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ABSTRACT

In this work, we evaluate a especially crafted deep convolutional neural network to provide with estimations of
the wavefront aberration modes directly from pyramidal wavefront sensor (PyWFS) images. Overall, the use
of deep neural networks allow to improve the estimation performance as well as the operational range of the
PyWFS, especially when considering cases of strong turbulence or bad seeing ratios Dg/rg. Our preliminary
results provide with evidence that by using neural nets, instead of the classic linear estimation methods, we can
obtain a low modulation sensitivity response while extending the linearity range of the PyWFS, reducing the
residual variance by a factor of 1.6 when dealing with a ry as low as a few centimeters.
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1. INTRODUCTION

For demanding Adaptive Optics (AO) applications, such as for large telescopes, and soon by extremely large
telescopes, the pyramidal wavefront sensor (PyWFS)! has demonstrated to deliver the required sensitivity in
terms of wavefront measurements. To do so, the PyWFS performs uses a multi-faceted prism, generating multiple
sub-pupil versions that are projected onto an imaging detector.

Nevertheless, the PyWFS provides with a trade-off between high sensitivity and low linearity. Fig. 1 illustrates
the sensor frame obtained by the same phase map with different strengths. As the strength increases, we can
observe that the intensity gets concentrated in fewer pixels, which lead to linearity problems in the estimation.

Phasemap Case 1 Case 2 Case 3

Case 6

Figure 1: The phase map correspond to a random distribution with a standard deviation of 0.201nm. Cases 1-6
correspond to the PyWFS image using different multipliers on the input phase map: 2x, 4x, 5x, 7x, and 9x,
respectively.

Moreover, it is relevant to consider that the PyWFS requires a precise alignment of the PSF on top of the apex
of the pyramid to deliver a proper estimation of the modes, that would otherwise be dominated by tip and tilt.
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To improve this feature, a tip-tilt mirror is used to modulate the PSF around the apex, improving the linearity
but diminishing the sensitivity.?3 The magnitude of the modulation radius, or simply modulation, is defined as
M = n\/D, where ) is the wavelength of the light beam, D is the diameter of the spot,*® respectively. When
using traditional least-squares estimation methods, an optical gain correction using convolution techniques® or
external sensors can alleviate the linearity problem.

Without modulation, the linear response solely depend on the spatial correlation rg in the pupil. This
correlation allows computing a non-dimensional ratio Dg/rg where Dy is the telescope diameter size. This ratio
indicates the strength of the turbulence independent of the telescope size.

To solve the non-linearity problems present in the PyWFS, we propose to use the WFNet,” a deep neural
network especially crafted for deep learning wavefront sensing from intensity images.® This convolutional neural
network (CNN) can recognize and estimate a specific number of Zernike or K-L modes from a single image taken
from a PyWFS. Thus, we aim to improve the linearity response of the PyWFSs in future AO systems when
dealing with highly varying turbulence conditions. Fig 2 displays the generative model up to the WFENET which
will be responsible of estimating the incoming phase modes.
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Figure 2: Propagation pipeline off the system: phasemap ¢, tip/tilt mirror for the modulation, the pyramid
glass, and the sensor image, which will feed the WENET training and estimation processes.

2. SIMULATION

We use the OOMAQ? toolbox for MATLAB, generating a dataset to train and validate the the performance of
the WENET. OOMAO allows to simulate the optical path of a theoretical telescope up to the WFS detector
(Guide Star — Atmosphere — Telescope — Sensor). In this work, the simulation conditions were:

Natural Guide star: Photometry V. For wavelength of 0.55 microns.

Atmosphere: A single layer of size 90 km. Seeing ratio Dy/ro ranging from 1.6 to 300 respect to the
telescope diameter.

Telescope: Dy = 1.5 m of diameter, Inclination: on Zenith, Resolution of 268 pixels.

Sensor: 4 faces pyramidal wavefront sensor, modulation M = 3\/D.

Regarding data processing, the datasets were standardized using global normalization,'® and the normalized
reference image Iger is subtracted. This mathematical operation on the images makes them independent of the
star magnitude. The reference image, Igef, is acquired by propagating a flat phasemap through the simulated
optical system. Equation (1) represents the data processing, with Ipataset corresponding to any image from
the dataset, InRaw(¢ar) corresponds to its normalized version, while Iy (¢ = 0) corresponds to the normalized
reference image.

IDataset = INRaw(¢M) - IN(¢ = O) (1)

We simulate 2 - 10° training samples and 6 - 10® validation samples ranging from 15Dy /r¢ to 300Dg/rg in
order to assess the WFNet’s applicability. The WFNet has as input an image of four sub-pupils of 32 pixels to
estimate 54 Zernike or K-L modes. Finally, the modes predicted by the WFNet and the linear estimation of the
PyWEFS are compared.
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Figure 3: The ground-truth value is given by the black line, the WFNet response is given by the red line and,
the blue and green lines represent the classical method for the PyWFS under two different resolutions (32 and 67
pixels per sub-aperture, respectively). (a,b): Comparison for strong-turbulence case: seeing ratio of 100D /7.
(c,d): Comparison under weak-turbulence for seeing ratio of 15 Dg/rg.

3. RESULTS

An example of the WFNet response in a strong turbulence regime Dg/rg ~ 100 is shown in Fig. 3a) and Fig. 3b).
Here, it is possible to observe that the linear response of the PyWFS is significantly lower than the ground-truth
value. However, the estimation of the WFNet shows that it can solve linearity issues when the pupil diameter
is much larger than ry. Furthermore, the obtained performance can be compared to a higher modulation case
using the linear estimation.

Another example of the WFNet response, now in the case of weak turbulence, where Dg/r¢ ~ 16, is shown
in Fig. 3c) and Fig. 3d), where the PyWFS linear estimation is within the linearity range, so the prediction
almost matches the ground truth value. In this scenario, the pyramid reaches one of its best sensitivity values.
Nonetheless, the WFNet also demonstrates that the CNN can accurately estimate the unseen data during
training. Thus, once again, the CNN outperforms the traditional method.

The case for very strong turbulence of rg = 0.1 c¢m is shown in Fig. 4. The WFNet method underestimates
the K-L modes but, at least, it can still predict a similar shape to the ground-truth behavior in the phase map.
In contrast, for the PyWFS method, the prediction was practically null for the cases of 32 and 67 pixels per
sub-pupil. In this case, the seeing ratio is 1500 Dy /rp, and the spatial coherence is 0.17 because the telescope’s
pupil resolution is 268 pixels. As a result, any pixel’s relationship to its neighbors will almost be zero in this
case.

Fig 5 shows the linearity and residual response of the sensor for randoms K-L modes. In practice, the WFNet
is trained using Fourier-phasemaps. Thus, the orthogonality of the system can be tested by activating a single
mode. However, this test still outperforms the traditional PyWFS linear estimation method. In the case of pure
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Figure 4: Example for an extremely case of 7g = 0.1 cm. The red line correspond to the WFNet estimation of
54 K-L modes. This behaviour is very similar to the Zernike mode case.

defocus, the PyWFS and the WFNet overestimated close to value 2. Despite this, the WFNet demonstrated
more stability under this value, and the estimation is much better in this case.
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Figure 5: Top: Linearity response for randoms K-L modes. Bottom: Residual behaviour.

The residual analysis, shown in Fig. 6, has been calculated by the RMSE of the difference between the
prediction and ground-truth values of the reconstructed phase. Here, high-order modes are not analyzed. In this
figure, it is possible to note that the WFNet prediction (red line) has a better response for the Zernike and K-L
modes cases (blue line). In both cases, under the same conditions (resolution), the WFNet residual errors are
smaller than the PyWFS. For the extremely strength case where rg = 0.1 cm, the PyWFS show RMSE = 85.11
nm for Zernike modes and RMSE = 81.02 nm for K-L modes, and the WFNet get RMSE = 53.27 nm in Zernike
and RMSE = 50.15 nm in K-L modes reconstruction. On the other hand, for good seeing cases where ry = 90
cm, the PyWFS and WFNet obtained RMSE = 0.57 nm and RMSE = 0.46 nm, respectively. Also, the green
line shows the residual error when using 67 pixels of resolution per sub-pupil for the PyWFS. In this case, the



system has the same linearity issues for values smaller than ry = 4 cm. Despite this, in the good seeing case, the
resolution is more important to estimate the modes because the perturbations are under the linearity response
range.
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Figure 6: Top: Residual energy using 54 Zernike modes reconstruction. Bottom: Residual energy using 54
K-L modes reconstruction. Blue line: Pyramid reconstruction using sub-pupils of 32 pixels. Red line: WFNet
reconstruction using sub-pupils of 32 pixels. Green line: PyWFS using sub-pupils of 67 pixels.

4. CONCLUSIONS

In this work, we evaluated a especially crafted deep convolutional neural network—the WFNet—to provide with
estimations of the wavefront aberration modes directly from PyWFS images. Overall, the use of deep neural
networks allow to improve the estimation performance as well as the operational range of the PyWFS, especially
when considering cases of strong turbulence or bad seeing ratios Dy /rg.

Under the same conditions, the WFNet outperformed the PyWFS in terms of linearity and reconstruction
error. Although this system was not trained to estimate a single mode, its linearity is clearly improved for the
specific presented cases. The most important feature of this system is that it can maintain the sensitivity even
when the modulation values are decreased.

The residual results of the prediction tests show that the WFNet outperforms the traditional PyWFS method
for both strong-turbulence (high seeing ratio) and good seeing. Finally, the results show that the WFNet improves
the performance of the PyWEFS in the linear regime, and the results in Fig. 4 show promising results for the use
of machine-learning architectures in highly sensitivity applications requiring adaptive optics.
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