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Infrared small target detection based on cascaded nested U-Net
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(1. College of Automation Engineering , Nanjing Univercity of Aeronautics and Astronautics , Nanjing 210000, China ;
2. Shanghai Electro-Mechanical Engineering Institute, Shanghai 201109, China)

Abstract: Aiming at the problem of large size differences in infrared small targets and poor detection results
in complex scenes, an infrared small target detection method based on cascaded nested U-Net is proposed.
First, in order to solve the problem of large size differences between small targets in different scenarios,
three depths of U-Net networks were built, and the three U-Net networks were cascaded and nested to
form a detection model; secondly, contrast was used information extraction module to further enrich
feature information and suppress the interference of dense background noise; finally, the proposed
algorithm is compared with five mainstream algorithms. The experimental results show that the
performance of this algorithm is better than other algorithms, and the average intersection and union ratio,
the precision rate and recall rate reached 78.61% , 93.36% and 81.78% respectively.

Key words: information processing technology; infrared small target; contrast information; attention

mechanism; detection

s B 1. 2023-07-26.

BB HREA KRB IS H (62073164) 5 it K 4 k5 4500 H (U22B6001) 5 & ¥ 7 T KR 818 3 4 5 H
(SAST2022-013).

YER B A BEHE (1974-) , 2o, RV BUR , Wi . OF58 07 1) AR I S U3 E-mail : xueyali@nuaa.edu.cn



% 5 B, E A T RIS A U-Nettg 4 sh s B 4740 - 1715 -
0 5 = AR A R R M S AR R ) R TR 5 R T T B

20 2289, £1 A0 AR HOR TREL AT 50 2F 35 g
WAINGIR0 N I (S5 SN P20 [V i R
BB LT A AR R B S W R R 2T A IR
A E 8 PR 45 T 0 VB G BE A €8 J0 R AR BRI
FHR/NE bR . SR, FELL AP BUER /N B R
AR 25 DA by i 2 I B8 25 2% 8 i ) DA g R0, i EL
LA N B AR 0 R/NFDEIRTEAR R 37 & 2 7
FHo Wi, grbh g/ Hinry il —E2 — 1 HRA
Pk AR 55

TR R s b 2 AR L T — A
St )79 . Top—hat™®J&— ﬁ‘%ﬁiﬁ’]ﬁ} R T
5, B3 K i R 20 T ok 4 4k B Y 1
%ﬂ:ﬁ%ﬁLﬁﬂ@m%ﬂjb% B SR o B O H
P58 S RSE 22 5 I IL Va2 R . Bl 2
FATOCER/N bR 59z B 58 R 2 5, i
PE T 3T RSE AL AR % . Chen &7
T JR ¥ % e B 4 (Local contrast measure,
LCM) B E A AT br 55 S0 i Jy 30 1 EE 45 R
HATRI . Z SRR S E R TR 2 TR I
JEE (0 By i, B A sk SC AR SR 2 1R 06 R X
KA G2 T ER B ER . B LRy
2 B 2 e AT SR A F R o H s 5 5, A
W LA e e M P T PR T S5 R A 25

Bifi 5 R B2 o 2 Y 26, P TN 4% B R B R AR
2 2) e D1 A A0 /0N B A e 4R TR Y O vk
Faster R-CNN"/ [ £% () 4 1, 5 20 32 5+ 7 & T
6% 3 HE B0 3% 1 A A% 3R 5 YOL O VB8 3 fifk e 1 i
%Tl:?ﬂﬁ/fﬁi@gﬁgm YII 2 3R A8 Y ) A, (H

X 5 g TG W L N T T 208N B AR B A T
1 R BEE 28 B TR, /N H AR AT RE PR 3 b 5
ToRFEEAE T E L . Wang 7 H T MDvsFA
(Miss detection vs. false alarm) , {# F #5447l 43
SHEAT YN Z5 , LS B0 R 8 23 O e 23 1) P-4, (i

e

ResBlock ResBlock - B
A

M

ResBlock

ResBlock CBAM

i M 75 XoF /N H AR B9 52 1, Deng 45 LU AE BT BT
W2 S B ml, R T /N H AR 0 RRAEfE B s Wu
L0 g UTU-Net #4807 19 U-Net m/\?i N
() U-Net "5 1 ® 45 v, SEE0 T 42 )5 AR 38 6 L
5 B ag . (AR X S LA 5 IR B A H]
Yy N BAn RAF 225 KA, &b b (n)
AR T — I F I E U-Net(Cascaded
nested U-Net, CNU-Net) i ¥ 2% .
1 ATk
1.1 BkiEZE

ANTE R SE B b i fe te 8% sz 97 22 R ok, Rk
AN TR R JEE 1 190 25385 FH AR R RSE Y B AR o i 21 4h
/N BARAEA TR 5 v AR R R RN — BB R
ALK . BT FaR BUAR A SCHE Y B9 CNU-Net
FEZR G 1R, B i 34 AN A IR BE 1) U-Net ¢
ik EA . 15t 3J2 U-Net (2 X} iy A B4
PEAT R Z AR T2 48 42 U RF B AR R IE (S S
iU N NN E R TN OB & (=R O ¥ =X 1 =1
JS3E I X L i EORSE H  BRORT L B A S, [ B
il 25 B2 15 SRS I8 R R REAE A B RO L
15 B 3 T WL ARl A AR Ol 4 2 U-Net 1
B Ao 4)2 U-Net LUEE A W 2 45 /0 % 9 K&z
BF TR RS B AR B RRAEAS B, [ B 7 (5 2%
DB E 2 22 U-Net K By 1k i/ H AR 1R 1E £ 2K .
)i, 4 J2 U-Net ¥ 1 04 R AF B8 8 RRAE 4 7 55 il
BT 2 R R ERL G, JF i 1t i B 2
ZH A1) 8 3 3 ok SR BT H X R AIE R R AT T, 45 2
I R oy BG5S o DRI AR SR HE ) 9 246 T LA
HTHNE 49 50 F ARSI 204N B s
1.2 4$5{EREVERR

AR 3C B R AR B BORE He i 1 2 BT R S BUZ
(Conv) #tIH—4LJZ (BN) \ReLU 3 % bR B4 A,

ResBlock

CBAM ResBlock

| CBAM |

ResBlock ResBlock ResBlock
CBAM CBAM  CBAM |
ResBlock ResBlock

| CBAM |

CBAM
CBAM Sa lm

B -
ResBlock
CBAM

B 1 £TF CNU-Net LI 5h B #rie AR E
Fig.1 Infrared small target detection block diagram based on CNU-Net



- 1716 - THKRXEFF

(T % k)

% 55 %

image

B

ReLU

ReLU

E2 4FMEREVER
Fig.2 Feature extraction module
JF18 i ResNet 5% 22 45 44 1% 1 , i A1) 38 36 =5 1]
T & 71 AL AR B (Convolutional block attention
module, CBAM) 5| 5 ¥ 4% ¢ >] H SEFEAE . % &
2 34 U-Net A5 091 0L N SRR H 5 8L
BRI R OO0, O IR R S 2 B2 O ELAE
o 265 5 TR 1) [+) A i Lk o S8 TR 2R, AR SCH TN T R

AvgPooling MLP

=] —
MaxPooling
= -

Input feature

SR HEATRRAE BRI

FE U-Net #9450k 52 B A2 b, 45 Ak P i o 18
BBt A G At 3ok RS 0, T B A A AR o
& THRAE $2 JBORE Je 5 U {5 8L AY BT i, AR SCHE i A
By 4 )2 DhA 0 BT A R AR B OB B P R A T
CBAM (&l 3 fir7n ), S8R AR 09 [ 3 N7 3 5
CBAM H 2414 2 g 5050 8 BT B, i A FRAIE 1
638 3 3 T T ) FROCAT B A TR AR IS
By N\ CRPAE P AR 3Fe , PR 0 3 S R) VR R ) oA B A8
6] 732 2 A g Je AR B 3 0 B 5 Y R
TE .

SIBERE =W ST R Qe KL R B B ER ]
FREEEE, TR WAERES 2 )2 B [E
A, T AR IR N

W.(Input)=o¢ [MLP ( Avgpool(Input)> +

MLP(Maxpool(Input))} (1)

o WOk — 4 E I ACE  MLP O 22 K
HAL ; Avgpool . Maxpool 73 5l 24 - 4 3t A6 Fl f K
Ak )2 50 ok sigmoid M5 pRE .

AvgPooling
— I Conv
MaxPooling —
=7

Output feature

B3 @il EEE R

Fig. 3 Convolutional block attention module

2R 5l E T E AR BT O
ANESR e s g =N | g o1 R S =W
il B0 32 2y AL 4R A 5 S R, AT AR
NN

Wb(Input) = a[Conv(Avgpool( Input) ,

Maxpool(lnput))} (2)
A WO Z4E A5 R R ) AUE 5 Conv i &
Iz,
1.3 XF bk B4 AE i BUAE BR

H1 T 3 )2 U-Net 78 $2 U 2 R AE I 25 # KT
FR 5 AR 75 SR R T 0, hy A 40 o M 7 ] I 494
SR LG BEAR B AR SR T — il B T R NS L
N B % L B REAE il BORE B (Contrast feature ex-
traction module, CFEM) o %% 16 J5U A FH T 46000
AR SOKZ R P R R R B 5 b, DU R H
X AR B

g 4 s R E RN — DR R
R BEME RN axX b, W sl i 1 K/NR 6 X6, 3
I3 B9 A XA IB A B BT KN 2 X2, C
Sy KR, B.(i=1,2, -+ ,8) iy & X i, ¥ 3h
71 N ZE B A7 N 1 BT 3 7 4 R R .

By l!z B; il
4
|| Bg 44— C —§— B4
a
B, —\— B, -} B
!
b
E4 BzEO

Fig. 4 Sliding window



% 5 BEw, A TR E U-Net 0940950 B A-44 0| - 1717 -

¥ Bh B 1S B A R A G X
B T R R A R

d(C,B)=|M.—M,|(i=1,2,--,8) (3)
o MRy b R R B9 s M, T 5 XY
1R ME , H13X 8 A fH M i 3 4 iy A7 & rpot X I
55 R 25,

FERFAE B b BB B bR R E AR A S A
R AE A 5 5 AN [, A SO DL 2 2Ok i R 12 1
R ARARL P -
d,=d(C,B,)Xd(C,B,.,)(n=1,2,3,4) (4)

R T e K B R b B UK LU A R L SR T AR A

. Border
Feature image
extension

B A P DR C B8 50 0 25 51
TR A B

(1 y)— ‘min Zd (2, 1) (5)

2=1,2, - a,y=1,2, -, b,1=1,2, b

AR SR A AR R — A v ) g ) D 2%, TR G
R N 24 B T R T AR 7 B B AR
HBREE PRI — B, E 5 ETR 5k
YRR AT G 7 AR el B KO TR
Brib b VR o F 5 4 KSR R = s e L —
MAZH R FENERZ R AR, &5
3 3t R P T B R /M AR B X LY B AR AR 1A

AngOOI

A

J ¥ ‘r

Final pOOI E\
feature image

=

B 5 Xk BT R AE i BN AR B

Fig. 5 Contrast feature extraction module

2 LEITIE SR

2.1 HE&ENRB

A3 NUAA-SIRST™ \NUDT-SIRST""
LA K NUST-SIRST 344 [6l i £ g dE v e 5 1
ZL 40 55 /N B bR 0 AR OIE 8 80T B g e g
HR A [ Br Ot 2% T#2 2% 23 (Society of photo—optical
instrumentation engineers, SPIE) & X #J /N H #5
(R E AR NN T 2 @ R 9 0. 15260, A B dla S A
99.58% Wy HARFF & bR, Horb 27.53% 1Y HAr 2
o7 R R 0,020, A A/ AR o B B die
et 13845k A, Kb AR &5 1L
65.97% , A HAREE 5 E 30. 7100, 2 H bn B R
dit3.32% . & b B R R I AR A —
MEJE S5 B3 22 HARKL I LA R AR /s H AR 8 R0
TEYI R RIS, B8 ML B 4R Hh A AR AR L 5006 HE
FRPEAT K- B0 58 BE B 9 0 #R4E  LL S I E e
5

2.2 IGEHERIRIEE

A CH T PyTorchl. 13. 1°5F & % fir 42 8 vk ik
17 5 ik, K2 4b B 8% (Graphics processing unit,
GPU) i NVIDIA GeForce RTX 3070, #:1E & 4
1 Windows 11. A 3CR AT AdaGrad 1 24 itk s
WG 27 21 % 0 0. 055 2R HIA 5% IR Ky 27 > 85 Il
s, Y 248 A 1000, batch KA 8.

2.3 iFEMELR

A 3k F 3 22 JF I (Mean intersection
over union, mloU) | ¥ i % (Precision) . 4 [1] %
(Recall) | %Z i & # 1E 45 1F (Receiver operation
characteristics, ROC) il 63X JLA™ BE £ 45 45 XTI 4%
PEREH AT PR .

22 (ToU) J& — R R W 48 br , 1
TP AL T H AR 48 B R BB 1 . ToU 2& Xy
ot [ 45 5 0 P15 1) A 4 T AR RN O AR [
[EE

I() U _ inter ( 6 )




- 1718 - THRXFEFR(TF R) % 55 %
A A 0 53 501 R 28 4R DXCBURD I 42 Xl i 0.70
KN, 0.65 |
mloU A] 3@ & 7158 fr A A ToU By -F- 2 {H 15 ool
F] AP
| 0.55
mIoU:N;IOU (i) (7) %0.50_
K N IR BEGoUG) R i D FEAR ToU, 0451 /
5 1 % (Precision) J& — ™8 & % ¥4 458 040 /
B, 8 SCAIE 288 1N A IE S AR R S B S r 035k //
BRI Sy 1E 2 AR R B LA B 5 3 . p

Precision = L (8)
TP + FP
Kb TP R RPN IESE R R G EP R
TP I A 1E 2 AR R B
71 4 (Recall) 52 — MR R 0V 46 45
JH T VEAl A5 80 40 5] 55 5L BE 1, 58 R TE R
DU TE 2 A AR 3R U80S LB R IE 2 IR 3R B
FoAE B
Recallzi (9)
TP + FN
K FN i BIG v IE 25 g il oy 1 8 R =
ROC {1 2 72 48 16 A 7] M 2 32T 1Y A i 328
LA RIS
2.4 MKREH
AR PR R 2L R softloU Loss, 46 2k
oRECH T B o B b BRI 4 BT 55 L 8
XH
Loss=1 . zplxehymypmd

N 2\ Epnxmylrue + Ypred 7 Yirve Ypred
(10)

2 e AR EME s v, F T S
2.5 XWHER
2.5.1 VR LR 45

BEXT LA /N HARK I, 5 7 0 R4 Y
T, BB B U-Net %/ H bR 19 5 43 832 BF K
NG R RS IR 2~5 2 i U-Net #4717 52
5, 45 B A 6 fIr s

IS 25 S ] UAS Y, 2 2 9 U-Net X/
RH B A sk, PR A6 I 24 2R B 25 5 3 4 J2 1Y U-
Net £ I 4 &8 B & 08 F H A )2 19 U-Net; 52 1
U-Net B F M 46 J8% 32 97 33 Kl &k Hin £, K
MR IFIE TR, 25 b ARG T 2~4 )21

U-Net2#$
Bl 6 7[ERE# U-Net By it aE
Fig. 6 Detection performance of different

layers of U-Net

U-Net /5 0 U1 /4 25 1) BE Tl 4248
2.5.2 JHmhSR R

R AR G AN [R) AR P g 0 4 P RE 1 52 0, AR SC
BV S, BRI AR R AR R S
(Nested structure, NS) | #x £ 45 # (Cascading
structure, CS) #4722 RUE /N H ARSI 5 52 5 %
CFEM $2 BUf [ JE 05 Bk MY iR RRAE o 5250 25 2R
W 1 TR, [A] B A% S X A 78 45 50 3k A rp A
AEEIHEAT 1 ] B4R 53 #r, sl 7 R .

BT ARSI g 45 R S 1 7R K B CFEM 45
¥ 1945 BL R, Precision , Recall . mIoU $& 5 44 kb 52
55 54 BT T R LB X LE BE AR R T AR SR A
WU M RE B AT IE I AE s 7E 9286 2 b, CNU-Net

F1 HBMEXWER

Table 1 Ablation experimental results %
s NS CS CFEM  Precision  Recall mloU
1 NG N X 90.11 78.66  74.68
2 NG X NG 91.14 79.64  75.19
3 N X X 88.04 76.83  71.16
4 X NG X 86.47 74.89  68.94
5 NG NG NG 93.36 81.78  78.61

CFEM Input }

CFEM Output

E7 CFEM &N 80 aT 4L FR1E
Fig. 7 Visual feature map of CFEM input and output



% 54

BT, F A TR E U-Net g4 58 B A= 0] - 1719 -

%A £ 2 )2 K U-Net, H Precision. Recall,
mloU 48 b b 5256 5 B G T B, ik =& BB A — 843
/N B AR R GIA 3, 3 B RE R W, IR T
S5 R X5 A% /1N H AR R AE B A A BE O R R SR 0 3.4
%85 CFEM 25 # 5 NS # & Bt | I8 e 7 2= Bk
CFEM %54 19 [a] B 43 51 HUH NS Fil CS, 45 W45 b
LSS0 1A — i R [, 10 B Tk D 45 4
£ CNU-Net H1 1y b ZL 4

& 7 R A G S, 3 )2 U-Net A RRAE
PRI A 77 5% S 11 e e M s (R3S A ) 3 38 0
XF I SR H AR U i — s 52 W 5 1 424 CFEM
J&  HXT L EE AR B B AR AR S R, T SRR
Bl M 2R A 0 2 4 IR T B A R R R
W E 8 BRI h B i/ B bR AR 3 A7 Ltk
N8N B AR, i E 458 1 CNU-Net 4 5
A LU B B, G R A I A A R Y
CNU-Net A] LR B8 A 4% /Iy B bR 09 FR4E IF 52 IR
HERU, B iE T A SCR A CFEM L Mtk & 45 1)
A b
2.5.3 BRI E 4G

M -3k 2 800k B, AR Skt H AT 3 Y 6
2L Ah /I B A e T 55 vk #E AT 6 L, A3 4 CNU-Net
(AR XH ) ALC-Net'™ MDvsFA ,PSTNN'' |
Top—hat \ LCM. LI 25 R UL K 2, A CHH W
CNU-Net £ R 7E % 5 b L ARHUAS T Fe i it

Without CS CNU-Net

Input Image

8 BEMELHME CNU-NetiR f B R R L E
Fig.8 CNU-Net recognition target effect comparison
diagram with or without nested structure
F2 MHELWHER

Table 2 Comparative experimental results

Tk mloU/%  Precision/ % Re Infe.rence
call/ % time
Top-hat 9.05 78.03 0.39 —
PSTNN 32.99 73.48 35.27 —
LCM 4.53 55.22 0.45 —
MDvsFA 63.83 86.96 68.33 0.021
ALC-Net 74.69 89.94 80.13 0.032
CNU-Net 78.61 93.36 81.78 0.028

Precision, Recall, mIoU 43 %] ik 3] T 93.36% .
81.78% .78. 6100, 5L 58 Jy vk vh B T U Ik 1 B 1
Top—hat . % T XJ Lt B /9 58 LCM A L, 45 T3l 45
R ERG;SETRBERE BN HE®
PSTNN A [t , mIoU 4 55 T 45. 62 A 43 1 , Preci-
sion$&5 T 19. 88 H 43 i, Recall & 7 46.51 [
O3 R T M 2 2% ) B VA A B AR SCER
CNU-Net K58 £ AL 57 ; A3 T MDvsFA 84
mloU $£7% T 14. 78 [ 43 &5, Precision £ 5 T 6. 4
A5 Recall #2785 T 13. 45 A4y M M SETZ
B4 E#E R I A ALC-Net /1 1t , mIoU $#2
BT 3.92 79 43 5, Precision 32 8 T 3. 42 11 4 &,
Recall #8757 1. 65 A/ /i o HAN, ASCIEFE T IH
TP R 45 G B 3 R R TE HLER T AT A A B
G MR 2, IF PRI, CNU-Net i) i 2 3 i
F ALC-Net fi§tt, H 5 MDvsFA A3 ; 76 4 38 8
JEMI2E AR KRBT , CNU-Net £ 4% 0 35 51 (1 45
B b AR AH B Al R B A B A R B E R T
HE 2 B R0R

K9 R AR TRV L B9 ROC #h £k, IR ] DL &
B, Bt A M SR AR 1, A SCASE A 1Y) B R AR
3 F5 /% K, H ROC fh 28 T~ 1 A (Area under the
ROC curve, AUC)H e K, £ T A SO A fE A
[NER (R~ s 125 2

ZN@URSC RN IVEAR VN RN Rl EAE S T
ATALAL , Gn 10 s , AT LLE Y, Top-hat %1% 4t
VRS by 52 B B AR T VR AR B T T 3 K T AR
R X el £ Yl K, PR BB A 2% 5 T MIDvsF A 45 3t
TR 27 2 (1 SR A AR JR 38 e e DXl AT 2 TR

1.0
0.8}
0.6 |-
/7 N
/7 _
o Vi e =
o 4 e
= v —
1y
04F J1 =~
i /7 I
/
iy — —— CNU-Net
iy -~ —— ALC-Net
021 Illl/;/// —— Top-hat
/74 —LCM
l’ly —— PSTNN
—— MDvsFA
()(] 1 1 1 ]
0.0 0.1 0.2 0.3 0.4
FPR/10°*

B9 FREEEHNROC HZ%
Fig. 9 ROC curves of different algorithms



o

1720 -

L0
¥
o
S

A

R(x

2 ORR) % 55 %

b e
IFRENINS

- R

i

130 N

-
"
il

E~

(a)Input

(b)Top-hat

(c)PSTNN (dLCM

E 10

(e)MDvsFA

W

L
NN

()ALC-Net  (g)CNU-Net (h)GT

TREEMAIMNBEREGENER

Fig. 10 Infrared small target image detection results by different algorithms

/0N TR R R 8 DX 8K, 0 50 Wi e o i ) 22 R/ B
FRAG I A SCHE B CNU-Net 76 15 M2 H AR 19 2R 55
AT AT R AN TR] RS 8 H A S5 SR A [ A
RAkE B 7 MRS T BR AR TR R

3 ZHHIR

ARSCHE T — ol B AT G 15k i 1 2 A 1 A A
B & XN BARTEAN TR 3 5T B9 RHIE AR R
A K S 2 1 S5t MR P 1 Y0 i ) 1) A4 1 1 gk ke 7
o BAMAORUL, B A ] U-Net £ B 2 FRE
0 S5 A Bk A0 /Iy AR SR A9 25 2% 5 i G ki B
L5 KR S8 B2 RUBE /IS FLAR ARSI 5 SR JH JR) ¥ 0 L JEE

I 2R Dl A % B Y SR R T 5 H AR R AIE o

MAGE I 45 AR, AR SCEE 1 AT LAAT 000 B i A | R
RS D 5 % HE S 0 2 2R R W - AR SOk oA L

PR BE , BE 5 A [A) B9 &2 2% 4% 5 K 2050/ A bR iy
KAE: 55
SR

(1] & A, e . 205 /N B bR kG A ik 25
Wit A, 2022, 42(6): 57-65.

Zha Yue, Tang Ye. Review of infrared sea surface

®OlL T

small target detection algorithm [J]. Journal of Astro-

nautic Metrology and Measurement, 2022, 42(6):
57-65.
Rivest J F, Fortin R. Detection of dim targets in digi-

tal infrared imagery by morphological image process-
ing[J]. Optical Engineering, 1996, 35(7): 1886-1893.
Chen CL P, Li H, Wei Y, et al. A local contrast

[

method for small infrared target detection[J]. IEEE
Transactions on Geoscience and Remote Sensing,
2013, 52(1): 574-581.

SROCA, REPRT . BT LGB 5 s A AL AR AR Y
E PR DRI [T]. 35 ARORSE2E R T2, 2015, 45
(5): 1709-1716.

Zhang Wen-jie, Xiong Qing-yu. Joint segmentation
of optic cup and disc based on high resolution network
[J]. Journal of Jilin University (Engineering and Tech-
nology Edition) , 2015, 45(5): 1709-1716.

Ren S, He K, Girshick R, et al. Faster R-CNN: to-
wards real-time object detection with region proposal
networks[J]. Advances in Neural Information Pro-
cessing Systems, 2015, 28: 7485869.

Redmon J, Divvala S, Girshick R, et al. You only
look once: unified, real-time object detection[C] //

Proceedings of the IEEE Conference on Computer Vi



% 54 B, S A TABK%E U-Net 094500 B 47467 1721
sion and Pattern Recognition, Las Vegas, USA, tern Recognition, Honolulu, USA, 2017: 2117-

(7]

(8]

(9]

[10]

(11]

[12]

2016: 779-788.

Wang H, Zhou L., Wang L. Miss detection vs false
alarm: adversarial learning for small object segmenta-
tion in infrared images[C]//Proceedings of the IEEE/
CVF International Conference on Computer Vision,
Seoul, Korea (South), 2019: 8509-8518.

Deng C, Wang M, Liu L, et al. Extended feature
pyramid network for small object detection[J]. IEEE
Transactions on Multimedia, 2021, 24: 1968-1979.
Goodfellow I, Pouget A J, Mirza M, et al. Genera-
tive adversarial nets[J]. Advances in Neural Informa-
tion Processing Systems, 2014, 2: 2672-2680.

Wu X, Hong D, Chanussot J. UIU-Net: U-Net in
U-Net for infrared small object detection[J]. IEEE
TransactionsonImageProcessing, 2022, 32:364-376.
Ronneberger O, Fischer P, Brox T. U-Net: convolu-
tional networks for biomedical image segmentation
[C]// Medical Image Computing and Computer-As-
sisted Intervention - MICCAT 2015: 18th Internation-
al Conference, Munich, Germany, 2015: 234-241.
Lin T Y, Dollar P, Girshick R, et al. Feature pyra-
mid networks for object detection[C]//Proceedings of

the IEEE Conference on Computer Vision and Pat-

2125.

Woo S, Park J, Lee J Y, et al. Cbam: convolutional
block attention module[C]//Proceedings of the Euro-
pean Conference on Computer Vision, Munich, Ger-
many, 2018: 3-19.

DaiY, WuY, Zhou F, et al. Asymmetric contextual
modulation for infrared small target detection[CJ//Pro-
ceedings of the IEEE/CVF Winter Conference on Ap-
plications of Computer Vision, Waikoloa, USA,
2021: 950-959.

LiB, Xiao C, Wang L, et al. Dense nested attention
network for infrared small target detection[J]. IEEE
Transactions on Image Processing, 2022, 32: 1745-
1758.

Dai Y, Wu Y, Zhou F, et al. Attentional local con-
trast networks for infrared small target detection[J].
IEEE Transactions on Geoscience and Remote Sens-
ing, 2021, 59(11): 9813-9824.

Sun Y, Yang J, An W. Infrared dim and small target
detection via multiple subspace learning and spatial—
temporal patch-tensor model[J]. IEEE Transactions
on Geoscience and Remote Sensing, 2020, 59(5):
3737-3752.



