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Infrared small target detection based on randomized tensor algorithm

JIAN Yuan, HUANG Zili* , WANG Xun
(Southwest Institute of Technical Physics, Chengdu 610041, China)

Abstract: In order to reduce the computational complexity of the infrared small targets detection algorithm based on tensor
low-rank sparse decomposition and improve the detection performance of infrared dim targets, an infrared small target detection
algorithm based on the randomized tensor algorithm was proposed. The algorithm combines the spatial-temporal tensor of the
image with the randomized algorithm. Firstly, the infrared image sequence was constructed into spatial-temporal tensors as the
input of the tensor optimization model, and then the randomized tensor algorithm was applied to solve the tensor optimization
problem. Finally, the target image was obtained by restoring the calculated sparse tensor to the image. The results demonstrate
that compared with the traditional algorithm based on low-rank sparse decomposition, the proposed algorithm is faster and also has
good detection performance. This study provides a reference for the algorithm acceleration of infrared small target detection based
on tensor low-rank sparse decomposition.
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Fig.3 Procedure of the proposed method in this paper
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Table 1 Target properties of different experimental data /pixel

[31]

data number Rser target size image size
Fig. Sa 5.45 2x2 256%256
Fig. 5b 5.11 3x3 256%256
Fig. 5S¢ 6.33 4x4 256%256
Fig. 5d 3.75 2x2 256%256

3.2 ZHHER
SyS0 A8 TPT 29617 RIPT 8361 | top-hat &
R AR SCAE AR A TR A B R 4 0B
Xof HE Bk & S U 5 R S0 — B, AT 2 5 % 3
BR10T . A SCHB SR RN :2. 2.2 75
FEECR IR 2 9K n, =n, =64, n, =10, A =3/
ny - max(n,,n,) N, =10,7=107;2.2. 1 ThZ%
AIEL T B prr=[n,/37,q=1, T EIR AL BEES
RanE 6 o, KA 1~ %5 4 17405124 1PI top-hat |
RIPT FIASCRBEvE AL B A5 S N AE B4 1~ 56 4
G5y BN Sa~ & 5d 19 4 FpAREg 5, B fE
et 0 DA CA R A B 552 D3 TR P s ) DX 388
s, MBS (13) IS 2045 4l UG A H AR )R8
G 3 S S, R 2 Pion, Rl




132 0

e HOR

2024 4F 1 H

a b [ d
- IIIIIIIIIIIIIIIIIII
RIPTIIIIIIIIIIIIIIIIII

our
algo-
rithm

K6 4 FEEEXINIIE 5 h 4 Fig SRYAL BIAS
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Table 2 Comparison of background suppression performance of different algorithms

data top-hat 1P1 RIPT our algorithm
number Rysp Rscre Ry Ry Rycre Rpsp Rscro
Fig. 5a 2.4741 2.0777 27. 8253 5.2951 11. 869 4.7182 95.5546 78.1503
Fig. 5b 3.3595 2. 9259 19.9748 5. 0564 15.5203 7.5025 30. 3962 46.3231
Fig. 5¢ 2. 0807 3. 1669 10. 7791 4. 4580 7. 866 3.7133 21.4214 24. 4603
Fig. 5d 1.5642 3.3352 14. 9459 30. 3318 10. 0474 26. 3098 39.7541 54. 6129

F 3 NIE)G AL B AL PR P 2 s

Table 3 Average processing time per frame of different algorithms

data number IP1/s RIPT/s  top-hat/s our algorithm/s
Fig. 5a 4.644 0.5711 0.0124 0.0515
Fig. 5b 5.4659 0.6132 0.0134 0.0539
Fig. 5¢ 4.5874 0.6188 0.0131 0. 0683
Fig. 5d 4.5871 0.6577 0.0137 0. 0595
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Fig.7 Results of the deterministic algorithm
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Fig. 5a
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Table 4 Background suppression performance of the deterministic algorithm

data number Rygr Rsere
Fig. Sa 51.9017 61.0455
Fig. 5b 33.5586 43.6552
Fig. 5¢ 20. 1347 26.1133
Fig. 5d 37. 6441 51.4539
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Table 5 Average processing time per frame of the deterministic algorithm

data number average processing time/'s

Fig. 5a 0.0932
Fig. 5h 0. 0901
Fig. Sc 0.1023
Fig. 5d 0. 1003
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