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Object Detection in Degraded Images Under Atmospheric Turbulence
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(1. South China Business College, Guangdong University of Foreign Studies, Guangzhou, 510545, China;2. Xi'an Statellite Con-
trol Center, Xi'an, 710043, China; 3. Rocket Sergeant School of PLA, Qingzhou, 262500, China)

Abstract: Atmospheric turbulence can cause the image degraded with time-varying blur and geometric
distortion. We resolve the object detection problem by proposing a three-step approach. According to the
low-rank decomposition, the first step decomposes the turbulence sequence into two components: the
low-rank stabilized background and the sparse errors. The sparse part in the result of first step includes
turbulence distortion, noise and moving object. Then, the sparse matrix is processed with adaptive
threshold to select the block-sparse mask and the holes within the mask are simultaneously filled. The
low-rank matrix is processed with different Gaussian models to extract the foreground. Finally, a deci-
sion fusion module is introduced to exploit complementary information from two approaches to boost o-
verall detection accuracy. The experimental results have shown the promising performances. Compared
with traditional methods, the proposed approach can not only improve the detection rate, but also handle
the interferences of strong turbulence.

Key words: low-rank decomposition; background modeling; adaptive threshold; fusion decision; object

detection; turbulence-degraded image
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Fig. 4 Object detection results on sample frames from Sequence 1
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Fig. 5 Object detection results on sample frames from Sequence 2
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Fig. 6 Object detection results on sample frames from Sequence 3
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Tab.1 Performance comparison of several object detection approaches

73 1 73 2 #7313
FPR FNR F-Measure FPR FNR F-Measure FPR FNR  F-Measure
GMM 0.2556 0.0333 0.7405 0.5783 0.2190 0.5477 0.9649 0.1619 0.0673

LRSD Three-Term 0.128 2 0.4863 0.5892 0.0873 0.2305 0.7772 0.8953 0.9356 0.0797
SuBSENSE 0.0400 0.2311 0.8539 0.0885 0.2581 0.8180 0.3722 0.0812 0.7459
Ours 0.0423 0.4214 0.7213 0.0800 0.3017 0.8284 0.1551 0.1874 0.8284
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