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Abstract: The co-phase error detection of segmented mirrors is currently a critical focus of scientific re-
search. Co-phase detection technology based on a broad-band light source solves the problem of long meas-
urement times caused by the Shackle-Hartmann method’s low target flow rates, thereby improving the accur-
acy and range of piston error detection. However, in the application of the current broad-band algorithm, the

complex environment and the presence of disturbing factors such as camera perturbations cause the acquired
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circular aperture diffraction images to contain a certain amount of noise, which leads to a correlation coeffi-
cient value below the set threshold, reduces the accuracy of the method, and even makes it ineffective. To
solve the problem, we propose a method by integrating an algorithm based on Denoising Convolutional
Neural Network (DnCNN) into the broad-band algorithm in order to control the noise interference and retain
the phase information of the far-field image. First, the circular hole diffraction image obtained by using
MATLAB is used as the training data for DnCNN. After the training, the images with different noise levels
are imported into the trained noise reduction model to obtain the denoised image as well as the peak signal-
to-noise ratios of the circular hole diffraction images before and after denoising. The structural similarity
between the two images and the clear and noiseless image are also obtained. The results indicate that the av-
erage structural similarity between the denoised image and the ideal clear image has significantly improved
compared to the image before processing, and this achieves an ideal denoising effect, which effectively in-
creases the ability of broad-band algorithms to cope with the effects of high noise conditions. This study has
strong theoretical significance and application value for exploring the broad-band light source algorithm for

applications in practical co-phase detection environments.
Key words: segmented mirror; piston error; circular diffraction; image denoising; DnCNN
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Fig. 1 Schematic diagram of circular aperture diffraction

between submirrors
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Fig. 8 Plots of the noise reduction effect of different meth-

ods for Gaussian noise for four sets of submirror
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Tab.1 SSIM values between images containing Gaussi-

an noise with four sets of submirror piston er-

rors before and after noise reduction and clear

noise-free images

SSIM{H

piston
BM3D WNNM DnCNN
—0.2 um 0.3527 0.2049 0.9747
0 0.2680 0.1376 0.9811
0.2 um 0.3639 0.2109 0.9762
2 um 0.3959 0.2294 0.9810
SSIM¥J{H 0.3451 0.1957 0.9783
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Fig. 10 The denoising effect of different methods on Pois-
son noise for four sets of submirror piston errors of
—0.2 pm, 0, 0.2 um, and 2 pum (from left to right).
(a) Clear images; (b) noisy images; (c) images de-
noised by BM3D network; (d) images denoised by
DnCNN
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Tab.3 SSIM values between images containing Pois-
son noise with four sets of submirror piston er-
rors before and after noise reduction and clear

noise-free image

piston=—0.2 um piston=0 piston=0.2 pm piston=2 pm M

MFZ 4 0T LUE H, BEM T ) BT R R S
TH BSR4 8] SSIM {HAE 4 Fi' piston 1522 2%
T . PSNR {E7E 30 dB £ 10 dB 22 [a] ()°F H1{6 43
A 05741, 0.5852, 0.5783. 0.6161; 4 i Dn-
CNN P M 4b B J5 ) (5 FL AT 559 1 48 5 385 A A i
I 1E] SSIM B 3448 53511 0.9993., 0.9992,

BM3D 09114 0.8966 0.9334 09046 09115

0.9993.,0.9991,

DnCNN 0.9998 0.9998 0.9997 0.9998  0.9998

R4 44T piston IRZET, PSNRTE 30 dB Z 10 dBSEE M MIPEIERT. PEIREEIR S BEM IR FEE K ZEH
SSIM {&
Tab.4 SSIM values of pre- and post-noise reduction images and clear noise-free images with PSNR in the range of

30 dB to 10 dB for four sets of submirror piston errors

piston=-0.2 um piston=0 piston=0.2 pm piston=2 um
PSNR before after before after before after before after
10 0.0726 0.9973 0.0579 0.9970 0.0761 0.9973 0.0838 0.9973
14 0.2046 0.9995 0.2032 0.9996 0.1985 0.9995 03131 0.9996
18 0.5811 0.9995 0.5337 0.9993 0.5453 0.9995 0.6148 0.9981
22 0.7555 0.9997 0.8255 0.9998 0.7599 0.9995 0.7926 0.9997
26 0.8767 0.9999 0.9125 0.9999 0.9406 0.9998 0.9617 0.9999
30 0.9543 0.9998 0.9781 0.9998 0.9496 0.9999 0.9307 0.9997
AVG 0.5741 0.9993 0.5852 0.9992 0.5783 0.9993 0.6161 0.9991
11250 72 20 nm k2B, PR FIL pis- .
5 KIEiE

ton 1R 2= FAHE X 18] 4 [-2 pum, 2 um] A E A E 25
PiEh g . B 58 A i i T e S R AEAE T
B FLAT IS8 o DAL 11 W] T, R 5 A [ FL AT S
PG A B AR DG R B R IR BRI, e A 25 1 50
T I M P AR AR 45 SR AHARL, 26 B DnCNN XA #4
MRS SR ) T BRAR R

5.1 HEkIE

TERGWE 12 Frw, o PHEEEEHPIAS
XK R 100 nm., fiPRAE4E8 2000 nm, H JE
FER 15 nm BIESIIE 54 ST RS2 Rt
IR, Hod S1 AR ZEAT, T3R5 400~800 nm 1)
Fia G, S2 i 650 nm [HOE; L1 A1 L1& MR HE
4 400 mm #fE ELiEGE; L2, L3, L4 R L, £
#5735 100, 400, 100 mm; R1 1 R2 431 J2
455 BS1. BS5 M40 t#e 55, BS2. BS3. BS4 Wy
43645 S-H 25 Shack-Hartmann( SH) I Rij /% J&%

1.0

0.7r

AR a5, SH U Hi & 8 A% 19 1 FL 42 4 10 mm>5.7 mm,

I R il SEFLREIE A 1717 4R TE T, B it

- 1 eomm : #4100 mm; S-H 1) CCD {2 51K 5.5 um, 43
IR —— 4 3206<2472: CODI f 490 12964966,

Fig. 11  Effect of DnCNN Poisson noise reduction BE Nk 3.75 um; CCD2 1 CCD3 O &y
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Fig. 12 Co-phase error detection system
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Fig. 13 Camera direct images (a) without piston error

(b) with piston error
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Fig. 14 Comparison of denoise effect after image enhance-

(©)

ment. (a) (b) Original noise-containing images;

(c) (d) images after denoising
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0.6917, 0.706 1, 0.708 3; X} TIAFA M, PSNR 1E
30 dB % 10 dB [P, M KR 5 SRAEE M 1]
1R Z a1 F-) SSIM {28 0.574 1, 0.5852., 0.5783,
0.6161, Z:it DnCNN &b B 5, = 4 W 5 [ 0t 2]



1338

FEDEE (hgEso

17 %

1655 BRARTE 0 R 22 18] 14 F- 241 SSIMLE 43 531 hy
0.9744. 0.9937. 0.9754. 0.979 0; 1AM (A g []
1655 BAETE B R 22 18] 9 F- 3241 SSIMLEL 43 531l hy
0.9993.0.9992. 0.9993. 0.999 1, H A5 R K5
FI| B 42 57, DnCNN AR 1) Je e g0 2R v F 3 1

&% Lk

0.9 (Y EBR, ARG 1 SE BRIA A R S A
RN RETT o AR H B PR A I 3 [ (R
WM T T I T 38 R, $R s 1 v B A i
ZERTIN B MR TE o T AT B2 S B AR
SR B PR e P Ak PR P S

(1]

[2]

(3]

(4]

(8]

(9]

[10]

(11]

[12]

[13]

[14]
[15]

[16]

ERA, B, 2F B RO RIn S e Bim O R SR 1], F B k5 (F 3£ 50), 2022, 15(5): 973-982.
HUO Y L, YANG F, WANG F G. Overview of key technologies for segmented mirrors of large-aperture optical
telescopes [J]. Chinese Optics, 2022, 15(5): 973-982. (in Chinese).

LA, Sfk, TR SR R G R 1R 22 1 DU HE AL I A I 7 12 (0] ok 55 S b F 2 b I, 2023, 60(15):
1528001.

MA SH F, XIAN H, WANG SH Q. Detection of piston error of synthetic aperture system using pyramid sensor[J].
Laser & Optoelectronics Progress, 2023, 60(15): 1528001. (in Chinese).

HUANG L SH, WANG J L, CHEN L, et al.. Visible pyramid wavefront sensing approach for daylight adaptive
optics[J]. Optics Express, 2022,30(7): 10833-10849.

LIB, YANG A K, LI Y B, et al.. Research on co-phasing detection of segmented mirror based on convolutioned neural
networks[J]. Optics & Laser Technology, 2023, 167: 109737.

R, WA, 50 F L SR TSN BOCIRBHESOIT AR BORBEFE (1], F B4, 2022, 15(4): 797-805.

LI B, YANG A K, ZOU J P. A new co-phasing detection technology of a segmented mirror based on broadband
light[J]. Chinese Optics, 2022, 15(4): 797-805. (in Chinese).

SHEELA C J J, SUGANTHI G. An efficient denoising of impulse noise from MRI using adaptive switching modified
decision based unsymmetric trimmed median filter[J]. Biomedical Signal Processing and Control, 2020, 55: 101657.
DABOV K, FOI A, KATKOVNIK V, et al.. Image denoising by sparse 3-D transform-domain collaborative
filtering [J1. IEEE Transactions on Image Processing, 2007, 16(8): 2080-2095.

GU SH H, ZHANG L, ZUO W M, et al.. Weighted nuclear norm minimization with application to image denoising[C].
Proceedings of 2014 IEEE Conference on Computer Vision and Pattern Recognition, IEEE, 2014: 2862-2869.

FH P, QF, 15, F. Wkt %L ak4s DnCNN #£5F BOTDA 122 b #F 52 [J/OL]. F Bk, 1-15[2024-04-24]. http:/
kns.cnki.net/kems/detail/31.1339.TN.20240220.1406.092.html.

LI W Q, BAI Q, ZAN W, et al.. SNR enhancement for BOTDA by DnCNN and pulse coding [J/JOL]. Chinese Journal
of Lasers, 1-15[2024-04-24]. http://kns.cnki.net/kcms/detail/31.1339.TN.20240220.1406.092.html. (in Chinese).
SCHMIDT U, ROTH 8. Shrinkage fields for effective image restoration[C]. Proceedings of 2014 IEEE Conference on
Computer Vision and Pattern Recognition, IEEE, 2014: 2774-2781.

CHEN Y J, POCK T. Trainable nonlinear reaction diffusion: a flexible framework for fast and effective image
restoration[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6): 1256-1272.

ZHANG K, ZUO W M, CHEN Y J, et al.. Beyond a Gaussian Denoiser: residual learning of deep CNN for Image
denoising[J]. IEEE Transactions on Image Processing, 2017, 26(7): 3142-3155.

FR, AT, SRR, S ST IR ) B BHE BN IR it TE L], B3R, 2023, 50(22): 2204001

LI B, YANG A K, SUN ZH X, et al.. Research on new co-phasing detection method of segmented mirror based on deep
learning[J]. Chinese Journal of Lasers, 2023, 50(22): 2204001. (in Chinese).

GONZALEZ R R C, WOODS R E. Digital Image Processing[M]. 3rd ed. Noida, India: Pearson education india, 2009.
R, Bk, R, 5. AR A TR TR ) B RIEAG T (7). SR8 43 AT AT, 2024(2): 220058,

JING T CH, DUAN H G, ZHAO X, et al.. Deep learning based channel estimation in PLC communication[J]. Study on
Optical Communications, 2024(2): 220058. (in Chinese).

F¥,RAT, & RR, BT IR AU ELG 1208 U 3 R G AT SRS LR T U] % TR,
2024,45(6): 1747-1760.

LI P, ZHOU Y, CAO R G, et al.. A denoising method for complex background noise of infrared imaging guidance


https://doi.org/10.37188/CO.2022-0109
https://doi.org/10.37188/CO.2022-0109
https://doi.org/10.37188/CO.2022-0109
https://doi.org/10.37188/CO.2022-0109
https://doi.org/10.37188/CO.2022-0109
https://doi.org/10.37188/CO.2022-0109
https://doi.org/10.1364/OE.449021
https://doi.org/10.37188/CO.2021-0234
https://doi.org/10.37188/CO.2021-0234
https://doi.org/10.1016/j.bspc.2019.101657
https://doi.org/10.1109/TIP.2007.901238
http://kns.cnki.net/kcms/detail/31.1339.TN.20240220.1406.092.html
http://kns.cnki.net/kcms/detail/31.1339.TN.20240220.1406.092.html
http://kns.cnki.net/kcms/detail/31.1339.TN.20240220.1406.092.html
https://doi.org/10.1109/TPAMI.2016.2596743
https://doi.org/10.1109/TIP.2017.2662206
https://doi.org/10.3788/CJL221357
https://doi.org/10.3788/CJL221357
https://doi.org/10.12382/bgxb.2023.0307

%68 L i, S T VR IR o e 0 IO 265 11 9 30 B L AR A I A 9 1339

system based on deep learning and dual-domain fusion[J]. Acta Armamentarii, 2024, 45(6): 1747-1760. (in Chinese).
(171 BUsok, B R4, 4 BR5E, . BETIRE I IFAT 2 LR [T, 3 s 405 £ 42, 2023, 51(9): 2103-2108.
YAN Q B, ZHOU X CH, ZAN M Y, et al.. Parallel network denoising method based on residual connection[J].
Computer & Digital Engineering, 2023, 51(9): 2103-2108. (in Chinese).
[18] LI D Q, XU SH Y, WANG D, et al.. Phase diversity algorithm with high noise robust based on deep denoising
convolutional neural network [J]. Optics Express, 2019, 27(16): 22846-22854.

fE& BN
25 ik (1989—), B3 VLVG VRN, 11, Wi 082, AR 38 38 R 24 B AL 2 B 200, 2012 4R F iR
SRR E A, 2017 AT v R 2 B ol e B R AIF 5 i SRS 22 07, 2 A DR AR 4G T
d= =} A 2% 635 N H ST . E-mail: libingioe@126.com


https://doi.org/10.12382/bgxb.2023.0307
https://doi.org/10.3969/j.issn.1672-9722.2023.09.030
https://doi.org/10.3969/j.issn.1672-9722.2023.09.030
https://doi.org/10.1364/OE.27.022846
mailto:libingioe@126.com

	1 引　言
	2 宽波段共相检测技术原理及噪声影响分析
	2.1 检测原理
	2.2 噪声影响分析

	3 DnCNN的损失函数和网络架构
	4 仿真分析
	4.1 数据集准备及网络训练
	4.2 仿真结果及对比分析

	5 实验验证
	5.1 数据来源
	5.2 实验结果

	6 结　论
	参考文献

