLA PN T/ BARK I . BRIt =Z A 2
o A G 71 2 S A 3 IR O N = I 7 1 I (S
MDvsFA cGAN™ $ 3k o 5 26 8 1 2 > B 1k 9 46
AE 1 5 SR BOR I AL T Ak

AR SC 3 B ST ARART R R A T R X Bt 21

mean difference multiscale local

. multiscale patch-

infrared small
target detection ——»
network

h

1

SRR AT /N BARRE I ol T R B R A, R AE BT
BRI ) HARTE SR B RS e AR N IR R T 2
A — AN SR I A BRI e e 2T A Dk B g
SERRRPE BT 2 bR BT AR A A0 BE B BB,
T I DA BERAIG . DRt 21 A H0 e R R — TR
HA PR SO AR o 24 IR B 2 ST HOR G R 4
2 R B AR AR B — S 32 A A RS R R
W 28 25 M BT A O R, 2% B AE N TR s A7
FERTEE K o 1 L FCONY 25 & 08 0 o AR e iy 20 4h /N B
P G B 9, 32 RTS8 25 A BT, B2 P AL /IN R EE
fIE B 42 B S 52 T Re 1855, JF IR D AE X 52 20 &t
FR £ A0 PRI AR G 0 e 75 RE 0 #5022 o MR 2 I A T 1Y M
S AR SO M A5 s ) 4 BB 2 I RO 1 G B -
7 B it o7 3, ) 28 1 45 FR AR 4% )2 2 BT L B 2
5 B O AT A 2 22 ) R AR Rl 5 R SUAE R R
23 )AL 8 A5 B . 25 IR & 8, 70 5E 1 A (8] A
NG =W RIN D N RS T 0 S W S ! A T e
FGR I 2 o 254G X SE L H Al I 45 119 J2 B50RD i i
BOIC A it T AR RE A S B /N H B 8 HRAE
{5 B AR, A X L S50 W] 0, BT i v 3] s TR B D) 4%
TEIBAT R VL R G PP 48 A B X L Hofh 5 i A
T
2 Priffik
2.1 ®WiMTE

B B SR R gy e an e 1R o i e, B RRAE
# B B B infrared small target detection network

(ISTDN) X} a5 A & O $E47 35 5630036 Fn H by 38 58 | 5 i
#%?J‘-Elzl Slo

RIS X AP Rl S
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Table 1 Design parameters of encoding-decoding

Combination Layer Kernel _size Stride Padding Dilation In_channel Out_channel RelLU _param
CBL_1 3 1 1 1 3 64 0.2
CBL_2 3 1 2 2 64 64 0.2
CBL_3 3 1 4 4 64 64 0.2
Encoder CBL _4 3 1 8 8 64 64 0.2
CBL 5 3 1 16 16 64 64 0.2
CBL _6 3 1 32 32 64 64 0.2
CBL_7 3 1 64 64 64 64 0.2
CBL 8 3 1 32 32 64 64 0.2
CBL_9 3 1 16 16 128 64 0.2
Decoder CBL_10 3 1 8 8 128 64 0.2
CBL_11 3 1 4 4 128 64 0.2
CBL_12 3 1 2 2 128 64 0.2
CBL _13 3 1 1 1 128 64 0.2
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Table 2 Dataset expansion mode and details

Dataset Synthesis Mosaic augmentation Total Training set Valid set LSNR /dB
IR _GS Dataset N, 10000 9900 100 2.83
IR_GMS Dataset v v 15000 14950 150 2.96
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Table 3 Comparison of experimental results of typical deep learning model unit: %
Dataset Network Rypi R ccision R Ry, Speedup
MDvsFA _¢GAN 1.48%107° 0.740 0.380 0.502 1.6X
Deeplab_ResNet 7.32X10°" 0. 240 0.189 0.212 5.1X
Fen8x_ResNet 4.23X10* 0. 380 0.282 0.324 2.8X
SegNet 4.36x10" 0.581 0.350 0.436 1.6X
IR _GS Dataset
UNet 3.21x107" 0.526 0.390 0. 448 1.2X
UNet+ + 3.16<X10°* 0.624 0.414 0.498 3.5X
dilation 5.64x107" 0.723 0.403 0.518 1X
dilation.CBAM 4.53x10 ¢ 0.747 0. 445 0. 558 1.2X
MDvsFA _¢cGAN 1.04x10°° 0.683 0.500 0.578 1.6X
Deepl.ab_ResNet 4.44%x107" 0.330 0.342 0.336 5.1X
Fen8x_ResNet 5.01x10°* 0.452 0. 286 0. 350 2.8X
) SegNet 3.49x107* 0.607 0.489 0.542 1.6X
IR_GMS Dataset
UNet 3.86x10 * 0.597 0.465 0.522 1.2X
UNet+ + 3.17x10°* 0.584 0.483 0.529 3.5X
dilation 5.46x10" 0. 693 0.542 0.608 1X
dilation. CBAM 4.71x10°* 0.670 0.588 0. 626 1.2X
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