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Fig. 1 Schematics of round hole detection principle. (a) Front

view; (b) left view
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Fig. 6 Performance indexes of neural network. (a) Accuracy of validation set during network training; (b) prediction result of test set

4 BT HUE YA T RE T

YPFEB TARR, D T BEATHUE — S iy ] B
R Il AR AR PR T B S A B R HIX 2 S
(] Bt R 22 5 [ FLAE A rho0 S P D 4 T B B X P
TE X Y BF 22 A7 — 7 i 22 , 76 SE PR B2 BT TARR it &
7 O DR 22 5 DR A IR N S 58 2 DAL ™ A
F1R W 7 A AR R A 3 B 45 2 A 2 X IR T R e
i VF R A i U8 R T B R 22, ] e 7 25 8 P i

80 6 45 0 5 L 15222 L AF DL 751 5 R
41 EFLR AR 2 T B 45 0 8 4
SR 22
Ro= (8)
St e L 5 B A 2 %
T 6 53841 15 91 24 T S B 6 47 A
0 (AR B T G 82 % 1 T B
KW 52 22 B B0 217 S R D B 3525 F 25 90 0 B

800 F—mr——x —— ———% 100
RMSE accuracy curve
700 697.5 686.5 R,=0.05 v =
R,=0.10 -
600 496 R,=0.15 [l A
500 o
5 ES
£ &
B 400 492 g
= g
300 <
200 -188
UCVN S || (|| [ —— =
314 30.5 33.3 35.
15000 R 45000 75000
Number of test samples

7 AR, T M A RS 54y RMSE Y ¢ 2 LA It Y o ) 6

Fig. 7 Relationship between number of test samples and residual RMSE and test accuracies under different R,

2204001-5



% 50% £ 22 #1/2023 £ 11 B/ E#*x

AR 0 X R 9 5% 4y RMSE {E AT I35 ) o 8 % o 24 J
DR 22 R,=0.058% 0.10 B, Pt FE AR 1) 1 1 256 249 35 5]
199.8% LA b, B MR 25/ T 40 nmo 2 f o0 1R 22
R,=0.15 i, F00 50 50 A% 2 3 FE A % v 4 24K T
95% o A LA H < T000 B4 B A 1 B30 T A AR 42
2 F A (18 0 45 5 TC B b S
42 FENEETHEMNENEEEI T

RBEAF T G W N 1., P BTN I, bR 122

0y, B A R (Seni) K
S =t (9)
: ry
Pl 8 Sy AN [) W 75 58 22 1 22 A I e A 5308 XoF o 1)
5% A% RMSE {8 AUl 09 #E 5 % o Sone=40 B 45 i}, K6
TAREA () R R IR E) T 99.8% LA b, ¥ iR 22 1
1635 nm ZE A7 o 24 Sew=235 I, K6 I 2 5078 2%, 46 1 K
AR B WERAR T 96 %0 o T LA H - T 5090 B A 1 %k
X o B Al £ [ 446 A AR %) T 45 SR G Dk B )

500 sy T o o mpepepereey L
RMSE accuracy curve
392.2 el b
400 |-| 392. Sau=40 o
Sexe=45 [ ==
-98
g 300 §
= 8
2 g
& 200 <
196
100
N 334 - 314 356 33.3
|| 94
45000 75000

Number of test samples

P8 A [l P A 45 M LR PR A B 5 5% RMISE 956 28 LA 1€ 1 oty 3
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Research on New Co-phasing Detection Method of Segmented Mirror
Based on Deep Learning

LiBin, Yang Akun, Sun Zhaoxiang, Chen Nan

Intelligent Electromechanical Equipment Innovation Research Institute, East China Jiaotong University,
Nanchang 330013, Jiangxi, China

Abstract

Objective A large aperture telescope is needed to achieve long distance observations. The size of a single aperture telescope is
limited by processing costs and other factors, and the segmented mirror technology is expected to break through the single aperture
telescope limit. The key to the realization of segmented mirror technology is fine co-phasing. Currently, the most widely used
technique for co-phasing detection is the broadband and narrowband Shack-Hartmann (S-H) method. The broadband S-H detection
range is large, but the accuracy is low (30 nm), whereas the narrowband S-H method has a high detection accuracy of 6 nm; however,
there is 2 ambiguity effect and its detection range is /2. The conventional cross-correlation algorithm uses two wavelengths to detect
the co-phasing error, which effectively solves the 2x ambiguity effect in single wavelength detection and simultaneously improves the
detection range. In this study, to address the slow detection speed and low accuracy of the current two-wavelength co-phasing
detection method using the cross-correlation algorithm in the detection of large-range co-phasing errors, a two-wavelength co-phasing
algorithm based on convolutional neural networks is proposed to achieve fast and accurate co-phasing detection in large-range co-
phasing errors. First, the circular diffraction image splicing at the two wavelengths is used as the training data for the convolutional
neural network. After training, the circular diffraction splicing image containing the piston error information is input into the trained
model, and the piston error value is detected directly. The robustness of the convolutional network based on convolutional networks

under different error situations is also analyzed.

Methods DBased on the principle of circular diffraction, the circular diffraction pattern with the piston error information is first

obtained through software simulation, and the circular diffraction patterns corresponding to the piston error at the two wavelengths are
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used to splice and obtain the data set for training the network. The convolutional neural network is then constructed, and the model of
the circular aperture diffraction pattern and piston error is trained using the established data set. Finally, after the convolutional neural
network is trained, the circular diffraction pattern at the corresponding wavelength is collected by inserting a circular aperture mask
between the sub-mirrors of the segmented mirror system, and the obtained circular diffraction pattern is used as the input of the neural
network. The piston error between the two sub-mirrors is directly obtained using the trained convolutional neural network model. The

robustness of the convolutional neural network is also analyzed for different error situations.

Results and Discussions The convolutional neural network model is trained with 99.85% accuracy in the validation set and
99.9% accuracy in the test set, with a residual root-mean-square error (RMSE) of 36.7 nm (Fig. 6). The robustness of the
convolutional neural network model under multiple error cases is discussed. When only the eccentricity error (R,) is present, the
residual RMSE of the convolutional neural network is less than 40 nm at R,<<0.1 (Fig. 7). When only the noisy signal-noise-ratio
(Seni) 1s present, the residual RMSE of the convolutional neural network is less than 40 nm for Sg—=40 (Fig. 8). When both errors
are present, the residual RMSE of the convolutional neural network is less than 40 nm for Sgy,~>40 and the eccentricity error R,<<0.1
(Fig. 9). Tt is also demonstrated that the number of prediction data samples has no significant effect on the prediction results of the
convolutional neural network model. Finally, comparing the convolutional neural network-based detection method with the traditional
cross-correlation algorithm (Fig. 10 and Table 2), the convolutional neural network takes 15.88 s to predict 1500 sets of piston error
images successively under the same conditions. Only two images are predicted incorrectly, compared with the lower performance of

the traditional cross-correlation algorithm.

Conclusions Based on the principle of circular diffraction, this study proposes the use of a convolutional neural network for the co-
phasing detection method to solve the problem of slow operation speed based on the cross-correlation algorithm in the current two-
wavelength detection co-phase error method and to achieve faster and more accurate co-phasing detection of the segmented mirror.
The robustness of the convolutional neural network under several error situations is also demonstrated. The detection method based
on the convolutional neural network is compared with the traditional cross-correlation algorithm. The simulation analysis shows that
the two-wavelength detection method based on the convolutional neural network can achieve the requirements of co-phasing detection
with a large range, high accuracy, and fast detection speed. The study provides an experimental reference for the future application of

the co-phasing detection method in engineering experiments.

Key words measurement; convolutional neural network; piston error; segmented mirror; circular diffraction
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