$39% 456 M b = = SO Vol. 39, No. 6
2019 4£ 6 A Acta Optica Sinica June, 2019

BT e A 8% 11 4 R INE RS SRR 202 05 1%

MER" HEE, R
i 23 () B AR A 5T Be b o ] TR BF ST B, bR 100190

WE SR RICEMEGIRLERT)Z N E R FAT 08 P AR A T 5 R E W SR g R R iR
BT ER R S R BUSOR e 2s . O 3R B SUTRUDN e, 4R L — R o R A A R B R ST R MR T 1, O Ak
TR E T —Fh i A R RS S B 2 4 AR il T 2 E S JHES T 2R,
B 2% B R ST I A B A W B (5 e L P 3R 8 T 11,28 dBs 76 RUR M R B9 450 T o A ST 1k A9 S 13 4k B i ] 4
N 0.2 s, 3L/ TAE G 2 W 45 77 2 i) b SR IAT ) 5 L X ) 24 R A7 It R AR S ik R R AL IR L 1 4
FHROR B B 24T T 88.9 1%,

KR BRI BTRWAMLE; 2R EGURS; FR2ZEML BERAZE; BERIBL 1Sk

FE S %ES  TP183; TN215 XHERFRIAED A doi: 10.3788/A0S201939.0610003

Neural Network-Based Noise Suppression Algorithm for
Star Images Captured During Daylight Hours

Liu Yuchen”, Zhao Chunhui, Xu Qing
Beijing Institute of Control Engineering, China Academy of Space Technology, Beijing 100190, China

Abstract

low signal-to-noise ratio (SNR), which makes it difficult for traditional algorithms to extract the star from the

Typically, star images captured in the atmosphere during daylight hours have a strong background and

images. To improve the recognition rate, we propose an accurate method for simulating star images and train a deep
convolutional neural network with a downsampling layer using the simulated images. The trained network can
denoise and enhance the star images. Experimental results demonstrate that the proposed method improves the peak
SNR by 11.28 dB within an average runtime of 0.2 s, which is significantly less than that of a traditional neural
network. In addition, we test the proposed method on the trained network using real star images and find that the
improved SNR is 88.9 times greater than that of the existing methods.

Key words image processing; convolutional neural network; star sensor used during daylight hours; residual
network; down-sampling layer; star-image simulation; noise suppression
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Table 1 Example of input parameters for ModTran software

Latitude season

Mid-latitude summer

Latitude season

Mid-latitude summer

Terrain
Weather
Altitude H /km

Forest
Sunny

8

Altitude angle of observation g, /(*) 70

Solar azimuth g, /(%)

Solar elevation 8 /(°)

90
70
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Table 2 Optical-system parameters of detector

Parameter Value Parameter Value
F /) 2 N, XN, /(pixel X pixel) 512X512
S,ix /pm 11 f /mm 161.1
D /mm 41 T 0.80

¢ 0.75 Q 0.40
d. 120000e OhrNU 0.0001
¢t /ms 10 n 3

Amin /DM 800 I in 400

Amax /0 1100 I o 3600
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Table 3 Input parameters of ModTran software

Latitude season Mid-latitude summer Latitude season Mid-latitude summer
Terrain Forest Altitude angle of observation p, /(%) 50-90
Weather Sunny Solar azimuth g, /() 55-150

Altitude H /km 8 Solar elevation 0 /(°) 70
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Fig. 1 Relationship between pixel response and different input parameters. (a) Solar azimuth; (b) altitude angle of observation
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Fig. 3 Structural diagrams of different network shortcut connections.
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Fig. 4 Convergence curves of network with different

types of shortcut connection
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Table 4 Running time of network with different

functional structures
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Fig. 6 Processing results of different algorithms. (a) Original star image; (b) K-SVD;
(¢) BM3D; (d) DnCNN; (e) proposed method
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Table 5 PSNR of different algorithms

Algorithm PSNR /dB
Original star image 22.36
K-SVD 25.43
BM3D 26.15
DnCNN 37.42
Proposed algorithm 37.43
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Table 6 Running time of different algorithms

Algorithm K-SVD BM3D DnCNN  Proposed
tGpu /ms - - 45.43 16.84
tepu /s 1.64 1.84 12.12 0.21
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Table 7 Statistical Rsy of star points after denoising by

different algorithms

Algorithm Rs /dB
Original image 5.82
Algorithm in Ref. [8] 7.95
Algorithm in Ref. [7] 7.56
Proposed algorithm 195
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Fig. 7 Renderings of real star image after denoising and subtracting background by different algorithms.

(a) Original image; (b) algorithm in Ref. [7]; (¢) algorithm in Ref. [8]; (d) proposed algorithm
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