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Abstract. The next generation of adaptive optics (AO) systems requiretomographic techniques in order to cor-
rect for atmospheric turbulence along lines of sight separated from the guide stars. Multi-object adaptive optics
(MOAO) is one such technique. Here, we present a method whichuses an artificial neural network (ANN) to
reconstruct the target phase given off-axis references sources. This method does not require any input of the tur-
bulence profile and is therefore less susceptible to changing conditions than some existing methods. We compare
our ANN method with a standard least squares type matrix multiplication method (MVM) in simulation and find
that the tomographic error is similar to the MVM method. In changing conditions the tomographic error increases
for MVM but remains constant with the ANN model and no large matrix inversions are required.

1 Introduction

The majority of modern adaptive optics (AO) systems (with the exception of extreme AO for extra-
solar planet imaging) make use of tomographic reconstruction techniques. Three major varieties of
tomographic AO currently under investigation are laser tomography AO (LTAO) [1], multi-conjugate
AO (MCAO) [2] and multi-object AO (MOAO) [3,4]. In these cases each guide star only illuminates
a cone within the turbulent volume above the telescope. If the light cones of these guide stars overlap
with the cylinder illuminated by the target we can use tomographic techniques to reconstruct the phase
aberrations along the line of sight to the target.

Here we present a new method which uses an Artificial Neural Network (ANN) to combine the
information from the WFSs and output the integrated reconstructed phase aberrations from the target
to the telescope. We propose to train an ANN off-line with simulated data.This allows us to select and
control what the network learns and means that we can predictto a higher order. One advantage of the
on-sky training is that it will inherently be trained to the concurrent turbulence profile. However, if this
profile were to change then, like other reconstructors that need to be re-calcualted, it would need to be
re-trained.

The reconstructor is named CARMEN (Complex Atmospheric Reconstructor based on Machine
lEarNing). The idea is to train the reconstructor to be able to handle any turbulent profile that it might
be exposed to. We do this by carefully selecting the optimum training routines. This is a train and
apply technique; once trained with the correct parameters (for example, the number and geometry of
the guide stars) it will work for any optical turbulence profile. Therefore, we train CARMEN with
a large number of independent turbulence profiles. We train it with the off-axis WFS slopes and the
desired on-axis target Zernike coefficients. When the network is implemented and shown the off-axis
WFS data it will estimate what the on-axis Zernike coefficients will be. We have chosen to output
Zernike coefficients at this stage to limit the number of outputs required (i.e 27 values, assuming we
predict up to 6th order Zernikes, instead of a value of the order of the number of actuators in the
DM). It would be possible to predict a higher number of degrees of freedom and we would expect
the performance to increase accordingly. Noa priori knowledge of the atmosphere is required and
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no input from the user or re-training is required if the atmospheric turbulence profile changes during
observing. This is an alternative approach to most other tomographic reconstructors.

2 Existing reconstructor techniques

Tomographic reconstruction is the re-combination of the information from several guide stars to esti-
mate the phase aberrations along a different line of sight to a scientific target. A standard approach is
to use Shack-Hartmann WFSs to measure the phase aberrationsin the light cones to the guide stars.
When the light cones overlap at the altitude of a turbulent layer the same phase aberrations will be
applied to both wavefronts but in different areas of the meta-pupil. We can then look for correlation
in the phase maps at the ground. Any turbulence at low altitudes will be well sampled. At higher al-
titudes the overlap is reduced and we therefore have less information. Above the altitude where the
beams no longer overlap there will be very limited correlation in the phase aberration (possibly some
correlation in the very low order modes, depending on the extent of the separation and the outer scale
of the turbulence) and it is therefore very difficult to gain any information. Any turbulence above this
altitude will essentially be noise.

There are several tomographic techniques which can be used to combine the information from
the guide stars. We compare CARMEN with two other methods, a standard least squares type matrix
vector multiplication (LS, e.g [5,6]) and learn and apply (L+A, [7]). We have chosen these two as
benchmark tests to compare with our new technique.

3 Neural networks

Artificial Neural Networks are computational models inspired by biological neural networks which
consist in a series of interconnected simple processing elements called neurons or nodes. The Multi
Layer Perceptron is a specific type of Feedforward Neural Network. The nodes are organized in layers
(input, hidden and output layers) and each neuron is connected with one or more nodes of the following
layer only, as shown in Fig. 1.

Fig. 1. A simplified network diagram for CARMEN. The slopes from the WFS are input to the network. They are
all connected to every neuron in the hidden layer by a synapse. Each neuron in the hidden layer is then connected
to every output node. CARMEN will output the predicted Zernike coefficients for the target direction. Each of
the synapses has a weight. At run time the inputs are injectedinto the network which is then processed by the
different activation functions and weights generating a response. In the diagram only a few of the synapses are
shown for clarity.

Each neuron receives a series of data (input) from the preceding layer neurons, or an external
source, transforms it locally using an activation or transfer function and sends the result to the next
layer of neurons. This cycle repeats until the output neurons are reached. Each connection between
neurons has a numerical value which represents the importance of the preceding neuron in the result
of the actual one, called “synaptic weight”, or just weight.It is in these values where the most important
fraction of knowledge is stored.
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The network needs to be trained before it can be used. During the training, the weights are changed
to adopt the structure of a determined function, based on a series of input-output data sets provided.
Although each individual neuron implements its function slowly and imperfectly, the whole structure
is capable of learning complex functions and solutions quite efficiently [8].

ANNs are well known for their ability to solve problems that are otherwise difficult to model [9–
11]. Their wide acceptance has been due to their ability to learn complex functional relationships and
their ease of implementation. However, proper training of an ANN can be difficult. The backpropaga-
tion training algorithm, used in this work, attempts to minimize the least mean square difference over
the entire training set. The training set is made up of a largenumber of cases for which the outcome
is already known. The first layer of neurons represents the preselected input parameters. The middle
layers are referred to as hidden because they have no direct contact with data other than through the
input and output neurons. When the network is set up, the connections between the neurons in the
input and hidden layers are assigned random weights and the network then produces an output. The
ANN output is compared with the true output, and the error is backpropagated through the network,
altering the weights of the connections to reduce the least mean square error (ie, the best fit with the
data). This is repeated until the error is minimized. The degree of adjustment permitted per learning
epoch is set before the training period. In general, the morecomplex the problem, the smaller the
permitted adjustment. Otherwise the network will not detect subtle patterns within the data, and as the
ANN sequentially overcompensates, the error curve will oscillate wildly rather than converging to the
global minima. To prevent the ANN from getting stuck in a local minimum and missing the lowest
error value, the network is provided with a learning momentum.

It is not possible, as it is with standard statistical methods, to calculate the optimum sample size
required by an ANN. It is important, however, that the training data contain adequate numbers of
“possible atmospheric cases” if the ANN is to be used for a prediction problem. Over-fitting can be
a problem if the data sample is too small, biased, or the network has too many nodes. In essence, the
network sacrifices the ability to generalize in order to achieve the most accurate fit to the training data.
Incorrect data input into a well-trained ANN may not lead to an incorrect prediction because, unlike
most multivariate techniques, it analyzes data in a parallel fashion and is thus inherently robust with
generalization and fault intolerance properties [12]

The number of hidden layers and the number of neurons in the hidden layers are in our case
defined by experimentation. Once developed and trained on retrospective data, the ANN must, as with
all statistical models, be validated by previously unseen data from a different data set [13]. The final
essential step involves validation on prospective data.

3.1 Training

As described above, the ANN is trained by showing it a representative selection of inputs with the
desired outputs. The training data should attempt to cover the full range of possible scenarios. We
propose to train the ANN with simulated data. This is important as it is not possible to force a neu-
ral network to learn any specific connection between the input and output. We simply show it the
input/output combinations and apply weights to all of the connections. If we present it with enough
independent data the weightings will converge and the network should be able to cope with any input
which is similar to, or a combination of stimuli which are allsimilar to, the training data. If we are not
careful with the training data the network will learn to makeconnections which are only a coincidence
in the training set or are perhaps a secondary concern. For this reason the trained networks can be
unpredictable in their response. Care must be taken that thenetwork is not over trained or trained to
respond to the incorrect stimuli. For example if we were to generate a large number of complicated
multi-layer turbulence profiles and try to train CARMEN there would be too many variables and the
network would become overly complicated providing erroneous results. By using simulated data we
can control what the neural network sees and hope to guide thelearning process. Careful consideration
must be given to selecting the optimum training routine.

We have tested many training scenarios. The best one we have found involves training the network
with a single turbulent layer. The layer is placed at 155 altitudes ranging from 0 m to 15500 m with
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150 m resolution. At each altitude we present CARMEN with 1000 randomly generated phase screens.
Using this dataset CARMEN has seen all of the possible layer positions and is a good basis set.
CARMEN will combine the response of the basis set and use it tomodel the input data. We can
essentially model the atmosphere with the same resolution we use to train CARMEN.

There are other alternatives for training sets. Atmospheric optical turbulence profilers at major
observatories show that there is always a surface turbulentlayer [14–16], this is because observatories
are generally located on mountaintop or exposed environments. The surface turbulent layer is almost
always the dominant layer. Therefore, one obvious trainingroutine would be to include two turbulent
layers in the training scenario, one fixed at the ground and another higher layer at a number of different
altitudes, as with the first data set. The ratio of the opticalturbulence strength can also be changed.
Perhaps an even more obvious training scenario would be a more realistic case with a number of layers
with different relative strengths in an attempt to mirror the data CARMEN will actually be exposed to.
However, although more realistic, these datasets are no longer independent, the network is over trained
and we find that the results are not as good as with the simpler approach explained above.

Additional network architectures were also experimented with. The network can be trained with
any number of neurons in the hidden layers and also any numberof hidden layers. The number of
hidden layers and neurons defines the degrees of freedom available to model the data. Therefore, the
optimum will depend on the complexity of the problem. We havefound that the optimum architecture
depends on the profile of the optical turbulence in the atmosphere and on the magnitude of the noise.
For example, increased noise or misregistration errors between the WFSs and telescope pupil require
architectures with a greater number of degrees of freedom. As the optimum architecture is different
under different conditions we have decided to use the simplest approach which produces good results
in all cases. The simplest network consists of only one hidden layer containing the same number of
neurons as the input allowing full mapping. However, there is a lot of scope for new training routines
and ANN architectures that could potentially result in evenbetter performance. Table 3.1 shows the
parameters of the CARMEN network architectures which were tested. The table also shows the per-
centage error of each architecture for a simple test case involving four turbulent layers. One layer at
the ground and the others at 5, 10 and 15 km.

Table 1. Parameters for CARMEN Architectures, Including a Percentage of Error Compared to the Error of the
Chosen CARMEN Architecture

Training data Hidden Layers Neurons Act. function Learning rate Epoch Error
Single turbulent layer 1 222-222-27 sigmoid 0.01 10000 -

1 222-222-27 tansig 0.01 10000 +3%
1 222-500-27 sigmoid 0.01 20000 +5%
1 222-500-27 tansig 0.01 20000 +6%
2 222-222-222-27 sigmoid 0.01 20000 +6%
2 222-222-222-27 tansig 0.01 20000 +8%
2 222-222-27-27 sigmoid 0.01 12000 +6%
2 222-222-27-27 tansig 0.01 12000 +8%

Two turbulent layer 1 222-222-27 sigmoid 0.001 20000 +10%
1 222-222-27 tansig 0.001 20000 +12%
1 222-500-27 sigmoid 0.001 30000 +13%
1 222-500-27 tansig 0.001 30000 +13%
2 222-222-222-27 sigmoid 0.001 30000 +15%
2 222-222-222-27 tansig 0.001 30000 +16%
2 222-222-27-27 sigmoid 0.001 25000 +14%
2 222-222-27-27 tansig 0.001 25000 +15%

By training the networks with these simplistic sets that cover the full range of possible layer posi-
tions the network can combine the responses in order to estimate the outputs from much more com-
plicated profiles. No additional information or re-training is necessary even if the atmosphere changes
drastically during observing. The tomographic reconstructor is robust even in the most challenging
conditions.



James Osborn et al.: Open-loop tomography using artificial nueral networks

4 Results

The results presented here are generated by a Monte Carlo simulation of an MOAO system. We assume
three off-axis natural guide stars equally spaced in a ring of 30 arcseconds radius. The target direction
is at the centre of this ring. The telescope diameter is 4.2 m and we assume 7× 7 subapertures in the
Shack-Hartmann WFS. The simulation parameters were chosento be similar to those of CANARY
and the results are compared with a standard LS method and with L+A. In the simulations we use a
standard thresholded centre of gravity algorithm for the centroiding.

CARMEN is trained to return the first six radial orders of Zernike coefficients (not including pis-
ton) rather than the subaperture slopes. This was done to reduce the computational load during training
for a more efficient investigation. However, it should be noted that thereis no reason why the system
could not be trained to return slopes instead. For a fair comparison we apply all of the reconstructors
to a modal DM, correcting to the same number of Zernike modes.The reconstructed Zernike phase is
subtracted from the pupil phase and then used to generate thepoint spread function (PSF). The met-
rics used to asses the results are wavefront error (WFE [nm]), PSF Strehl ratio, azimuthally averaged
PSF full-width at half maximum (FWHM [arcseonds]) and diameter of 50% encircled energy (E50d
[arcseconds]) in the H-band (1650 nm). The WFE includes the tomographic error and the fitting error
of the six radial orders of Zernikes to the real phase.

We assess each of the tomographic reconstructors with threetest cases. These are the good, median
and bad seeing atmospheric profiles from La Palma, as used in the CANARY simulations. Each of the
profiles have four turbulent layers, but the altitudes and the relative strengths of the layers and the
integrated turbulence strength is different in each case.

4.1 Simulation results with shot noise

We have tested our reconstructor with simulated detector noise (shot noise and read noise) in the
wavefront sensor. We assumed 100 photons per subaperture (which equates to an 11th magnitude star
and throughput of 50% on a 4.2 m telescope), twenty by twenty pixels per subaperture and 0.2 electrons
readout noise.

There are two approaches that we can take to train the ANN for noise. We can attempt to run
the noisy WFS measurements through the original CARMEN trained without noise and we can try
training a new ANN with slopes including centroid noise. After testing in simulation we find that the
latter turns out to be a significantly better solution. Table4 shows the resultant PSF metrics generated
with reconstructors using WFS vectors including shot noise. We see that in the presence of shot noise
the difference between CARMEN and the other reconstructors becomeseven greater. This is expected
as neural networks have been shown to be good at learning patterns in noisy data [17]. The neural
network is essentially de-prioritising higher order modeswhich are now indistinguishable from the
noise. The noise was not included when training L+A and the conditioning parameter was altered to
maximise the performance of the LS reconstructor.

Figure 2 (left) shows the radial profiles of the PSFs with the three different tomographic reconstruc-
tors with the median seeing atmospheric test case. The residual WFE for the uncorrected, LS, L+A
and CARMEN reconstructors are 817, 543, 547 and 368 nm respectively. Figure 2 (right) shows the
variance of the residual Zernike coefficients (

∑
(Zreconstructed− Zmeasured)2/n, whereZreconstructedare the

reconstructed Zernike coefficients,Zmeasuredare the measured Zernike coefficients andn is the number
of iterations of the simulation) for each of the three reconstructors. We can see that CARMEN fits the
low order modes better than the other methods. As most of the energy is concentrated in these modes
this explains where the performance advantage of CARMEN comes from. However, in order to do this
CARMEN must be trained with a dataset containing the same magnitude of shot noise.

5 Hardware for neural networks

The strength of the ANN for tomographic reconstruction comes from its non-linear properties. The dis-
advantage of this means that the computational time required for each iteration scales badly in compar-
ison to other linear techniques. However, the ANNs architectures and associated learning algorithms
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Table 2. Table of PSF Metrics for Each Tomographic Reconstructor andTest Scenario Including Shot Noise in
the WFSs

Test Name Reconstructor Metricsa

Strehl ratio FWHM (arcsec) E50d (arcsec) WFE (nm)
atm 1 Uncorrected 0.048 0.319 0.482 643

LS 0.106 0.187 0.378 451
L+A 0.113 0.174 0.379 436

CARMEN 0.274 0.095 0.359 297

atm 2 Uncorrected 0.025 0.458 0.633 817
LS 0.060 0.250 0.476 543

L+A 0.055 0.254 0.524 547
CARMEN 0.158 0.105 0.477 368

atm 3 Uncorrected 0.012 0.684 0.912 1087
LS 0.021 0.455 0.771 756

L+A 0.020 0.455 0.773 751
CARMEN 0.026 0.333 0.776 594

a All metrics, except WFE, are defined at 1650 nm.
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Fig. 2. Azimuthally averaged radial profiles of the uncorrected andLS, L+A and CARMEN reconstructed PSFs
(left). Note that the LS and L+A radial profiles overlap almost perfectly. Residual Zernike variance for the three
reconstructors with WFS shot noise (right).

take advantage of the inherent parallelism in the neural processing [18], but for specific applications
such tomographic reconstruction at ELT scales, which demand high volume adaptive real-time pro-
cessing and learning of large data-sets in reasonable time,the use of energy-efficient ANN hardware
with truly parallel processing capabilities is more recomended. Hardware devices designed to realize
artificial neural network are referred as hardware neural networks (HNN).

Specialized ANN hardware (which can either support or replace software) offers appreciable ad-
vantages in these situations and can offer very high computational power at limited price and thus can
achieve several orders of speed-up, especially in the neural domain where parallelism and distributed
computing are inherently involved. For example, very largescale integration (VLSI) implementations
for cellular neural networks (CNNs) can achieve speeds uptoseveral teraflops [18], which otherwise
is a very high speed for conventional DSPs, PCs, or even work stations.

To address the challenge of mapping highly irregular and non-planar interconnection topology
entailing complex computations and distributed communications a wide spectrum of technologies and
architectures have been explored in the past. These includedigital, analogue and hybrid, FPGA based,
and (non-electronic) optical implementations [19].

Although not as widespread as ANNs in software, there do exist HNNs at work in real-world
applications. Examples include optical character recognition, voice recognition (Sensory Inc. RSC
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Micro controllers and ASSP speech recognition specific chips), Traffic Monitoring (Nestor TrafficVi-
sion Systems), Experiments in High Energy Physics (Online data filter and Level II trigger in H1
electron–proton collision experiment using Adaptive Solutions CNAPS boards), adaptive control, and
robotics [19].

Sundararajan and Saratchandran [20] discuss in detail various parallel implementation aspects of
several ANN models (back propagation (BP) based NNs, recurrent NN etc.) using various hardware
architectures including scalable general purpose parallel computers and MIMD (multiple instruction
multiple data) with MPI interface. Individual chapters discuss reviews, analysis, and experimental case
studies, e.g., on implementations for BP based NNs and associated analysis of network and training
set parallelisms.

Since one tomographic reconstructor at ELT scales will use networks with less than 105 neurons
and/or inputs and only will need occasional training, software should be sufficient in such situations
[19]. But even if ANN algorithms develop to the point where useful things can only be done with 106–
108 of neurons and 1010–1014 of connections between them, high performance neural hardware will
become essential for practical operations. It is importantto add that such large scale neural network
hardware designs might not be a distant reality as is apparent from the recent work of Schemmel et al.
on wafer-scale integration of large SNN models [21].

Finally, in spite of the presence of expressive high-level hardware description languages and com-
pilers, efficient neural-hardware designs are well known for achievinghigh speed and low power dissi-
pation when the application involves computational capabilities exceeding of workstations or personal
computers available today [19]. We are not able at this pointto define the final computational neces-
sities of an ANN tomographic reconstructor at E-ELT scales but, as an example of the capabilities
of a wide implemented HNN, a typical real-time image processing task may demand 10 teraflops1,
which is well beyond the current capacities of PCs or workstations today. In such cases neurohardware
appears attractive choice and can provide a better cost-to-performance ratio even when compared to
supercomputers.

6 Conclusion

We have presented and tested in simulation a novel and versatile tomographic reconstruction technique
using an artificial neural network. We train the network witha number of simulated datasets designed
to sample the full range of possible input signals. The data set comprises of a single turbulent layer
positioned at a number of different altitudes in order to show the network as many different signals as
possible. After testing several different training scenarios and network architectures we found that the
simplest, with a single hidden layer, is the best. The reconstructor has been compared in simulation to
a standard LS technique and to L+A.

We compare with LS and L+A only as a benchmark to show that the performance of CARMEN
is on a par with other accepted reconstructor techniques. Itis possible to optimise these reconstructors
even more to obtain a better correction but we also believe that we can optimise CARMEN more by
allowing the training process more time. Therefore, we do not want to draw conclusions about the
magnitude of the correction at any one time.

We have shown that the strength of CARMEN is two fold. By usingan ANN we are able to
train and apply a reconstructor which can adapt to wide rangeof atmospheric conditions. We tested
CARMEN with the test case atmospheres used for the CANARY project. We find that no change
to CARMEN was needed even when the atmosphere changes drastically. If the atmosphere were to
change dramatically during an observation the other reconstructors can be re-conditioned to deal with
it. However, this does take time and is not required for the neural network approach.

The second strength of CARMEN is its ability to process shot noise corrupted centroid measure-
ments. We have shown through Monte Carlo simulation that CARMEN is able to reconstruct the
on-axis Zernike coefficients from noisy off-axis guide sources better than LS and L+A reconstructors.
For example, using the CANARY median test case LS and L+A result in residual WFE of 543 and
547 nm respectively, CARMEN achieves a residual WFE of 368 nm. From analysis of the variance of
the Zernike residuals we see that the majority of this improvement comes from the low order modes.
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