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A System Noise Removal Method for Series Images from
Spaceborne Area Array Camera

WU Zhangping' WANG M:' CHEN Ru'
1 State Key Laboratory of Information Engineering in Surverying , Mapping and Remote Sensing, Wuhan University, Wuhan 430079, China

Abstract: Objectives: Due to the difficulty of the on—orbit radiometric calibration of area—array camera, a
large amount of system noise will appear in the area—array imaging remote sensing images when the relative
radiometric calibration coefficients are not accurate enough or the satellite state changes. Most of the existing
denoising methods are based on the spatial domain correlation or transform domain correlation of images, and
the denoising images will have the problem of losing edge details and texture characteristics. We analyze the
source of the system noise and propose a method to remove system noise using series images based on the
correlation of system noise in the time axis of series images. Methods: First, the original image and the
Gaussian filtered image are combined in a ratio operation to eliminate the radiation characteristics to obtain
multiple texture images. Second, the circular local binary pattern operator and Grubbs criterion are combined
to eliminate the gradient characteristics to obtain multiple noise images. Third, the correction coefficients are
obtained by the superposition of multiple noise images, and further used to filter out the system noise. Re-
sults: The simulated and real images are used as the experimental data. Our proposed method was compared
with non-local mean, discrete cosine transform (DCT), wavelet thresholding denoising, weighted nuclear
norm minimization (WNNM), and block matching 3-D filtering (BM3D). Our method obtains the highest
peak signal-to—noise ratio and structural similarity index with different noise levels in simulation experiments.

In experiments on real data, laboratory coefficient correction, DCT, and wavelet thresholding could not re-
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move the noise effectively. BM3D and WNNM can efficiently remove noise and obtain high signal-to—noise

ratio, but the edge and texture details are lost seriously. Our method effectively removes the noises, while

preserving the edge details and texture information. Conclusions: The results show that the proposed meth-

od can effectively maintain image edge details and texture information while removing image noise.

Key words: area—array camera; series images denoising; GF-4
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Table 1 Quantitative Indexes of Simulation Experiment
W i 2% Ay 30 W 7 b e 22 Oy 40 W& 7 b fE 2 24y 50 W 7 b 22 A 60

PSNR/dB SSIM  FSIM PSNR/dB SSIM  FSIM PSNR/dB SSIM  FSIM PSNR/dB  SSIM FSIM
WERE MR 30.2426  0.9937 0.9948 27.8145 0.9891 0.9911 25.9275 0.9835 0.9868 24.4139  0.9771 0.9820
NLM 29.7981 0.9921 09918 27.8832 0.9893 0.9878 26.3346 0.9864 0.9874 244139 0.9771 0.977 2
BM3D 30.6482 0.9949 0.9945 28.3710 0.9920 0.9915 26.6604 0.9891 0.9892 25.2177 0.9855 0.9861
DCT 30.2841 0.9938 0.9946 27.8632 0.9893 0.9910 26.1400 0.9851 0.9844 246849 09798 0.9800
WNNM  26.0759 0.9687 0.9495 25.2446 0.9673 0.9503 23.8698 09576 0.9318 23.1461 0.9558 0.9319
/NIEBIME 29.2815  0.9902 0.9784 28.1026 0.9906 0.9875 26.2895 0.9862 0.9849  24.8259 0.9813 0.9729
ARCHE 31,2902 0.9961 0.9958 28.9043  0.9937 0.9937 27.0213 0.9906 0.9911 255071 0.9871 0.9882
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Fig. 3 Denoising Results of Simulated Image with 6=30
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Fig. 5 Denoising Results of Simulated Image with 6=60
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Table 2 Quantitative Indexes of Denoised Images
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