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Fig. 1 Feature visualization of infrared small targets in net-
work layers: (a) The proposed method; (b) Pooling opera-

tion.
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Fig.3 Anillustration of the detection network combining wavelet-aware down sample and multi-frequency cross attention
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Fig. 5 Anillustration of the multi-frequency cross attention (MFCA)

Wit T — 2058 3 F & 77 (Multi-Frequency Cross
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LIy 15 2 )2 A Sigmoid FRBCEAZ A
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2 LWHERSH
2.1 iFEMIERR
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A ROPE A SCR AT T U0 3l R A 98
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T
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F,= (39)

ZH R SEP TG AT .
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SIRST-UAVB"™ X5k i REHEA T P-4, o A SCR A
T GAGUR N — B R A4 4377 . SIRST b H
SRR AE 243 08 213 5K T4k, 214 5k T



XX 18] & A AE A/ INIUEIRER ARG 2SS SUTE T T B LA FARRGEIN I 2% 9

A, IRSTD-1k hy B4, W] 4375 Xk 800 7K
HF Nk, 201 3 H T MK . SIRST-UAVB Ry B 5
BaEE %140 05 o0 2400 5K FUI125 , 600 5K -0
Ko (EAHE RS AR SOl T = AN B AR eI 25
FEAR P EHABEES S T A/INVEEAR S| AL
AN TR B AL, R 8% 7F — o B2 B | S LB AR A A
[l bR S5 T B PR RE B

TE W28 Y 2R Z 117, B ek T A i A U A T
—ACALFE SR 5 HEA TR B 5, s AR A BE AL B
e BEOLER BT E AR, AR — R T
256 X 256 [ 70 HER IR IS AU X6} 5 8% PR 001 14
A . VIZRAIIEAL S R 2F ) AW 5 B A Adam
1 MultiStepLR . #] 4 % 2 %4 0. 0005, 41t ]~ 24
16, I 2R 50 40H 1000, Fr A AR R H Pytorch I8
J3 2 S HE SR AT S B0 At . L TR AR )
K B2 7E Nvidia GeForce RTX 3090 GPU 4% |
BT B R . AL Gk D 55 R MATLAB
R2023b 52 80 A1 I 4, 31 55 %5 O~ Intel Core 19—
13900HX CPU.
2.3 XFELEIE4HT

R T VA AR ST B 0 43 HORG B RS DU
ORI EE A YERE . A SCBIA T 3 T RTALIR
S AE G AL AT H A0 FE Top—Hat'", Max—Me-
dian™’, WSLCM™", TLLCM"*"  IPI""*/ I MSLSTIPT"",
] BF 51T AR 4R P e 2 ) 6 550 3K 2 1 TR
2] AL 4% ACM™  DNANet'™ | UIUNet™! , SC-
TransNet ™ . FM-Net"”) \NS-FPN"“""_ & & Hl & k45

RN IR T A SO 2 H i WDFA-Net H A 5L
(ARSI PR B, ELR S M DL SC o AR SCIBEAIG 1 4088k P
B 45 3 (e O =X, T R 0.5 [{E . W]
I, A SCIEAE T % R ESC R S R
2.3.1 EEHNH

FVRR T SRR A TFEIGE LY E 255
gh L. P T AL TR A T BRIy A =
AN AE B 4R 0 HE AR VR RE B T AR Ry i
JE R AE T, A% 8 5 1R AR B sl =X, e JEE At
FANTHBSEAT, Z B ) B85, M LIS L &2
P B, WA SCHEEA) = A BLS A 45 s
LN ZH R AN T WAL INEUR A
TS SR B, HAR R E 28 S 46 I X . TR
i, A SO Y WDFA-Net 78 =R 4 1Y
BUST 00 5 ARG R AR T HoAth X by i 2
B A R R R . ELR M AR S iE A
SIRST-UAVB %t #a 45 I S8 T 4 &R M R 45 b 1) 5
Al . 7E IRSTD-1k £di e b A SO iETE 2SI [E
FVKE I 248 b5 L5520 T e K- (B R 4
br b0 55 F SCTransNet, WDFA-Net #H % F SC-
TransNet 7E 3¢ It b 38 &5 4. 2%, K i >R 1 32 &
1. 34%, T jE % K |3k 9. 1x107, 7 SIRST %¥ %
e AR VR R RETE S HE NG R 48 A H S
T A K, (A B R 48 b5 LW 55 T ULUNet.
WDFA-Net Ml # F UIUNet 7E 52 3 0 | 42 &
2. 46% , K M K |1 5 4. 56%, 1M B 2R | ik 2. 4x
107, FRARYE 22 2 R 53 % B LU 3¢, UTUNet AT

®1 ARENAFEEAFHRELEREER(IERAREMAER EERARRMER)

Table 1 Performance comparison of different detection methods on public datasets (red represents the optimal re-

sults and blue represents suboptimal results).

Detection Methode IRSTD-1k SIRST SIRST-UAVB
1oU/(%)  Pd/(%) Fa/(107) 10U/(%)  Pd/(%) Fa/(107) 1oU/(%)  Pd/(%) Fa/(107°)
Top-Hat 10.06  75.11 1432 7.14  79.84 1012 1.57  50.06 100
Max-Median 7.00  65.21 59.73 4.17  69.20 55.33 4.96  11.30 2.86
WSLCM 3.45  72.44 6619 1.16  77.95 5446 .10 39.37 800
TLLCM 3.31  77.39 6738 .03 79.09 5899 1.20  21.51 200
1PI 27.92  81.37 16. 18 25.67  85.55 11.47 3.68  17.13 5.72
MSLSTIPT 11.43  79.03 1524 10.30  82.13 1131 5.90 9.84 3.58
ACM 60.33  93.94 69. 31 68.34  93.92 30. 12 20.80  51.77 11.18
DNANet 65.74  90.24 13.17 73.60  93.54 38.49 32.49  64.21 2.16
UTUNet 65.69  91.58 14.18 76.21 92,40 10.70 28.62  67.13 9.50
SCTransNet 68.03  93.27 10. 74 76.32  96.96 14. 41 36.36  73.27 1.94
FM-Net 71.56  92.26 12.58 76.75  96.96 15.71 35.17  71.32 2.12
NS-FPN 67.58  93.27 22.15 77.85  96.20 23.94 34.35  69.87 2.37
WDFA-Net 72.23  94.61 11. 65 78.67  96.96 13.10 36.5 73. 88 1.62
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Table 2 Comparison of model complexity for differ-

ent detection methods

Detection Methods Params(M) FLOPs(G)
ACM 0. 398 1.33
DNANet 4. 697 56. 11
UIUNet 50. 54 186.3
SCTransNet 11.20 40. 43
FM~-Net 3.61 14. 17
NS-FPN 3.91 27.18
WDFA-Net 10. 44 17.02

KEHSHMZEHE, HILZ T, WDFA-Net 7£1]
e Z W AR RS T S BB A 28 04 R DU P RE
FEAE A0S, WDFA—Net 7552 I Fo UG R 45 AR
AR R e RE A [RI B, #E TRSTD-1k A1 SIRST %%
Pt 4 1 1) R AR R T 43 X L O B R B T /N R
BTt G TR SRR 1 SR 1 LT RN o
G551 2 43 B TR, v AR e PR A T o
B N AL B 5 55 H bR e R 1E A AL 5 S M s
WAD 55 B SR8 I 11458 15 30 0 08 %o v A0 et 1A T
FAk AT TCTE 58 A RRE S 43 W 7 Bl H AR R AR [ 2P 4
SR 4[] R, [ RE M , MFCA REB rb i i 400 7 St
FETETOR MRS B R BR o PRI, R /N L T 4
5 5555 A e 17 32 R e g B RSO0, A B 1 A
il K e TR iy S R B (S AN d i
K F , WDFA-Net 7EA I 14 i 1 1) o 3 48 THe K
A R () VKR, HLAE SIRST-UAVB s 4 b5
T BRI R EE A R TR K
B0 N RS S0 IR IORS B 5 Jo o) ) A A%

ZEATT R A SCHE Y WDFA-Net GEAS 20042
i 22 MR IR A B, L AT e R ORG B AN s H bR

NERE ST o LR a3 W) 2 R RAR SR, 5K
G T RRPEAS BB AN SUIR B ), e T2
D) 4 v () AR R AR IR R 5 B . FE e S AR A AR
(] P REAE B B B, 220028 ST R ) DA 3 fi i A
JEERE) S DR VR Z AR 1R 42 )5y | SCORB, g — 25 ik
T BER S SRS GRIE2E 5 R 780 AR T
AT B = i B s TR IEAk,
AR SR R BN R B R R B 22 5o 3 WG
FROESE RS A0tk itk . PR, WDFA-Net AUHA
K E 1Y B Ar e 7 68 1, 0 B AT LS B0 A0 15 1) 1
FAE

6 7R T AR Iy e A = A AR 4E
B 0 ROC PERE IR £ o X HL & B, AR SCHR S 19
WDFA-Net 55 47 Hiu - i T 6 I 55 F1 i 258 1) 4 i
FM . £ SIRST-UAVB %i#E 4 b, A SCH L WD-
FA-Net SCEL T Kl R 5 i 25 1) fe AR 34 1 , BEASAE
B AR () I PR = A U, 7E IRSTD-1k
L5 SIRST $di4E b, R S0y ik B A SR AR 1 1
MR B RE T e BRI % . WDFA-Net
AR 2R AR PERE S SCTransNet AT, HA5 45
SRIRE S EA
2.3.2 TS

R T VEAR A ST 4 R AR R ELAA 7 s A R
PERE , B A SC 77 1 WDFA-Net 5 X b 46 I 5 v
ACM ,DNANet , UTUNet #l SCTransNet #F 17 T 1] i
ARG 45 S0 Bk B, TP 7 iR o 2040/ ARk
R BB LA, BT S E 220 i . A SR
Y WDFA-Net R K 2 (67 H bR IR 240720 ) B
FRESES R AT . FEE 7 (1) R AR SO T LACM 5
SCTransNet BENEHE HEE AKX B RS H AR, (B HAD
Jriklmis T g s /N bR, FEEI7(2) BIE
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Fig. 6 The ROC curves obtained by different detection methods on public datasets: (a)IRSTD-1k; (b)SIRST; (¢)SIRST-UAVB
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Fig. 7 Visualization of the detection results obtained by different methods: (1) Ground scene; (2) Terrain scene; (3) Highlight

scene; (4) Sky scene; (5) Building scene; (6) Vegetation scene; (7) Building scene; (8) Highlight scene (red dotted circles indi-

cate correct detections, green dotted circles indicate false alarms, yellow dotted circles indicate missed detections)
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WDFA-Net 7F 525 4 5 5c h 52 91 T &4 ny Al
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B X2y Hbn 515 S 00iE X225 Ioh , AR S0 7
I3 RAE T RS S AR AE A R A, B T R
1) H b 7 i ) RSB I RE o ARAR SO AT
FEAEJR BR A, BEXT 5 E AR RE AR LA & 5 AR T
P ASERIME LA 5T 42 X 03, B A je e ) i, Xl
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2.4 HREEEIE
2.4.1 MEZENY
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Table 3 Results of ablation experiments with WDFA-

Net changing the number of channels

Channel Number loU Pd Fa

Params

8,16,32,64,64 71. 65 91.92 11.33 2.64
16,32,64,128,128 72.23 94. 61 11.65 10. 44
32,64,128,256,256 71.87 93. 60 33.90 41.54

Yo 45 R AE IRSTD-1k B4 FaRTG . & 3 R,
AL SR P AS T WDFA—Net 255 14 45 2% 38 18 51
F 5 & B, 224 4 ) 25 30 T B IR B 16,32, 64,
128, 128 s}, WDFA-Net & 1R 52 BT f5e A4 A9 A8 0 1
B . v if— 204 s TE A, 2% R AT DL /NI B
FE AN R T AR TR EE T A R R 2 i
BB IR B B R R S LR
B T2 25 A B I 45 () R TE R AE RE 7, M L2 2
B EL A 90 X 43 B AT R Lo RN 3 i )3 T 4
SIAT KEITURFHEM I RY , AL S
FREE 25 18 I 28 AR R I M R R 1% . TUARARFAIE
W 5y T8 TG T, 2T 51 A R g S 10 . AR
33X (32) RIAT 3 T B0 BCAE A% KRR R N 45 5
B, LA B g Al T AR I R 16,32,
64,128,128 F AL AL FLE

&4 WDFA-Net i{EHERTHIHAMELIEER
Table 4 Results of ablation experiments with WDFA-

Net changing feature sizes

Feature Size mloU Pd Fa Params
16,8,4,2,1 70. 83 94.28 35.49 17.76
32,16,8,4,2 72.23 94. 61 11.65 10. 44
64,32,16,8,4 71.63 90. 91 14.01 8.61

TE WDFA-Net W25 (4 E Bl 5 B B, di A REAIE
TS24 H A Hum AR 58 1 T Ak 34, 3 EOHS 48 2% A
FIRFIE I o R T RFE AR RS X ARSI 7 BE A 52 i
AR ZH S0 RO B A RRAE 9 RS R4 6 R, S0 25
JERAER 4, LI AR R, KRR 32, 16,
8,4, 2 B4R ME N SF it , WDFA-Net [ 4% 5290 T e
K PEBE o KA AE R SE R 51 KR A T T
B AR ZRROR o RS I /N B i R AE
o BE R AR, T e SRR AN AR SUAE S, T ORI
REREAR . A8 SO Y 2 Huim ABEHOCR F A& B R
SIS ] RS RRAE B, R R R /N 2 B
RGP, 2% 4 T 280048 5 2 30 R FRAE RS
AN, I 2 SR e 1 AR AR
2.4.2 N RN PR SR FEAEER

i A #5% H B /N T B R AL (WAD ) 2R H
25 WAL 53 S 2548, R A% Gt i 1 S AR 48 7 J%
RN RAE . B B RRAE 401 RIR 2 B A5
IV, A R & 42 e A MR s AR H . S T B IE WAD
B A PE A 5255 WDFA-Net 5 LA
ARIEAT T BB LR .
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Table 5 Results of ablation experiments with wavelet—

aware down sample module

Networks mloU Pd Fa  Params FLOPs
N w/o WAD 71.28 90.24 35.66 9.26 13.34
N w/o Fdb 71.15 89.90 7.86 9.37 13.70
N w/o Sdb 70.46 89.90 14.86 10.35 16.74
N w/o Ca 71.44 90.91 11.22 10.43 17.02
WDFA-Net 72.23 94.61 11.65 10.44 17.02

N w/o WAD: i BRI & FE R T WDFA-Net
2R WAD B, I AR 48 e ROt AL B E S B

N w/o Fdb: iZZ KN 45 #5557 WDFA-Net 4
B WAD A A 43 3, AR BR 23 3y

N w/o Sdb: ZAE R M 4 5B T WDFA-Net 43
WAD AR ) 23 35805332 AR B AU 52

N w/o Ca: iZ AR5 B [k T WDFA-Net 427
WAD e F P 5 338 Bl iE 0 .

#5JB/R T WDFA-Net % A A WAD iy
IR SE IS5 5 . S mT L, B bk WAD itk )s
I BE R BT BH BT R D LR R K i 4
fne anfE 8 iz , WAD BEHUA U Bl WDFA-Net 5%
PTG ME R RRIE B, DR BR T R AR ST B AR 4Ty
fFE . XS h RAERY B 2.3 MY ARIEBERS & 3,
BRI G e gei ik )y X T Bes MARIE H s kA&
FRIEIR S, e H ) 24 5 22 B ARG A T AR
FE I B 4 O FRIE BEAZ & PR, Ak B 18 1 i T 4R 1F
P10 25 HH B0 S v W 17, ok T I ARG K 1) 0 A

“\ .-

B8 LS RFE IEFHIE ] #4L : (a) WDFA-Net; (b)N w/o WAD
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SRIG AR B8 B 53 S5 R I O 4 G 00 K B2 [+
BESCIE T 1 o 33X 3840 Uk B 23 U35 X432 45 A0 BE %
A G5 H AR N B S N2 HAREALRE ST . N w/
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Fig. 8 Visualization of sampled features in networks: (a) WDFA-Net; (b) N w/o WAD
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Table 6 Results of ablation experiments with multi-

frequency cross attention module

Networks mloU Pd Fa Params FLOPs

N w/o MFCA  70. 86 91.25 19.93 4.54 16.52
N w CatRb 71.42 93. 60 11.31 6.28 16. 69
WDFA-Net 72.23 94. 61 11.65 10. 44 17.02
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Table 7 Results of generalization experiments

Networks mloU Pd Fa
SCTransNet 72.04 93.16 35.26
FM-Net 74. 80 90. 87 42.05
NS-FPN 72.11 91.63 27.99
WDFA-Net 76.13 94. 30 27. 65
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Fig. 9 Visualization of decoded features in networks: (a) WDFA-Net; (b) N w/o MFCA
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Infrared small target detection network combining wavelet-aware
down sample and multi-frequency cross attention
Zhang Lei', Liu Yong-Xian’, Yi Shu-Qi’, Chen Jin-Bao', Guo Ya-Ping’, LiBo-Yang™, Lin Zai-
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Abstract: Infrared small target detection is a key technology in the field of national defense and security, yet it faces se-
vere challenges posed by complex real-world scenarios. Infrared small targets often present detection challenges such as
blurred appearance and low signal-to-clutter ratio due to their extremely low pixel occupancy and interference from com-
plex backgrounds. In recent years, detection methods based on deep convolutional networks have made significant prog-
ress; however, most existing approaches focus primarily on spatial feature modeling, overlooking the value of frequen-
cy-domain features and the information loss caused by pooling operations. To address these issues, this paper conducts
research from a frequency-domain perspective and proposes a novel infrared small target detection network called WD-
FA-Net, which combines wavelet-aware down sample with multi-frequency cross-attention. The network replaces tradi-
tional pooling with a wavelet-aware down sample module (WAD) , enabling dual-branch sampling in both spatial and
frequency domains to preserve feature details while reducing dimensionality and enhancing target responses. Further-
more, a multi-frequency cross attention module (MFCA ) is designed for feature fusion stage. This module constructs a
physically meaningful self-attention mechanism based on multi-frequency components, fully leveraging the complemen-
tary information between high- and low-frequency features to achieve inter-layer feature interaction, fusion, and noise
suppression. Experimental results demonstrate that WDFA-Net achieves excellent detection performance on the IRSTD-
1k, SIRST, and SIRST-UAVB datasets, exhibiting strong robustness in complex real-world scenarios.

Key words: infrared small target detection, wavelet-aware down sample, multi-frequency cross attention, frequency-
domain analysis, deep learning
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