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ISTD

» Infrared small target detection (ISTD)

¢ Target

» Difficulties: small size, low SNR, weak contrast

> Advantages: strong concealment, good anti-interference



ISTD

» Trends of “infrared small target detection” on Google Scholar
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» Existing methods
» Filter-based: spatial domain, transformed domain
» Local information-based: local contrast, local entropy
» Data structure-based: subspace, dictionary, tensor representation
» Deep learning-based



DUN

» From iterative optimization to deep unrolling networks
» Gregor-LeCun, ICML, 2010
» Yang-Sun-Li-Xu, IEEE TPAMI, 2020
» Zhang-Chen-Xiong-Zhang, IEEE SPM, 2023
» Chen-Liu-Yin, Science China Mathematics, 2024
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» https://github.com/xianchaoxiu/AI40PT



https://github.com/xianchaoxiu/AI4OPT

RPCANet

» From RPCA to RPCANet
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How to enhance robustness? How to realize lightweight?



Methodology

» From RPCANet to RPCANet+
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» Unconstrained version
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Update B

» Bcakgound estimation module + squeeze-and-excitation network (SEBEM)
Bk = arg mBin R(B) + %HDk_l _ B _ Tk—l _ Nk—1||i_
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Update T

> Target estimation module 4 squeeze-and-excitation network (SETEM)
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Update T

> Sety =105

TH =T 4 (1= y)(D* 1 = B = NF 1) —evS(TH )

TK=TH 14 D — B — NF71 —evS(TH )

¢

4

Tk _ kal + Dkfl o Bk o Nk71 o Eka(kal + Dk71 o Bk o Nk*l)

SEBEM

SETEM

SENRM

SEIRM




Update N

» Noise reduction module + squeeze-and-excitation network (SENRM)

N = argmin uG(N) + %HD"‘l — Bk Tk N2
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Update D

» Image reconstruction module + squeeze-and-excitation network (SEIRM)

D* = BK 4+ Tk + N*
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Architecture
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Experiment

» Compared methods
» |Pl: Gao-Meng-Yang-Wang-Zhou-Hauptmann, IEEE TIP, 2013
MPCM: Wei-You-Li, PR, 2016
PSTNN: Zhang-Peng, RS, 2019
AGPCNet: Zhang-Li-Cao-Pu-Peng, IEEE TAES, 2023
UIUNet: Wu-Hong-Chanussot, |IEEE TIP, 2023
MSHNet: Liu-Liu-Zheng-Wang-Fu, CVPR, 2024
» RPCANet: Wu-Zhang-Li-Huang-Peng, WACV, 2024
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» Evaluation metrics
» Mean intersection over union (mloU 1), Fi-score (F1 1), Probability of detection (Pq 1)
> False alarm rate (F, |)

» Loss function
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Performance

» Quantitative results

NUDT-SIRST IRSTD-1k SIRST-Aug Time(s)
Methods #Params
mloUt F;+ Pyt Fol|moUtT Fit Pyt Fol |[moUT Fit+ Pgt F,l | CPU/GPU
IPI - 3483 5149 9258 7.14 | 18.67 31.48 7854 11.11 | 21.90 3597 80.36 2.20 | 3.0972/-
PSTNN - 2546 4058 7852 7.95 | 1487 2589 6873 6.51 19.76  33.00 93.40 3.14 | 0.2249/-
MPCM - 2596 40.78 7859 7.91 | 1481 2593 69.03 6.51 19.49  33.00 9358 3.04 | 0.0624/-

AGPCNet 12.360M 8541 9215 98.10 472 | 61.00 7575 89.35 534 7236 83.83 99.03 3556 | -/0.0205
UIUNet 50.540M 88.71 9401 9143 189 | 63.06 77.35 93.60 6.57 7180 8359 98.35 2829 | -/0.0317
MSHNet 4.065M 75.99 86.57 96.07 263 | 6450 7755 91.68 4.46 7164 8416 90.78 23.09 | -/0.0245
RPCANet 0.680M 8931 9435 97.14 287 | 6321 7745 8831 4.39 7254 8408 9821 3414 | -/0.0096

RPCANet+ | 0.216M | 92.37 96.04 98.41 1.79 | 64.68 78.55 89.39 4.66 | 74.56 85.43 99.17 29.78 -/0.0072

\ | NUDT-SIRST [ IRSTD-1k | SIRST-Aug
#Size 256 x 256 | 512 x 512 | 256 x 256

#Training 663 800 8525

#Testing 662 201 545







Visualization

» A close look at stages
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Robustness

» Gaussian noise
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» Salt-and-pepper noise

100 100
80 \\\\\
- 60
E40 40
20 20
0 0
0 002 004 006 008 0l 0 002 004 006 008 0.1
(a) mloU (b) Fy
100 100
80 80
60 60
53 [559
20 40
20 20
0 0
0 002 004 006 008 0l 0 002 004 006 008 01

() Pq

(d) Fa



Discussion

> Effects of stage K > Effects of bottleneck channel
(BC) and total channel (TC)
NUDT-SIRST IRSTD-1k SIRST-Aug
K | #Params
moUt Fy 1 | mloUt Fy1 |mloUt Fyt [ #BC | #TC[mloUt | Fit |
0.0360M | 72.83 8428 | 91.39 9551 | 61.26 75.98 4 | 32 | 7456 | 85.43

0.0720M | 72.96 84.37 | 91.61 9562 | 6159 76.24 4 40 | 7254 | 83.08
0.1080M | 73.58 84.78 | 91.53 9558 | 62.60  77.00 4 48 | 7210 | 8259
0.1439M | 73.81 8493 | 90.06 95.06 | 61.98  76.53 4 56 70.34 | 80.08
0.1799M | 7428 8524 | 91.64 9564 | 63.45 77.63 4 64 | 6854 | 78.35
0.2150M | 74.56 85.43 | 92.37 96.04 | 64.68 78.55 8 32 | 7396 | 85.03
0.2519M | 7229 8392 | 8853 9358 | 6229 76.76 16 | 32 | 7119 | 8.17
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Conclusion

» Conclusion

» How to enhance robustness? = RPCA -+ noise reduction + attention mechanism
» How to realize lightweight? = intermediate bottleneck + multi-layer mapping
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» What about the convergence?
> Ryu-Liu-Wang-Chen-Wang-Yin, ICML, 2019
» Mukherjee-Hauptmann-Oktem-Pereyra-Schonlieb, IEEE SPM, 2023
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