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Abstract: Using compressive sensing technology in atmospheric turbulent wavefront detected data compression
can greatly reduce the amount of measured data, can effectively reduce the pressure of data transmission and
storage, which is good for real-time measurement of turbulent wavefront. However, the wavefront signal is required
to be sparse or can be sparsely represented in one transform domain. In this paper, a preliminary study of the
sparsity of the atmospheric turbulent wavefront gradient signal is carried out. Based on the statistical characteristics
of atmospheric turbulence, the golden section (GS) is used to make the turbulent power spectrum in the frequency
domain, and the sparse basis is established to meet the physical characteristics of the turbulent gradient, then the
sparsity of the gradient of the turbulent wavefront is clarified. The sparse decomposition of the wavefront gradient is
simulated by using the GS sparse base, and the sparse decomposition effect of different sparsity bases on the
wavefront gradient is compared. On this basis, using the GS basis as the initialization training dictionary, K singular
value decomposition (KSVD) dictionary training is carried out to get the training base (KSVD-GS), and then the
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sparse representation performance of this training base to the wavefront gradient signal is analyzed. This paper
verifies that the wavefront gradient can be sparsely decomposed and build a better sparse basis, and provides the

precondition for the application of compressive sensing.
Keywords: atmospheric turbulence; wavefront gradient; wavefront detection; compressed sensing; sparse decom-

position
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Fig. 1 Atmospheric turbulence phase screen and structure function of logarithmic. (a) Atmospheric turbulence; (b) Structure function
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Fig. 2 The turbulent wavefront gradient in X, Y direction. (a) Wavefront X-direction gradient Gy; (b) Wavefront Y-direction gradient G,
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Fig. 4 When the sparse coefficient is 20 x 256 the restored turbulence and the error graph in each sparse basis. (a) DFT
restored turbulence, PSNR is 34.45; (b) DFT error of turbulence, MAER is 0.038 (c) ODFT restored turbulence, PSNR is 35.56;

(d) ODFT error of turbulence, MAER is 0.034; (e) Zernike restored turbulence, PSNR is 32.82; (f) Zernike error of turbulence,
MAER is 0.047; (g) GS restored turbulence, PSNR is 40.29; (h) GS error of turbulence, MAER is 0.019.
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Table 1 The sparse decomposition performance and running time in each sparse basis when K=20

Basis PSNR/dB MAER Time/s
DFT 36.9066 0.0289 1.735
ODFT 37.252 0.0280 2.430
Zernike 34.837 0.0393 0.8436
GS 39.1987 0.0236 0.8666
KSVD-GS 38.7901 0.0251 0.8369

170616-6



DOI: 10.12086/0ee.2018.170616

(a) 55
50
45
m
R4
o 40
zZ
7
& 55 —+——DFT
— o ODFT
30 — o Zernike
— + GS
25

60 80 100
K value

(b)

MAER

0.10

0.08

0.06

0.04

0.02

—+—DFT

—o——ODFT
—=——Zernike
—+—GS

i

20 40 60 80
K value

100

H5 AHHALERRARKAKT O, (@) RRAMILZK T PSNR; (b) REIH#5 A% T 49 MAER

Fig. 5 The comparison of each sparse basis under different sparse coefficient. (a) PSNR in different sparse coefficient; (b) MAER in

different sparse coefficient
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Fig. 6 The comparison of each sparse basis under different coefficient. (a) PSNR in different sparse coefficient; (b) MAER in different

sparse coefficient
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Fig. 7 The comparison of different sparse basis under different SNR. (a) PSNR of different sparse coefficient; (b) MAER of different

sparse coefficient
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Signal sparse decomposition

Overview: In astronomical imaging observation, the image quality of observation object decreases because of the in-
fluence of atmospheric turbulence and noise. Adaptive optics technique is an effective method to correct atmospheric
turbulence disturbance. Wavefront sensor, as the eye of the adaptive system, can detect the distorted wavefront which is
affected by atmospheric turbulence in real time. As the aperture of the telescope expands, the resolution is improved
and the compressive sensing technique is used to measure the atmospheric turbulent wavefront gradient. Compressive
sensing can greatly reduce the amount of measured data, and effectively reduce the pressure of data transmission and
storage, which is good for real-time measurement of the turbulent wavefront. But this requires the measurement signal
is sparse or can be sparsely represented in one transform domain. In this paper, the sparsity of atmospheric turbulence
wavefront gradient signal is studied. Based on the statistical characteristics of atmospheric turbulence, the turbulent
power spectrum is sampled by golden section (GS) in the frequency domain, to establish a sparse basis that conforms to
the physical characteristics of the atmospheric turbulence, and this basis verifies the sparsity of turbulent wavefront gra-
dient. The sparse decomposition of the wavefront gradient is simulated by using the GS sparse base, and the sparse de-
composition effect on the wavefront gradient is compared under different bases such as discrete Fourier trans-
form(DFT), over complete discrete Fourier transform (ODFT), and Zernike. Changing the sparse coefficient value K,
the sparse representation performances of different sparse basis were discussed. Simulation results show that the sparse
decomposition performance of sparse basis GS established in this paper is better than that other sparse bases, the PSNR
of sparse basis is improved 2 dB~5 dB, and the MAER of sparse basis is 0~0.04 decreased. Then the gradients of 60
phase screens are selected for sparse decomposition, which fully verifies that GS basis effect is better than other sparse
bases. On the GS basis, the training base (KSVD-GS) is obtained through K-singular value decomposition (KSVD)
method, the sparse representation performance of the training basis of the wavefront gradient signal is analyzed, the
PSNR is increased 2 dB, and the MAER is decreased 0.01. Finally, by increasing the noise and comparing the robustness
of each sparse base, the robustness of the GS base is better than that of other sparse bases. In this paper, we mainly study
the sparse decomposition of the wavefront gradient and provide the precondition for the application of compressive
sensing.
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