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Few-shot Infrared small target detection
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Table 3

% J5 ¥AE NUDT-SIRST (Li et al., 2022) ¥¥iafE iy &AM DA b, X ToU(10%) .
Precision( 10%) F1 F1( 10%) B H&. IZ4EH 100 ~%. 30 2% F1 10 A% HEGHK. BKE ToU . P, .
IERIRAR R G55 DICALL ORI (58 SR . AR, FRATI O VETER I ksl T

I FLAS KB F, (R ITERE .

Pd(10%) . Fa(10°) .

Precision

KT, FERRAE DA S R T AR

Full-scale Data (100 % )

Few-shot (30 % )

Few-shot (10 % )

Method
IoUt P;t F,| Prect F11 IoUt P/t F,| Prect F11 IoUt P/t F/| Prect F11
ACM  67.76 964 13.65 76.83 80.78 64.49 9576 15.60 74.26 7842 53.93 91.00 64.94 6271 70.08
ALCNet 66.48 95.97 16.36 78.67 79.86 62.56 94.6 11.53 75.19 76.95 22.61 9555 514.13 22.88 36.91
UTUNet 88.39 98.62 4.87 9426 93.84 83.7 97.67 9.65 89.56 91.13 76.68 96.61 25.94 8582 88.70
MSHNet 77.68 95.13 1043 90.53 87.44 7583 9502 21.44 87.47 86.26 64.08 91.32 68.64 80.13 78.10
DNANet 85.21 9851 4.06 97.26 96.85 83.17 98.09 1142 89.11 90.82 74.07 95.66 2245 86.16 85.11
SCTrans 94.09 99.04 3.95 97.67 96.96 90.63 98.83 694 9554 9509 71.64 9576 27.02 8470 83.47
Ours 9537 99.04 080 98.06 97.63 93.39 98.04 204 0717 9659 8604 97.67 14.13 93.94 9249
Table 4

B R 7%, 76 SIRST (Dai et al., 2021a) KOl 4 R~k FIAFEA S35 1 B ToU( 102)
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Few-shot (30 % )
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IeU?T P;1 F,| Prect F1t IoU?t P;17 F,| Prect F1t IoU?T P;17 F,| Prect F11t
ACM 66.14 91.63 24.83 82.68 80.38 62.91 91.25 33.20 76.64 77.96 20.84 85.17 6575 21.79 34.80
ALCNet 46.58 93.91 121.35 22.26 36.30 33.76 93.15 263.29 18.29 30.80 12.72 91.63 2192 6.93 12.95
UIUNet 76.08 92.77 13.44 9253 87.24 73.61 92.01 1550 93.25 85.62 62.52 91.63 5H4.81 83.20 77.73
MSHNet 73.02 9543 19.89 79.69 79.08 69.66 94.67 46.13 75.44 76.26 59.43 93.91 116.36 67.55 73.27
DNANet 76.48 96.57 26.47 88.50 87.44 74.56 93.15 18.65 89.58 86.04 56.49 88.97 143.58 73.96 72.90
SCTrans 76.00 95.81 19.34 88.43 87.17 69.42 9543 63.73 89.26 88.38 59.74 90.87 94.87 83.06 79.72
Ours 78.88 96.19 12.69 89.29 88.98 7819 96.19 16.67 88.44 88.55 67.96 92.77 80.74 81.83 81.71
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4. J5

4.1. VGRS

CNN # 2 TAER G GR Z R8s (IoU. R5EE.
A#) (Dai et al., 2021b) (Dai et al., 2021¢) (Wang
et al., 2019) X} TLLAMINE FRRIH PIAS KBRS . 5
56, AT AR S B T A B B AR —
A 3x3 H b FAUH — MR R S 2 RS B AT
111 % o Hik, BN115AE kG Lo s m Ak
BRI L BT RALF . R T RYX S, 34T
FIPHAEHEZRSS & T OR RIS A G bR . HARSAIARIE: Py
MATRNE (EERGETEXELE), F, HTEAE
1000 MR R . BRI FFah5: ToU B TIEARGR
B Fl-score “Tfiif A ml5 (R seBerk) FRgRE (R
RILHT)

KT AR FRAT R B A b, FATTIESE T SIRST
(Dai et al., 2021a) #1 NUDT-SIRST (Li et al., 2022) %{
PRSI G . BREW ], g 50 % AT,
50 % MM, sededps b A T IgREdER 100 %,
A ) 30 % 110 % ¢ ARARFASF R 1)/
A5, PAIRURIZ I ARk T i Rk

EINGN B, s L MR 17, J7
0 4 WE A OREE, AR S . HE A
Byt N 3, IR0 25000, 223 3K
0.001, FAEH T Diffbir (Lin et al., 2023) L7
%, BT ImageNet (Deng et al., 2009) B3 HL
BEHMEAE Y BT B Al . s ny G Tk
W, HEERUN, E BRI S R B E N 1. 20 F
0.01. FEMERRMYEL, RAET —HARMELXE . KA
NUDT-SIRST (Li et al., 2022) #I SIRST (Dai et al.,
2021a) BRENFEAE R, I By 5 B A T i
[B]254 A 50 ) DDPM BEERRFE. FRATENR T 55
YIZRESCHE AR ] R B TR 25 i 99 266 ) 41t o
KANER 4, 23734 0.05, FBIECH 1000,

4.2, L8R

AT TR A AR Ik AT R,
& ACMNet (Dai et al., 2021b) ., ALCNet (Dai et al.,
2021c) . UIU-Net (Wu et al., 2022) . DNANet (Li
et al., 2022) . MSHNet (Liu et al., 2024) il SCTransNet
(Yuan et al., 2024) . FATH A 1650 P8 RO
£ NUDT-SIRST (Li et al., 2022) Fl SIRST (Dai et al.,
2021a) Fdade ExtFr A Tkt T T IR

1 Table 3 Fl Table 4 7R, FATHEH A B £t
EDEAT R 2 INGx, HARFIHASE R -5 24 By S ibAs
Mg (SOTA) JEATILE. SFrA SOTA JiikttL,
BRI G324 (ToU ) . A IIARR (Py ) FE
R (F, ) 4515 E, %} NUDT-SIRST (Li et al., 2022)
I SIRST (Dai et al., 2021a) HIREHRMM G, 4L
AR B B i T ERE, TER T IRATTIIARY P EE . Y
O, AEDREANE S, RIGETE e B BRAEA RO T,
FATH I A BRI AP TERERE S . (TR,
TE 30 % WZDREAR LA, SIRST (Dai et al., 2021a) [
HIT SOTA BiAAE e REEY 5T iR

FATIF i SeE B I IE S JATH 7 ¥AAE SIRST (Dai
et al., 2021a) #1 NUDT-SIRST (Li et al., 2022) [
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Table 5
AT 5 AR HT R BORTE SIRST (Dai et al., 2021a)
Blnge b E s

Method Metrics
IoUt Pt F,
Mixup (Zhang et al., 2017) 76.89 94.67 24.97
CutOut (DeVries and Taylor, 2017)  77.57  96.19 28.40
CutMix (Yun et al., 2019) 71.69 92.77 25.31
Mosaic (Bochkovskiy et al., 2020) 76.10 95.81  30.59
Ours 78.88 96.19 12.69

Table 6
TEARERLME T SEHH A PE BE LA . FRATTI A SRR AR 2
R/NF BB AR Z (8] ) R AR R, 528l T fefER ToU,

Method  IoU (% )1 Params (M) | FLOPs (G) |

ACM 67.76 0.39 0.40

ALCNet 66.48 0.42 0.37

UIUNet 88.39 50.54 54.42

DNANet 85.21 4.69 14.26

Ours 95.37 11.19 10.11
Table 7

7 NUDT-SIRST (Li et al., 2022) 545 £, GGS
Y B HCE T B g Tk, TR A AR 1

Method  ToU(102) 1 P,( 102) 1 F,( 10°) |

Baseline 94.09 99.04 3.95
w/o GGS 93.14 98.51 3.81
w/o Diff 93.64 98.51 4.18
Ours 95.37 99.04 0.80

POE T ORI PAEA TR SR . DNA-Net (Li et al.,
2022) 174 WRAIGE BAGI, T UTU-Net (W et al.
2022) Fil SCTansNet (Yuan et al., 2024) B SR/ T 4
BRF , E A — S PR ME A A v oK R HE A It B bR
J5R o A A AR B A AR A R T U ) A A AR A A
LR XA A g 00 Ty R R A X R AR SRR R
T ¥E AR B BCE T DA R B A A 2 3T B 43 A A
FRAE, HFPept s Bk it mre4A . 5HA SOTA Hik
HE, JATWTTIELE Py o F, Fl ToU f5t5 FRBUTE S,
SEER T ISTD Bl &kt

FATRE B F B s a0 53T A T
PATE B Sk AR B (Y PERE . Table 5 BE/R T &Mkt
W I SIRST (Dai et al., 2021a) $iiEsE Faofizl
PEREMISE I . AT ELE ToU « P, 1 F, $845 5T
JER T B TERE . XSS5 R, RSB E IS R
ARATREL R/ INE AR BRI P A w5 m (s H B E DA
Slo AHILZ TR, FRATHE M AR 7 VA S B i T R s
BRe Sy, IR T R

1E Table 6 H, FRATHIRE IR RCRSES ) (10.11
GFLOPs) . JT- 95U 58 (U7 I G501 ) 4% 25 ki
17, PEHERE I B A BN T A . XTSRS 4L
PETALBEOCAL R (Wang et al., 2021) .

4.3. {i5iess

FRAVE B A I M 28 HE SIRST (Dai et al., 2021a)
FI NUDT-SIRST (Li et al., 2022) ¥ 1347 7 241
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Table 8
FEIT AR AT . MAARIE () FIbREZE (o) 1Y
HEr, PATPAL B ARG P RE AY 5 o

uwoloU(%)1 P (%)1 F,(10%)]

8 4 93.26 98.94 2.71

28 4 93.33 98.83 6.31

17 2 92.99 98.73 5.53

17 8 93.19 98.94 4.48

17 4 95.37 99.04 0.80
Table 9

¥E RealScene-ISTD #1 IRSTD-1K %iiE4E FrtkgEIL® .. ¥
fEFERIE L (IoU) ., KR (P, ) FRHE (F, ). &
AT 5 AE St R RIS v D A 7 3 —

Table 12
F£ SIRST (Dai et al., 2021a) I, DNANet 754 AIA =
RFNEHR I Y 5E AR

Method Metrics
IoU 1 P, 1 F, |
w/o Gauss 76.48 96.57 26.47

w/ Gauss 77.11( 1 0.63~) 94.67( | 1.90~ ) 14.95( 1 11.52~)

Table 13

UIUNet (Wu et al., 2[)22) ¥ NUDT-SIRST ( 10~ ) i
AAE S X IE E 'L . TAEH, 'w/ Gauss’
FIEE IR T w/0o Gauss’ H BERS .

gl Method Metrics
RealScene-ISTD IRSTD-1K IoU 1 P71 F,l
Method oy p F IoU P F
d e d a w/o Gauss 76.68 96.61 25.94
ACM 36.86 88.03 9484  61.79 87.98 21.82 w/ Gauss 79.17( 12.49~) 96.61( 1 0~ ) 8.29( 1 17.65~ )
UIUNet  37.06 86.32 680.3 64.11 91.18 29.24
DNANet 36.25 83.76 520.1 6547 91.45 19.11
SCTrans 46.67 88.88 193.12 64.22 91.18 23.24 . - ) N .
Ours  50.93 90.59 146.16 64.23 93.05 23.46 AT E R RS, Dt BB IA THUMIESEE R, M
M SR RIS T /N2 A B AR R . 284 9 B b
Table 10 SRAVEHE AL, PG T IS A R A . FRATRR

LB AN RSamp #1 GSamp % NUDT-SIRST (Li et al,
2022) rimde LR PEREF BRIN 0 o

ToU(102) 1 P,(102) 1 F,(10%) |
baseline 94.09 99.04 3.95
w/ RSamp 93.50 98.51 1.88
w/ GSamp 95.37( 1 1.87~ ) 99.04( 1 0.53~ ) 0.80( 1 1.08~ )
Table 11

e Cr B Bofl Diff ByEest SIRST (Dai et al., 2021a)
SERG I BEFEAR A 5]

1U(10°) 1 B(105)1 F,(10° 1
baseline 76.00 95.81 19.34
w/ Cr Stage 78.50 96.19 13.24
w/ Diff Stage 78.88( 1 0.38~) 96.19 12.69( 1 0.55~)

FiTd EggE (GGS) Ay sy A 2cE.
Table 7 fif7n, P HURHA GGS #xHPEREA B2 0Tk .
By B B4 S5 ToU B R MR IR B 2 1,
FREILAEAE SR SR I B . [FkEHD, 4%
GGS SRR, I SFECRRAERE N, 20
T HAEWESRERAE Z REERNZ AL S T A/E ] . Table 8 %
B, AT SIS EORE (n =17, 6 =4 ) 7EHE
PERIRR E M2 (B SE B T e Pl . A B AR AR IR
=, UESE TRk S R

mrREE (GSamp) FIFEALRAEE (RSamp) AR
TATHE T GSamp FIFEHLRAL RS BRI S5
AR B PERE . IE 40 Table 10 fi%, Z59LEMYE ToU
. P, ¥l F, $8%5 b, RJH GSamp BB Z 0T 1
BEALRAERARAL . GSamp iR T HRALSE G210,
AT AR B AR R PR AR AR I35 T2 AkRE T .

MEHERE (Cr BrB) 598 E: (Diff BrE:) W
ROV . A T VAL Diff By BERAE S, IRATRHUH
Cr prBossnmial 5454 Cr HrBofl Diff By By R A
PIRRLIEAT T g . SRIRZE SRR, A Diff By Bt i 3%
PEE TR IR, JU R A AN PR RRRE B T .

5 T R 4 R i A BN LA R T SE G . Table 11 w1y
FERESREN, PR BRI/ H AR S TR .
XYY B A R A A J2 2 0 HESE, ARL
HUR T AL Z AL RE T

P 25 T K A 3 R 7 VA sl 6 ¢
FoR2F A RE, BRI X SEAE AR I 245 Tk
B, FEARY o, FeA1W A UTU-Net (Wu et al., 2022)
A1 DNA-Net (Li et al., 2022) {E MR H LB E
A e B e B 0L T PERE (w/o Gauss’ vs.
'w/ Gauss’). U Table 12 7R, FATHB T DNA-Net
(Li et al., 2022) %4 SIRST (Dai et al., 2021a) %i#E
£ PR E I BRI ERE . A TR M ERER R
FRECRRE, FROTEEA &L 1 oRFRMRENIIER (ToU
. PR F, ) FURESk | ORFRVERB N, 45R%
B, e R T 2R R &5 T DNA-Net
(Li et al., 2022) £ ToU #1 F, JyHEIPERE.

A Table 13 s, FATTH#E NUDT-SIRST (Li et al.,
2022) (10 %) %i¥EsE L3Rl 7 UIU-Net (Wu et al.,
2022) BRI R PERE . SCER4E R KB, UIU-Net (Wu
et al., 2022) FEfE A REAA TN G, Rl fg
SRR, A I IR T X SR A R A R

9 MR 2P Ik T IRAT A i AL g
71, R4 RealScene-ISTD (Lu et al., 2025) 1 IRSTD-
1K (Zhang et al., 2023) 2 [Af& RES 2RI, 37 54510 A1
H AR ZE S, AT AR ok BERIMIG R
3, FRBH T Bt A 2T AN AR A i S

5. &5

A, AP T — MR B AU
SEJHERL, PARREREZLSN N A ARSI A s DR Ak o i
£ e 30T 2L 1 e o AR 4 50 Al A I AR AR R U 2R L
Y, AL EE A B Boi 1 5 H AR g R IS
B P e B IR R I Sl R i . SRR AR RN, S
JeHEMTT AR, FATRr A A R B T

Junyao Li et al.: Preprint submitted to Elsevier

ge 9 of 11

P ) .
Www.xuesﬁumangzmom



RAREE o NI IR RE S T HAE S IR ZL /N H
Aok I R A R S MU RR 7 TR 7, SRR IR
R — A B J5 R .

References
Bochkovskiy, A., Wang, C.Y., Liao, H.Y.M., 2020. Yolov4:
Optimal speed and accuracy of object detection. arXiv

preprint arXiv:2004.10934 .

Chen, C.P.,; Li, H., Wei, Y., Xia, T., Tang, Y.Y., 2013. A local
contrast method for small infrared target detection. IEEE
Transactions on Geoscience and Remote Sensing 52, 574-581.

Dai, Y., Wu, Y., Zhou, F., Barnard, K., 2021a. Asymmetric
contextual modulation for infrared small target detection,
in: Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision, pp. 950-959.

Dai, Y., Wu, Y., Zhou, F., Barnard, K., 2021b. Asymmetric
contextual modulation for infrared small target detection,
in: Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision, pp. 950-959.

Dai, Y., Wu, Y., Zhou, F., Barnard, K., 2021c. Attentional local
contrast networks for infrared small target detection. IEEE
Transactions on Geoscience and Remote Sensing 59, 9813—
9824.

Deng, H., Sun, X., Liu, M., Ye, C., Zhou, X., 2016. Small infrared
target detection based on weighted local difference measure.
IEEE Transactions on Geoscience and Remote Sensing 54,
4204-4214.

Deng, J., Dong, W., Socher, R., Li, L.J., Li, K., Fei-Fei, L.,
2009. Imagenet: A large-scale hierarchical image database,
in: 2009 IEEE Conference on Computer Vision and Pattern
Recognition, IEEE. pp. 248-255.

DeVries, T., Taylor, G.W., 2017. Improved regularization of
convolutional neural networks with cutout. arXiv preprint
arXiv:1708.04552 .

Du, N., Gong, X., Liu, Y., 2024. Istd-diff: Infrared small target de-
tection via conditional diffusion models. IEEE Geoscience and
Remote Sensing Letters 21. doi:10.1109/LGRS.2024.3401838.

Gao, C., Meng, D., Yang, Y., Wang, Y., Zhou, X., Hauptmann,
A.G., 2013. Infrared patch-image model for small target
detection in a single image. IEEE Transactions on Image
Processing 22, 4996-5009.

Goodall, T.R., Bovik, A.C., Paulter, N.G., 2016. Tasking on
natural statistics of infrared images. IEEE Transactions on
Image Processing 25, 65-79. doi:10.1109/TIP.2015.2496289.

Hong, D., Gao, L., Yao, J., Zhang, B., Plaza, A., Chanussot, J.,
2021. Graph convolutional networks for hyperspectral image
classification. IEEE Transactions on Geoscience and Remote
Sensing 59, 5966—-5978. doi:10.1109/TGRS.2020.3015157.

Hu, M., Jiang, K., Wang, Z., Bai, X., Hu, R., 2023. Cycmunet+:
Cycle-projected mutual learning for spatial-temporal video
super-resolution. IEEE Transactions on Pattern Analysis and
Machine Intelligence .

Kumar, N., Singh, P.; 2025. Small and dim target detection
in infrared imagery: A review, current techniques and future
directions. Neurocomputing , 129640.

Li, B., Xiao, C., Wang, L., Wang, Y., Lin, Z., Li, M., An, W., Guo,
Y., 2022. Dense nested attention network for infrared small
target detection. IEEE Transactions on Image Processing 32,
1745-1758.

Lin, X., He, J., Chen, Z., Lyu, Z., Fei, B., Dai, B., Ouyang,
W., Qiao, Y., Dong, C., 2023. Diffbir: Towards blind image
restoration with generative diffusion prior. arXiv preprint
arXiv:2308.15070 .

Liu, Q., Liu, R., Zheng, B., Wang, H., Fu, Y., 2024. Infrared
small target detection with scale and location sensitivity, in:
Proceedings of the IEEE/CVF Computer Vision and Pattern
Recognition, pp. 17490-17499.

Liu, Z., Lin, Y., Cao, Y., Hu, H., Wei, Y., Zhang, Z., Lin, S., Guo,
B., 2021. Swin transformer: Hierarchical vision transformer
using shifted windows, in: Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 10012—
10022.

Lu, Y., Li, Y., Guo, X., Yuan, S., Shi, Y., Lin, L., 2025.
Rethinking generalizable infrared small target detection: A
real-scene benchmark and cross-view representation learning.
arXiv preprint arXiv:2504.16487 URL: https://arxiv.org/
abs/2504.16487.

Lu, Y., Lin, Y., Wu, H., Xian, X., Shi, Y., Lin, L., 2024. Sirst-
5k: Exploring massive negatives synthesis with self-supervised
learning for robust infrared small target detection. IEEE
Transactions on Geoscience and Remote Sensing .

van der Maaten, L., Hinton, G., 2008. Visualizing data using
t-sne. Journal of Machine Learning Research 9, 2579-2605.

Mao, Q., Li, Q., Wang, B., Zhang, Y., Dai, T., Chen, C.L.P., 2024.
Spirdet: Toward efficient, accurate, and lightweight infrared
small-target detector. IEEE Transactions on Geoscience and
Remote Sensing 62, 5006912.

Peng, S., Ji, L., Chen, S., Duan, W., Zhu, S., 2025. Moving
infrared dim and small target detection by mixed spatio-
temporal encoding. Engineering Applications of Artificial
Intelligence 144, 110100.

Rawat, S.S., Verma, S.K., Kumar, Y., 2020. Review on recent
development in infrared small target detection algorithms.
Procedia Computer Science 167, 2496-2505.

Rivest, J.F., Fortin, R., 1996. Detection of dim targets in digital
infrared imagery by morphological image processing. Optical
Engineering 35, 1886-1893.

Rombach, R., Blattmann, A., Lorenz, D., Esser, P., Ommer, B.,
2022. High-resolution image synthesis with latent diffusion
models, in: Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 10684—-10695.

Shen, Y., Li, Q., Xu, C., Chang, C., Yin, Q., 2025. Graph-based
context learning network for infrared small target detection.
Neurocomputing 616, 128949.

Shi, Y., Lin, Y., Wei, P., Xian, X., Chen, T., Lin, L., 2024. Diff-
mosaic: augmenting realistic representations in infrared small
target detection via diffusion prior. IEEE Transactions on
Geoscience and Remote Sensing .

Teutsch, M., Kriiger, W., 2010. Classification of small boats in in-
frared images for maritime surveillance, in: 2010 International
WaterSide Security Conference, IEEE. pp. 1-7.

Van Den Oord, A., Vinyals, O., et al., 2017. Neural discrete
representation learning. Advances in neural information
processing systems 30.

Wang, A., Li, W., Wu, X., Huang, Z., Tao, R., 2022. Mpanet:
Multi-patch attention for infrared small target object detec-
tion, in: IGARSS 2022-2022 IEEE International Geoscience
and Remote Sensing Symposium, IEEE. pp. 3095-3098.

Wang, H., Zhou, L., Wang, L., 2019. Miss detection vs. false
alarm: Adversarial learning for small object segmentation in
infrared images, in: Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pp. 8509-8518.

Wang, S., Celebi, M.E., Zhang, Y.D., Yu, X., Lu, S.,; Yao,
X., Zhou, Q., Miguel, M.G., Tian, Y., Gorriz, J.M., et al.,
2021. Advances in data preprocessing for biomedical data
fusion: An overview of the methods, challenges, and prospects.
Information Fusion 76, 376-421.

Wu, X., Hong, D., Chanussot, J., 2022. Uiu-net: U-net in u-net for
infrared small object detection. IEEE Transactions on Image
Processing 32, 364-376.

Xi, Y., Zhou, Z., Jiang, Y., Zhang, L., Li, Y., Wang, Z., Tan, F.,
Hou, Q., 2023. Infrared moving small target detection based
on spatial-temporal local contrast under slow-moving cloud
background. Infrared Physics & Technology 134, 104877.

Junyao Li et al.: Preprint submitted to Elsevier

Page 10 of 11

www.xueshuxiangzi.com


http://dx.doi.org/10.1109/LGRS.2024.3401838
http://dx.doi.org/10.1109/TIP.2015.2496289
http://dx.doi.org/10.1109/TGRS.2020.3015157
https://arxiv.org/abs/2504.16487
https://arxiv.org/abs/2504.16487

Xiao, Y., Yuan, Q., Jiang, K., He, J., Jin, X., Zhang, L.,
2023. Ediffsr: An efficient diffusion probabilistic model for
remote sensing image super-resolution. IEEE Transactions on
Geoscience and Remote Sensing .

Xiao, Y., Yuan, Q., Jiang, K., Jin, X., He, J., Zhang, L., Lin, C.,
. Local-global temporal difference learning for satellite video
super-resolution. arXiv preprint arXiv:2304.04421 .

Yang, H., Wang, J., Bo, Y., Wang, J., 2025. Istd-detr: A deep
learning algorithm based on detr and super-resolution for
infrared small target detection. Neurocomputing 621, 129289.

Ying, X., Wang, Y., Wang, L., Sheng, W., Liu, L., Lin, Z., Zho,
S., 2022. Mocopnet: Exploring local motion and contrast
priors for infrared small target super-resolution. arXiv preprint
arXiv:2201.01014 .

Yuan, S., Qin, H., Yan, X., Akhtar, N., Mian, A., 2024. Sc-
transnet: Spatial-channel cross transformer network for in-
frared small target detection. IEEE Transactions on Geo-
science and Remote Sensing 62, 1-15. doi:10.1109/TGRS.2024.
3383649.

Yun, S., Han, D., Oh, S.J., Chun, S., Choe, J., Yoo, Y., 2019.
Cutmix: Regularization strategy to train strong classifiers
with localizable features, in: Proceedings of the IEEE/CVF
international conference on computer vision, pp. 6023-6032.

Zhang, F., Hu, H., Zou, B., Luo, M., 2025. M4net: Multi-
level multi-patch multi-receptive multi-dimensional attention
network for infrared small target detection. Neural Networks
183, 107026.

Zhang, H., Cisse, M., Dauphin, Y.N., Lopez-Paz, D., 2017.
mixup: Beyond empirical risk minimization. arXiv preprint
arXiv:1710.09412 .

Zhang, M., Zhang, R., Yang, Y., Bai, H., Zhang, J., Guo, J.,
2022. Isnet: Shape matters for infrared small target detection,
in: Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, IEEE/CVF. pp. 877-886.

Zhang, M., Zhang, R., Yang, Y., Bai, H., Zhang, J., Guo, J.,
2023. Isnet: Shape matters for infrared small target detection.
Information Fusion 97, 1-13. doi:10.1016/j.inffus.2023.05.
005.

Zhang, S., Wang, Z., Xing, Y., Lin, L., Su, X., Zhang, Y., 2024.
Scafnet: Semantic-guided cascade adaptive fusion network
for infrared small targets detection. IEEE Transactions on
Geoscience and Remote Sensing 62, 1.

Zhong, S., Zhou, H., Zheng, Z., Ma, Z., Zhang, F., et al., 2024.
Hierarchical attention-guided multiscale aggregation network
for infrared small target detection. Neural Networks 171, 485—
496.

Junyao Li et al.: Preprint submitted to Elsevier

Page 11 of 11 .
Wwww.xXuesnuxiangzi.com


http://dx.doi.org/10.1109/TGRS.2024.3383649
http://dx.doi.org/10.1109/TGRS.2024.3383649
http://dx.doi.org/10.1016/j.inffus.2023.05.005
http://dx.doi.org/10.1016/j.inffus.2023.05.005

