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Abstract: The existing infrared small-target detection method based on convolutional neural networks (CNN)
exhibits the problem of a limited receptive field in the encoder stage, and the decoder lacks an effective feature
interaction when fusing multiscale features. To address the aforementioned issues, in this study, a new method
is proposed based on an encoder—decoder structure. Specifically, a vision transformer is used as an encoder to
extract multiscale features from small infrared target images. The vision transformer is an emerging deep-
learning architecture that uses a self-attention mechanism to capture the global relationship between all pixels
in the input image, thereby effectively processing long-range dependencies and contextual information in the
image. Furthermore, a dual-decoder module, comprising an interactive decoder and auxiliary decoder, is
proposed to improve the ability of the decoder to reconstruct small infrared targets. The dual-decoder module
can make full use of the complementary information between different features, promote interaction between
deep and shallow features, and better reconstruct small infrared targets by combining the results of the two
decoders. Experimental results on widely used public datasets show that the proposed method outperforms
other methods in terms of two evaluation indicators: ', and mloU.

Key words: infrared small target detection, vision transformer, multiscale feature fusion, encoder and decoder
structure

AVINEBR Cinash B e b H AR L H
FREE) Al — R R EEAUES, e LTSI

it

0 35l

ks HHEA: 2023-05-24; {&iTHHEA: 2023-07-11.
R ROTF (1974, B, o+, #9%, FENEDI G RG K SOPC AR RZBITS5HF K
WBEEE: WA (1992-) , B, 4, P, FENELAVNERR. DFEARE S . E-mail: hlcysxxy@163.com.

1070



46 B 9 Vol.46  No.9
2024 %9 H AR TFFEE: F T Transformer F1UFED 28 FIZL AN B ARG 7515 Sep. 2024
B4, g IS, L ARERERI, LD AMTEBIRIZI AN Wei SR —Fh 2 RS T Hep s b 7 54, >H$

AR ] S *Httﬁ?—fﬂy‘ﬁlﬁﬁﬁmﬂ,mﬂ, AN
SVNEBREA IR R R E S, AN ERRERIG T
Prf B R GAERA R, EECRIN— R, =
B ) RO AR RRAE o« AR 4 [ bRt 2 TR
(Society of Photo-Optical Instrumentation Engineers,

SPIE) XZLANINEFRIIE S /AN HAR AR RS AN T
81 12 ZHI/NT 256 X256 [ 0.15%05), HK, 21%@1%
T R AA RS E R, WIRERY. HEE.

1 (Z=)Z) FIRG S SRR . fﬁ%jbamﬁ:_ﬁ

ZLAhN B AR T IR BRI Bk, A5 58 R
RETE D, MELLBERAI . ik 1 PR, 20800
HrEG T HAr 58 SR BUE &, 40 HirdcE
S HAS, RS AR SRR K, B

TR ] A AR T AS U £ A0/ B 20 R R

| %
@ o (© @

K1 SN B RSEBREAR . (a) @FDHE S RIZMN
HAw, (b) HWHEH S TLIMNER, (o) Fii# =T
HVNEFR, (d) Th(sRE)E R LN ER

Fig.1 Some samples of infrared small target images. (a) depicts
infrared small target in building background, (b) depicts
infrared small target in sea background, (c) depicts infrared
small target in land background, and (d) depicts infrared
small target in sky background
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Fig.2 The network architecture of two typical methods. (a) the GAN-Based method and (b) the Encoder-Decoder-Based method
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Fig.3 The pipeline of our proposed method. The overall architecture in (a), the auxiliary decoder (AD) implementation process in (b), and

the interactive decoder (ITD) implementation process in (c)
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N2 R BAA — SRS, AR AT 7
AR, SRA T PyTorch MEZEHH (1) FE R %L, i %2 15
JSF (Resize) KB H—4k (Normalize) LR &
B K& (ToTensor) 2, #EAT UGN~
M EE, S Has)E, Frf FIEsRE NEg—m
T, B 352 X352 (R R/ M . XIS — R~
BT RO 9 2 B Ab BRAH [ RST AN, FF4R it —2
(IRFAER N, I B A H 34T 20 4108 B AnAss il o
2.3 TN IEER

ASCAE L HFH BP0 48 bR ok DG 25 B RV (1 R

MHBE . RP Precision, Recall, Fi 1 mIoU. ‘EAI1HIE X
W
Precision = P (10)
TP+FP
Recall = P (1)
TP+FN
P 2xPr c.:c'1s1on x Recall (12)
Precision + Recall
oU=— 10 (13)
TP+FP+FN

Ao TP KRGS IR TR B ARS8 = 3
FP AL TN A B AR R S8 R 8= FN K
GRS R HhRE RZ = SRR e
1 Precision Fl Recall, & —/ M2 A H PPN FE b -
AIEFE AR N EZR RV bR IR, N T
AT PPAL AR Z5 5, IR R T RN ToU 119
SFIE, Bl mloU, 1ER5—AEEM T FEFR.
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2.4 XSLESERGFNLER D

T E B A ST 1) 7 VA R R R N 2k
REET M LEEYERE, RTEWIERE T 2 MIETH R
JERNEE T IR BE 5 2 B 7 ¥E AT X H, A% Top-Hat
+ LEF (Local Energy Factor)
IPI (Infrared patch-image model) **), MDvsFA-
c¢GAN (Miss Detection vs. False Alarm-cGAN) [12]
ALCNet ( Attentional Local Contrast Network ) 6]
LSPM (Local Similarity Pyramid Modules) ), UIU-
Net (U-Net in U-Net) [ DNANet (Dense Nested
Attention Network) U315, S5y 7T A LUEE, ASCHE
A IE] () B B b 0] 5 TR 25 2] (1) 7 VA AR [F] 1) 2 A4
NRATUZGIAE 3 DA AR AT
2.4.1 ISTS-DATA #i#lifE FHILLER

H4E, ACLE ISTS-DATA $ii4E Ext ik 5%

(Top-HatTransform) !¢
[28]

BT T AT R, PEASEAIE 4 M EAR BT
ReRIM. IS, AT HAMMIPE AR, AL
AT T PR SRIG AL, FRe & SR nT WAk e s 7E
4, NER1HATBLEH, ARSCHT7ELE ISTS-DATA
BIEEIRE T I Fr (0.7032) A1 mIoU (0.5384),
SRR BENLA . s, AT
TIRES M, AXWITEEERIILS . F 56
# 8T Precision F1 Recall 1T Bk MTERE . KL,
FL—M] Precision A1 Recall FEANGEUERGHLITEANT 51200
UFIR. tedn, TPT 193] 1 %1 Precision (0.7537) {H
JEHIE T Recall, FZAH1F Fy IMMEARMK. 1A ST
FTVEREWEALE Precision A1 Recall 22 1813 1R I 1747 o
tbAh, MR 1 RRTLAR R, R s B AR 75 v
(1 RE B AR T3 IR S I 7

(a) Infrared (b) Ground (c) Top-Hat  (d) LEF

image truth

(e) IPI (f) MDvsFA-cGAN (g) ALCNet (h) LSPM (i) UIU-Net (j) DNANet (k) Ours

B4 AFETHEFATIEE R 2, ORI GRS SR IEFIE B iR, R INE H AR AR B A

Fig.4 Visualization results of different methods. Boxes in red, yellow, and blue represent correctly detected targets, miss detected targets,

and falsely detected targets, respectively

F 1 AN[FEEELE ISTS-DATA 4 b1 scihss i1

Table 1 Experimental results of different algorithms on the

ISTS-DATA dataset

Methods Precision  Recall Fi mloU
Top-Hat 0.5106 0.2202 0.3077 0.1536
LEF 0.5071 0.2745 0.3562 0.1675
1P1 0.7537 0.3452 0.4735 0.2036
MDvsFA-cGAN 0.6335 0.6562 0.6447 0.4686
ALCNet 0.6658 0.6641 0.6649 0.4995
LSPM 0.6559 0.6762 0.6659 0.5078
DNANet 0.6233 0.6876 0.6539 0.4857
UIU-Net 0.5969 0.6972 0.6432 0.4740
Ours 0.6858 0.7216 0.7032 0.5384
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7t ISTS-DATA ##i4E e e thic s R 4
FIim « BATIE R T 4 sk BA AR SN N HREIE,
Was 1A SRR E bR A . X L8 R A 45 i
i R T LRSS SR WAAMNE bR
FHFRRIRIEEE, BRI E, HR&S
I MERIR S FIOTIERI TS R . B 4 Frs g5 R
ALLE Y, EARELHE TopHat F1 LEF 76 N (4% 45 77 i
Af DAAERA A U AN (R 1S e R L0 A B ds, H 5
ITEARVISR TG M R B R T o IX R BIE G 7 15Tk
AR b 5 5o, R, FTIREI0
J5 3%, 41 MDvsFA-cGAN. ALCNet. UIU-Net A/l
DNANet, 12382 [FIFE 7] . i H. MDvsFA-cGAN
TFIRAFAEIRARE 0 R, & TR B 4 = Z R 40
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SVINARR . ASCHITTEAEA R b B 74 A
R R ., TR Transformer H%mfY 2875 E
ZLAN /N H b EUR 10 2 R RFAE I 7T LU EHE BT
BRI IR RHATK IR R AL, MR R ZL 40N B
PREVRFIERR R« WAk, ASCHITTER AL T XU 45 A5
Be, WTRAFE A IAS R R B IE (W A EAME B, JF
BN FRHEZ [ A H., MEE LA B AR T7
T I HH B A 1R
2.42 NUAA-SIRST #1 IRSTD-1k ERJHLE:
N T WAEASCR T ZAGRE Sy, k4% T 3 b
H A3 TR B 22 21 Tk LB e gk 19 77 (LSPML,
DNANet 1 UIU-Net) #EAT . ASCHITTEMEL E
3 RIS TE ISTS-DATA $d 4k FilZE 5
AR DUATY EREAT I, Se4E RNk 2 P
%2 AR/ NUAA-SIRST F1 IRSTD-1k $¥E4E b (1) szt
ESE
Table 2 Experimental results of different algorithms on NUAA-
SIRST and IRSTD-1k datasets
NUAA-SIRST

IRSTD-1k
Methods

Fi mloU  Fi mloU
0.7313 0.5764 0.5516 0.3809
0.7065 0.5462 0.5207 0.3502
0.4976 0.4998 0.3331
Ours 0.7609 0.6202 0.6238 0.4517

WiER 2 M RATUURIL, ASCHREH T AAE
NUAA-SIRST Fl IRSTD-1k X P4 - #R LB H
T BRI B o 7E NUAA-SIRST ##i4: |, 5H
fin 3 FPOTIEARLL, AW TERE T &N F
(0.7609) Al mloU (0.6202). iXEbk 5 B A S firfg
H ) 5 VR AEAS [R) R B 4 E 30 e A TR PR W 1 e
2.4.3 RS

PRGNS J, AT AR B SATVELE 34
e FRIMAAER KM ESR . X P2 T T Rg i LA
NIEFE TG

B, FHREGTE RS HNRE. @M 3
AR 46 BEALIE R L0 A B b G an il 5 A

LSPM
DNANet

UIU-Net  0.6645

N, ATLVEBIAFREIEEZ RS SRR ER. 1
NUAA-SIRST #lafad, Hiz5HE s R ZEREHN
B, S HARR T4 g/ . SRif, 7€ IRSTD-
1K F1ISTS-DAT ##aserf, BURRIE SEmME S, i
H/N BB R, X415 BHir S5 stz M X 4
BONEAME, SBUSEBITEIXA AN EEEE ORI ZE .
FOR, BRI TS SRR H bR e . AR
3 R, AT LAE 2 ISTS-DATA 1 NUAA-
SIRST WA E L 4 2L oh /0 B ARG 3 27 528
AL, HHF S R EHREER . 4R, 78 IRSTD-1K
MBS, FEEZMZ HbsER. HEIhp
AN, BLRY AT RETGIE 76 A HERA HOAS I s 18 1
A A NE bR, MR 7RISR . teah, 7Rt
ﬁﬁ%#&WTﬁ%uﬁkﬁ%%mgﬁ s e
Ny R R AR A SRR A . X —
#mvﬁTﬁifﬁﬁﬁ%Lm#@ﬂ%ﬁi

(a) ISTS-DATA
K5 R e s B bR -G L

Fig.5 Comparison of infrared small target images in the test

(b) NUAA-SIRST (c) IRSTD-1K

datasets

R3 HHRER TS

Table 3 Analysis and comparison of Datasets

Single object count/Multiple

Dataset Quantity/pieces Background type Small target types )
object count
Land, Clouds, Buildings,
ISTS-DATA 100 Land, Aerial, and Marine Targets 75/25
Ocean, et al.
NUAA-SIRST 427 Clouds, Buildings, et al. ~ Primarily Aerial Targets 365/62
IRSTD-1k 1000 Clouds, Trees, et al. Mainly aerial and land targets. 655/345
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gibpnd, BGEPEREHRREE. B5sRR
DA K B b B A5 2 5 SO R AE A [R) H s 4 BRI 2=
FEERER . XL R 2 R ] RS EUR AR
SeHE AL IR IX 4y BARFIS 5, ANITTISEMA 1A
WIPERE -
2.5 RESEELR

DN BRI Ry 352X 352 1R &RT, R
B2 & (Params) VT 551255 & (floating-point
operations per second, FLOPs). X848 H T 1F
BRI AR . ARYER 4 AR, 5 )UMIUR R E
FOITNEMEE, A7 B A B I FLOPs. X &
WRAE AT JT 1k B AR E . 5 GRS
ST RAESR R 5 AR, ARSI J7 2k 3 T4
. Transformer 728 KIEH 2 REERHIE. TERFIERE
B, WA MBS, AR T BERIN
KA P B T RFAE G &R AT 2 2D T S 30
Hes o i 2R T A9 Transformer 1M 4%, BERSTE
PRFRF R Aar 4 e 10 [E] s A 1 AR AL PR S R FE

x4 REFATNESHENT RIsHEHER

Table 4 Comparison of FLOPs and Params of deep learning

K5 AFREBURRETH F

Table 5 The value of F'1 under different loss functions

Loss Function F1
BCE loss 0.6675
Focal loss 0.6758

Improved focal loss (Ours) 0.7032

methods
Methods FLOPs Params
MDvsFA-cGAN 988.44G 15.23M
ALCNet 14.52G 8.56M
LSPM 233.31G 31.14M
DNANet 53.99G 4.70M
UIU-Net 206.08G 50.54M
Ours 8.84G 7.18M

2.6.2 iy LLEs

NTIAE PVT {EASASS LHE I REERFIER)
PERE, ASCHAT TXTEESE . 7E LMERILIANIN B AR
REFE A, B VGG16 BY ResNet50 2545 45 451
PREE N2 AE gt a8 AR I 2 RERHE . R, 81
VGG16 Fl ResNet50 735l &4k PVT, FEAEAH R HE
W E NEATX L, AR AL PVT 1E A YmiLEs 7t
ZLANIN BRI PR RE R B . X BRI X EL SE TG e 6E
e S N R o AW WANE B ol e )= A e O
B, HE— B HIR PVT %455 h LA R 77

SLIGAERINE 6 Pin. WBIEE 6 Mg RTUK
B, R PVT 1EASD2S LRI RERFEM LT
ff i} VGG16 Fll ResNet50, FEAGIIM:fRE L HA HEH
Mo Rl s, A SRR H 7 VETE ISTS-DATA £i4f
£ EHUS T B A ERE, Fi o 0.7032, B VGGL6
AT ResNet50 ¥J#&7+ 1 0.03 /4.

6 AIEGIGEIITE B L

Table 6 Comparison of different encoders

Encoder Fi
PVT (ours) 0.7032
VGG16 0.6714
ResNet50 0.6774

2.6 HE4SDIG

FEARATH, FRATE Je AT T 458 5% oR £ 1) V8 i i
5, CAVPAS HOO R MERE I DTk . HE ROk, RATERAE
TR E AU A R
2.6.1 R RELER

JE T EE SIS SR 3G UE 23t Focal loss HIH R
BARTI S, fEINZAEES 5 5k H 7 BCE+ Focal loss
HMIZET Focal loss D342k s, SEIRZE Rk 5
ffiz~, ML BCE #%%, Focal loss 8BS REE miis:
MITERE, ¥ Fi 1 0.6675 $&F+ 5 0.6758. {HJE, A3
H i FH (1 2503 Focal loss #0128 BUECTEVPAN 48 AR Fy 3R
DLl SHAMPAEUR KB, %40k R EL R
U Hh3E FH 2040 B s kST 55 . 7E Focal loss H ¥
IR EE PR B % A A B B Sy e o R RE AR, H B
FHEFHRIPERE o
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2.6.3 fiEhE LLAL

AT L SEER AR AL 7 PVT. &8 B AUAS 25
(ITD) FUHEHERDES (AD). A T PPk 38 B U 3%
oIk, FATHAT TSRS . B, EH Dk
o, JRATR A TR TR AR B B A R I R S S
(Feature Pyramid Network, FPN) K& ITD, Ffifit
SEIGMIAR . SEIREE RNk 7 fios.

£7T AEIEZEIMERE L

Table 7 Comparison of different decoders

Methods Fi

PVT +ITD + AD (ours) 0.7032
PVT + FPN + AD 0.6706
PVT + AD 0.6565
PVT +1TD 0.6831
PVT + FPN 0.6652
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WRIEZR 7 45 AT %0, ITD ORI BEE T FPN.
FHECT FPN, ITD REW% 5 i Hb R FAS [ A4k 2 [a] (1)
AME R, FEE R E BRI TR B RE 2 (8] I 78 0 2
B @R ERRE 2 A 45 S22 ., ITD RS 55 b FPN
TERFIEAR AR & A Z . IXFE, ITD nf DU &
A HE B AR AN B R SCE R, ATER s 1A )
TERRE NG . ) — A ERIe e 2458 B AR D 48,
XA P A B AR 28 AT SE00 . SR 7 (45 S AT DARA &2
F, AR TR B R R Rt — R TR
AR 28 A PRI B . A A B AR 28
B TEVE 78 70 R RHE Z M A AR B, S EUHIER)
KAERE 152 R HeAh, R 7 HRgsEIR gl Bl m, B
AR A B AR 2%, (UAEH] ITD B¢ FPN . Rg68 5K
P AT I RE . SR, AU AD IR FEA
1, B AD BH¥ZRLE 1ok B 4nhd a8 1) 2 R,
MAH % FERHIEZ B BEAEH . Mtk , 1TD #l
FPN #8758 1 FRAE 2 (A 45 B A2 B, Tt 7Rk
[IZRALRE /1. SRTT, TSI ITD i6 42 FPN, £ & AD
IO, Rl REAEAE 2200 . X ULEH AD X2 s 4L
SN BRI RE T A — 2 HIYEMH . AD BLHEAE
ITEAEE FPHE 2 REERHIE, 4 17X LeRe e (41
Fifg BANE WS K, 5 ITD 8% FPN 4 Bik1T3 N,
MITHEF: T HRFAIE FIRAERE 7T XU 7 U Bh T
fire 2% BE AT B AN L0 AN B AR, B AT RE .

3 4RiE

AT T —FOE MU 7%, R TR
Transformer [ 26 1'E Ay 4 L 2% 1T XA AL 2% 5 B e S
ZLAN/N B bR R . e, AR SO A AR T AR
Transformer HIMZEAE Rgmidds, HTHREE RER
fiE. 5EGMERBRIEANR, ZXRET BiEE L]
()9 A 25 R B aF Al SR R I & R AR &, N
A ERHERIRAERE /1. IR, BT BB RS 2 A
AJ DASE B R FH 22 ROBEARFAE 2 8] 1) BLAME S, R E3EAS
7] ROBERFIE 2 [ A B, LATE AF i E A L0 A0/ N H b5
ARICHAT T OB SIS B TV A Rt . FE AL
AL BRI T BT dt 7%, I HAEARE
AE S ERA B A RE
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