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Infrared small target detection based on multi-feature fusion
combined with graph representation learning

DENG Jiakun, YIN Yizhuo, ZHANG Yanbo, LONG Chang, LI Kexuan, CUI Xingye, and PENG Zhenming"

(School of Information and Communication Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract: Infrared target detection is one of the core technologies in infrared search and tracking systems. In
complex backgrounds, infrared target signals are weak and there are numerous irregular sources of interference,
which can easily lead to false alarms. To address this issue, this paper proposes an infrared small target detection
algorithm that combines graph representation learning and multi-feature fusion. Initially, morphological methods
are used to extract candidate target regions. Then, considering irregular false alarm sources and targets are difficult
to represent visually in a coordinated manner, the candidate target regions are transform from the image domain to
the graph domain to extract both handcrafted features based on images and deep features based on graph
representation learning. Finally, a fully connected network is used for feature fusion and classification, thereby
filtering out the false alarm regions and obtaining the target regions. The performance comparison experiments are
conducted on a public infrared small target dataset, and the results show that the proposed algorithm has good
detection performance in complex scenarios.
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r, = min ([ /0.001wsh], wo) ©)

A, w o AR N BB B SR & T e 1380
N wo KRl KHFRIR %%, X8
B 11,

X Tes JEAT LA O B0 AEL (1) 10 M 2 0145 20 55 /N B A5
PR B pw. ofHE S =R ke, @
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JiR B e UK 5 R B0 B TR XS04 D 6 3G X
I(i)d’ rcj"j:

P = max(2max(w?, 1Y) + 1, wo) 3)
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BEEFZ —, KILET IO RET 4 48R4

fif, BFEHF (Area) K (Perimeter) . B
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LA B AR R R Y, HAR S R s K
AR X A LS H bR A R OB . i X
Iignd@/éTT A X 30 R B S Xl BT
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Area Pixel area of I(Cl;{ 1
Perimeter 1

Pixel perimeter of Ig%{

» Ratio between foci and major axis
Eccentricity . 1
length of target region

Circularity 4nArea/Perimeter? 1
StdTgtlnt Standard deviation of intensities in I(T')G 1
StdBgtlnt Standard deviation of intensities in Ig)G 1
AvgTglnt Average intensity in ]'(rl()} 1
AvgBglnt Average intensity in 11(3i)G 1
AvgFulllnt Average intensity in Iél;n 4 1
Contrast] AvgTgtInt/AvgBglInt 1
Contrast2 AvgTgtint-AvgBgInt 1
EntTgt Entropy of I(Tlé} 1
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FBCARFE (0.9715) o {ESERME, DPF FIEL
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REAE $2 B (8] 5 4% e AiE 32 AR EE 3 0 1 1~2 £%
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B, MR RHEZ A I SRR w201, P 2EFE
KIVF AT
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®2 ETAEHFHERREX S KB A MRELLER

> 73/2 Eg EI%?E/E\‘;QEEE E/‘J%ﬁ“—%lﬁ ° ﬁuﬁ 2 ﬁﬁﬂi\‘ , IR HEE AUC R 2R Fl1-score Time/ms
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D, GAT %5 JZHF AL -SNE Al ML AL 45
RANKE 5 Pros, BEA W EGREERISE I, RRAER) )
REIIB LI E: 5 12 GAT LR X 70 & Hx,

Mzt 3 /2 GAT Ja, KEZHH A RE S i B
BN . R BIRIIE T AR IR 52 21 5
R R

o . © False Alarms
5.:::" o d@edae o o Targets

710 H

¢ False Alarms
° Targets 10 F

sE=¥ e False Alarms
.. “¢ © Targets

-15

K5 #%)Z GAT $F4ERY t-SNE A4k

243 RAKHNHE L

x 3R T AXHE LS A J7 AL NUDT-
SIRST. IRSTD-1K 1 NUAA-SIRST iX 3 AT %1
e LI LR s R . S 50 L AR T
Rt L B i (LCMY, MPCMED) | TG

Bk B B o R 10 7 % (IPIF, NRAM'™. RIPTY,
PSTNN®™, MSLSTIPT™) . # F CNN /) 77 ik
(ACM", UIUNet'”, MDIGCNet®, RDIAN"",
ALCNet"'"", RPCANet™) DL K 5 15 1% [X 43 5 1)
Jrid (LCI™

®3 TRFEEEFEERSEER ML

NUDT-SIRST IRSTD-1K NUAA-SIRST

ik H bR H 5 Jick H bR H 2 R B bRAdE 2 R

(x10™) (x10) (x10™) (x10) (x10™) (x10)
LcM! 56.82 1309 67.12 1237 77.89 123.8
MPCM™ 66.14 116.0 68.73 65.12 80.06 51.43
1PI®! 74.49 41.23 72.28 37.28 8327 38.92
NRAM" 56.4 19.27 71.44 20.12 74.52 13.85
RIPT! 91.85 3443 91.15 161.3 79.08 2261
PSTNN® 66.13 44.17 89.14 23.79 77.95 29.11
ACM"! 95.97 10.18 90.57 92.64 91.89 28.51
ALCNet"" 96.51 9.261 92.58 69.45 96.57 30.47
RPCANet"™? 96.14 28.73 89.35 43.90 95.62 4721
MDIGCNet™ 96.67 37.28 91.25 40.38 93.65 56.84
LCI™ 90.64 9.833 91.35 1226 92.38 14.27
RDIAN®” 94.51 22.81 91.57 36.44 94.42 58.58
UIUNet!™ 95.12 7.91 90.91 20.21 92.40 18.99
A T5% 95.28 6.95 92.16 9.12 95.78 10.03

=3, EAUEIPERE B I RN, IR PERE
FTFRIZERR. REW, T RMRT L ER %
15 H br o H 2 A0 R Ay T R R AR, Hod
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