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Small Infrared Target Detection Based on Fully Convolutional Network
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Abstract: In the field of aerospace research, such as in small celestial body detection, missile guidance, and
battlefield reconnaissance, because the target signal is weak, the number of pixels occupied is small, and the
target lacks shape structure and texture information, traditional algorithms with manual feature extraction are
prone to false alarms, whereas deep learning methods with powerful feature extraction capabilities cannot
train tiny targets that lack contour information. In this context, a sliding window sampling training method
is adopted, which originates from the idea of nested structures in traditional algorithms based on human
visual characteristics. A fully convolutional network using recursive convolutional layers is designed to
extend the depth of the network without increasing the training parameters. The multi-branch structure of
the network’s parallel convolution structure simulates the multi-scale operation of the traditional algorithm,
which can enhance the contrast between the target and the background. Additionally, various loss functions
are designed to combat the serious imbalance between positive and negative samples. The results show
that the algorithm achieves a better detection performance than the traditional algorithms.

Keywords : infrared image, dim and small target detection, recursive convolutional layers, fully
convolutional network, background suppression
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Fig.1 The illustration of sampling window with size 3 and
sliding step with 2

12 %REBRRT

MERIS B, AERIR B E] LA ST 2 AR
TR Z IRHRE . FEMR IR Z A P25 8 (deep
residual network, ResNet) M, i Beikig s, #
RURT LA — E R s fan i, AR A B S A5t 40
Hb— )z . ResNet (1) 3= BB AR 2 A% F ik 22 5 21 Sk fi fk
BRIZMEEBIZR, AE DA IR 6 o 2 2 i ol 7 72
SR DA G AR A

FREEANZ N 4 % th ik ZZ U i), fEIR 2
JE AN B R T g g < Bz RO
GO FBRAR TSI T B R A 7 0. @ik
XU ZEIHEBAE—#E, A DU — N AR5 R
&, BMNRRA X, AR ZE R ILRIRN:

X =o(F(x,W)+h(x)) (2)

A RERERITMRE: hX) & —MEEIL .
h(x)=x: W j& — 4 EZH; ok/r ReLU 0% B 4L
F (X, W) & 225 ) (R 5% ZE WL o 0T HE I AN 82 1
FEARTRZERIG, WA
F(X,W)=W,o(W:Xx)

A Wy MW, 0 AN B R IRE S 4. @
TS IR LE R, ME—A 152 24, ResNet
fE ILSVRC 2015 73 KTE 4P IR1IG5E — 4.
1.3 BIIER

TR B3 5 AL 2% (deeply recursive convo-
lutional network, DRCN) MfE 2L Ry, HinE £
PINEZZTI AT ZHSH, XS FHRE

Filters W Filters W
Conv/Rell Conv/Rell

Filte:
CorfR

MG TR AL Al E RS T )
e, FAEM LRI T 16 ANM#IAE, BA AR
MMFERERSE, KPS R P AT ER
BAE I A 2 BSME IS5

weight layer

relu

weight layer
¢ relu

2 WML (L) FRRZEHRMEET ()
Fig.2 Left: general network, Right: residual network™
XFTRA DA EIHZ RS L, AT A
T AR AL T AR [ P ACE W AVRAE S 40 b 3 )45
PRItk 3 s, € g NI IA B
AN HEHERREL H IS ZE R
g(H)=max(0,W*H-Db)
55 d AN IHZE F S H BT O
Ha=g(Hg-1)=max(0,WxHg—1+b)=g" *(Hy)
=g"(H) @)
Ko ot FoRIBLN d KIEAR
1.4 F-CNN M4
F-CNN 2 —Ffh B M 4%, H Tkl 2o sr B
IG5/ B bR, € R BRI 2% B 32 SRR R E B
e R 24 R WOEE N O IFRBRARFAE B AT o DX 25 11
iy NP5 R STl 48 X 48, F-CNN f 45 ¥ 4n Pl 4 R,
E RIS UL . 36 AR HORT B A R A .
L5 NGRS RN B G RS8R, AT M
25RO SH R, RES R BUR Y 2 IRHIE
EIEA G GRES B E N BRI 1.
BRIRERP K s=1 FIFRIHER p=1, MNEZER
SRR EWNR 1R, EX T f 0B R IESE
B, AR, B AR iR A
RS- Bl b5 MEREKA 1, B
RN 3 BB Z AR . P 2% S5 K6 2R F 22 1> G Bk
/NIRRT IRBUEY 2 i R E. 2,
X NIy 48X 48 i AN EIR, Wi bi(i=1,2,-,5)
A& EERIZSHL.

Filters W
ConvfRell

@)

15

[ 'I:\ H — | —»
Va2
NS

# of recursions=D

s ' i . -
.;' [ ) |

All filters are 3=3

K3 BRI EIT 5, ARG S RN R AN RS I 2

Fig.3 Unfolding recursive module, the same filter W is applied to feature maps recursively
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Fig.4 Anillustration of the F-CNN architecture
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Table 1 F-CNN architecture for semantic segmentation

Layers Output size | Layer configurations
[3>< 3,32}
x 2
Feature extraction 48X 48 3x3,16
[3 x 3, 32] x1
Recursive block 48X 48 [3x3,32] x4
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R [ dul 8X 48 3x332
X
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3x3,2
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Fig. 5 Simulated dataset of infrared small targets
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Table 2 The SCR and target size of UAV test images.

Test images Imagel Image2 Image3 Image4 Image5
SCR 4.009 2.337 8.378 4.411 2.976
Target size/Pixel 15 25 12 13 28
Original 3-D gray MS-AAGD MPCM
images distributions
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Fig.6 The representative results of different methods on five test images, the rectangles denote the targets and the

circles are representative examples of noise
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Table 3 The evaluation results of SCRG and BSF of different methods for images in the first column in Fig.6

Methods Image 1 Image 2

Image 3 Image 4

BSF SCRG BSF SCRG

BSF SCRG BSF

SCRG BSF

MS-AAGD 0.596 6.908 0.639 5.272
LoG 0.193 1526 0.773 4517
MPCM 0.793 8577 1395 8.202

0.298 3.440 0.690 6.764 0.952 6.178
0.099 1.030 0.243 1791 0.306 2.379
0.358 3547 0.732 7.201 0.985 6.401

F-CNN 0.875 8.655 1419 13.684 0.305 3.694 0.764 8.821 1195 11.137
Original 3-D gray MS-AAGD LoG MPCM F-CNN
images distributions

Bl 7 ARRWITEELINEME ERIEE SR, BRAER IR Bin, (5 B RIEE G g A
Fig.7 Different methods on infrared images, the rectangles denote the targets and the circles are representative

examples of noise
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Table 4 The evaluation results of SCRG and BSF of different methods for infrared images in Fig.7
Methods Image 1 Image 2 Image 3 Image 4

BSF SCRG BSF SCRG BSF SCRG BSF SCRG BSF SCRG
MS-AAGD 2.110 11483 0.712 18757 1.872 3998 256 6.298 1.091 16.575
LoG 0.853 4.967 0473 15559 1279 3.042 1358 3.408 0.241 4.298
MPCM 1.758 12399 2.011 96.279 1984 4.088 4.142 8333 0.966 18.781
F-CNN 2485 16.337 3.314 63.100 1.710 5.407 2.465 10.528 2.404 15.440
. [6] WEI'Y T, YOU X G, LI H, et al. Multiscale patch-based contrast
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