POLITECNICO DI TORINO
Repository ISTITUZIONALE

The Non Uniform Adaptive Angular Spectrum Method and its Application to Neural Network Assisted
Coherent Beam Combining

Original
The Non Uniform Adaptive Angular Spectrum Method and its Application to Neural Network Assisted Coherent Beam
Combining / Perrone, Guido; Mirigaldi, Alessandro; Carbone, Maurizio. - In: OPTICS EXPRESS. - ISSN 1094-4087. ELETTRONICO. - 29:9(2021), pp. 13269-13287. [10.1364/OE.423057]

Availability:
This version is available at: 11583/2884879 since: 2021-04-07T13:50:35Z
Publisher:
Optical Society of America (OSA)
Published
DOI:10.1364/OE.423057
Terms of use:
openAccess
This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright
Optica Publishing Group (formely OSA) postprint versione editoriale con OAPA (OA Publishing Agreement)
© 2021 Optica Publishing Group. Users may use, reuse, and build upon the article, or use the article for text or data
mining, so long as such uses are for non-commercial purposes and appropriate attribution is maintained. All other rights
are reserved.

(Article begins on next page)

09 January 2023

Research Article

Vol. 29, No. 9 / 26 April 2021 / Optics Express 13269

Non-uniform adaptive angular spectrum method
and its application to neural network assisted
coherent beam combining
A LESSANDRO M IRIGALDI , 1 M AURIZIO C ARBONE , 2
P ERRONE 1,*

AND

G UIDO

1 Department

of Electronics and Telecommunications, Politecnico di Torino, Corso Duca degli Abruzzi 24,
10129 Torino, Italy
2 Department of Mechanical and Aerospace Engineering, Politecnico di Torino, Corso Duca degli Abruzzi
24, 10129, Torino, Italy
* guido.perrone@polito.it

Abstract: Increasing the number of laser beams that can be coherently combined requires
accurate and fast algorithms for compensating phase and alignment errors. The paper proposes
to use a Fully Connected Artificial Neural Network (FCANN) to correct the beam positioning
perturbations by evaluating the beam shifts and tilts from two images taken at slightly different
locations. Then, since it is practically impossible to have a large enough experimental dataset
to train the neural network, this approach required developing an accurate and fast simulation
method to evaluate the beam propagation in arbitrary directions, overcoming the limitations
occurring when the computation must be repeated a large number of times. The numerical
approach is a variant of the Angular Spectrum (AS) method, called Non Uniform ADaptive
Angular Spectrum (NUADAS) method, which relies on the combination of non-uniform and
adaptive Fourier transform algorithms to allow the computation of an arbitrary field distribution
in a plane that is shifted and tilted with respect to the source. The parallel implementation of the
NUADAS method is discussed and the numerical and experimental validations are presented.
Then, an FCANN is trained using the synthetic dataset generated with the NUADAS method
and the results are discussed, demonstrating the viability of the proposed approach not only for
coherent beam combing, but also in other beam alignment applications.
© 2021 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1.

Introduction

The high power laser market is currently largely dominated by Fiber Lasers (FLs), which in
the last decade have taken over shares from all the other competitors - especially from the CO2
lasers, the standard high power source in early applications -, mainly in the material processing
and military segments [1], thanks to the combination of high beam quality, efficiency, power
scalability, simplified thermal management, and lower ownership costs [2,3]. Most of these
features are intrinsic to the fiber geometry, which is characterized by a long gain medium (the
rare-earth-doped active fiber), an efficient pump coupling mechanism and a favorable surface
to volume ratio [4,5]. However, a great contribution to the success of FLs comes from the
exceptional increase in the performances of the laser diodes used for pumping [6,7]. All this led
to a huge growth in the FL power over the years, fueled by the requests of higher production
yield and of new military applications [8]. Today, a single semiconductor laser chip can emit
in Continuous Wave (CW) up to 20 W; then by exploiting spatial, spectral and polarization
multiplexing, a plurality of such chips can be combined to obtain pump modules that are capable
of delivering few hundreds of watts in a large mode area fiber [9,10]. In turn, these pump modules
allow manufacturing fiber laser modules (also known as “laser engines”) that emit up to more
than 2 kW; finally, some of these laser engines can be further combined through fused fiber
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devices [5] to achieve multi-kilowatt fiber-coupled lasers, with CW output power in the order of
10 kW to 15 kW, although at the expenses of quite a severe degradation in the beam quality due
to the use of largely multi-mode output fibers.
This represents today state-of-the-art for non special purpose CW products, but, considering the
previous trend, it is not difficult to predict that even higher power levels, especially if associated
with higher beam quality, will be required soon. However, the output power of a fiber laser
module cannot be arbitrarily scaled up by increasing the pump power due to thermal limitations
and the onset of non-linear effects [11–13]; moreover, the pump power itself is bounded by
the size and the numerical aperture of the pump module delivery fiber and by the active fiber
absorption band (relevant in the case of spectral multiplexing). Similarly, for the combination of
fiber laser modules, which is also limited by thermal dissipation in the output combiner and by
the maximum acceptable Beam Parameter Product (BPP).
The power-beam quality trade-off limitation can be overcome by switching from incoherent
to Coherent Beam Combining (CBC) [14,15]. The CBC exploits the constructive interference
among a plurality of laser beams and its most appealing feature is that the resulting beam peak
intensity scales as N 2 , where N is the number of combined beams, while for any other incoherent
multiplexing technique, such as spatial or polarization multiplexing, the peak intensity scales as N.
Moreover, CBC is particularly attractive for combining of high beam quality fiber laser modules
because, ideally, it does not suffer from the degradation typical of incoherent combination
techniques. However, to achieve the maximum combination efficiency and thus intensity, the
phase difference among the laser beams must be kept as close as possible to zero, which is the
reason why the CBC efficiency is extremely sensitive to any kind of phase perturbation, such as
those induced by an instantaneous phase drifts or by displacements in the optimal position and
direction of the beams [16]. Indeed, it has been reported a decrease of CBC efficiency as large
as 10% in the case of a phase perturbation whose average intensity is of the order of λ/4 at an
average frequency of 400 Hz that goes up to 30% when the average intensity becomes λ/2 [17]
The phase drifts are corrected using Electro-Optic Modulators (EOMs) controlled in closedloop and the most common approach is through the Parallel Stochastic Gradient Descend (PSGD)
algorithm [18]. As for the displacement errors, these are traditionally corrected by shifting
some optical components, such as lenses or mirrors, using piezoelectric stages controlled in
closed-loop too, usually by the same PSGD algorithm. Such approach, although highly effective,
in practical implementations sets a strong limitation to the number of laser sources that can be
efficiently multiplexed because the latency of the PSGD algorithm with respect to the phase
perturbations increases with the number of elements to be controlled (hence with the number
of sources) and, at a certain point, it becomes so high that the EOMs and displacement stages
cannot be controlled fast enough to have an adequate phase correction. The solution proposed in
this paper is to continue using the PSGD algorithm for the control of the EOMs, but to resort to
some other approach to address the problem of the mechanical perturbations, which have been
shown to play a major role in reducing the combination efficiency [19].
In more detail, this paper proposes to correct the errors due to mechanical perturbations in
real time using an Artificial Neural Network (ANN) to predict the deviation of a beam from
its ideal alignment. ANNs have already been used to assist in the assembly of the collimating
optical elements inside multi-emitter laser modules [20]: in that case an ANN is exploited to
extract some parameters defining the tilts and shifts of a lens from the analysis of some beam
images. In this paper a similar approach is extended to find the correction commands for the
displacement stages from the analysis of just two beam images. In particular, the developed
correction method exploits a Fully Connected Artificial Neural Network (FCANN) [21,22] that
takes as input some numerical parameters automatically extracted from the beam images taken at
two different locations and infers from them the beam direction with respect to a given reference
system and, therefore, the correction for the ideal alignment. This allows the piezoelectric stages
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to correct the beam position in a single step. The process can then be repeated for each beam to
be combined by having several FCNNs running in parallel. This way, the proposed approach
allows correcting the propagation direction of each beam independently, reducing the number of
elements to be controlled by the PSGD algorithm and thus contributing to increase the number
of lasers that can be coherently combined.
In general, simultaneously extracting the beam shift and tilting with respect to the camera
orientation from two images is not a trivial task since this can be formulated as the problem of
inverting an unknown function given only some measured values. Fortunately, what it is known
as the classical formulation of the Universal Approximation Theorem [23] states that a neural
network can approximate any well-behaved function with an accuracy that depends only on the
neural network free parameters and the extension of the training dataset. This means that to ensure
a low enough error for CBC applications, it is essential to have a very large dataset for training
the ANN. As it is practically impossible to have such a large dataset of experimental values, the
solution is to train the FCANN using a synthetic dataset built from numerical computations; in
turn, this requires the accurate simulation of a laser beam propagation in an arbitrary direction
with respect to a given reference frame.
The propagation of a generic beam from the source plane to a shifted destination plane can be
efficiently computed by means of the Angular Spectrum of Plane Waves (ASPW) [24]. However,
if the source plane is also tilted with respect to the destination plane, which is the case of interest,
the ASPW becomes cumbersome due to the limitations imposed by the Fast Fourier Transform
algorithm [25]. Therefore, to overcome these limitations, a new algorithm named Non Uniform
ADaptive Angular Spectrum (NUADAS), which is based on the Non Uniform Fast Fourier
Transform (NUFFT) [26] had to be developed.
The remaining of the paper is organized as follows. Section 2 introduces the mathematical
details of the proposed NUADAS optical simulation method; Sect. 3 describes its implementation
exploiting parallel processing capabilities to allow building a larga dataset in a reasonable
time and discusses the results of some numerical validations; then, Section 4 reports some
assessment results obtained comparing the simulations with experiments. Section 5 presents the
implementation of the neural network and a discussion of the method performance in relation to
the FCANN parameters. Finally, Sect. 6 introduces other possible cases in which the NUADAS
approach to train FCANN could be useful and then Sect. 7 draws the conclusions.
2.

NUADAS: Non-Uniform ADaptive Angular Spectrum propagation method

As already mentioned, training of the FCANN requires computing the propagation from a tilted
source plane to a target plane, as depicted in the typical scenario in Fig. 1. The propagation of a
laser beam in an arbitrary direction with respect to a target plane with an arbitrary polarization in
an homogeneous isotropic dielectric medium is solved in terms of scalar Helmoltz equations, one
for each polarization, with assigned beam complex amplitude in the origin of the system [27]:
∇2 g(⃗r) + ϵ µω2 g(⃗r) = 0

(1)

where g(⃗r) stands for the amplitude of the modes composing the beam. As well known, the
solution of Eq. (1), given its boundary value g(⃗ri ), ri ∈ {⃗r ∈ R ∋ |‡ = ‡′ }, with z0 = 0 for
simplicity, is:
∫
g(⃗rf ) =

⃗

dfx dfy ĝ(fx , fy ; 0) e−j 2π f ·⃗rf
∫
⃗
ĝ(⃗f ; 0) =
dx dy g(⃗ri )ej2π f ·r⃗i
2
R
(︃
)︃ T
√︂
⃗f = fx , fy , fz = λ−2 − fx2 − fy2
R2

(2)
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⃗ the points belonging to the source and
being fi the i-th spatial frequency, ⃗ri and ⃗rf = R(⃗ri + d)
⃗
target planes, respectively, and d the distance as sketched in Fig. 1. It is immediate to recognize
that Eq. (2) requires computing a Fourier transform integral, which relates space and spatial
frequency coordinates. In general, the propagation equation can be solved only with numerical
approaches because either the boundary conditions are only numerically known or the Fourier
transform cannot be analytically computed.

Fig. 1. A practical scenario in which the propagation of a beam emitted by a laser has to be
computed for a target plane that is tilted and shifted with respect to the source plane.

The commonly used method to numerically solve this problem is the cited ASPW, whose
key point is to approximate the continuous Fourier transform in Eq. (2) with a discrete Fourier
transform, which can then be computed using the FFT algorithm. Indeed, considering a finite
input plane of size (Sx , Sy ) such that g(⃗
ri ) ≃ 0 at its edges, discretized into Nx × Ny points
(respectively, along x and y), one can introduce the discrete Fourier transform (indicating the
transformed quantity with the caret accent) as:
ĝi [s, t] = ∆x ∆y FFT (gi [l, m]) [s, t]

(3)

with
(︁
)︁
(︁
)︁
ĝi [s, t] = ĝ s∆fx , t∆fy ; 0 , gi [l, m] = g l∆x , m∆y , 0
∆fi = 1/Li , ∆i = Li /Ni , i = x, y
}︃
K
K
IK = − , . . . , − 1 , s, l ∈ INx , t, m ∈ INy
2
2

(4)

{︃

The field on the target plane is then computed as:
gf [s, t] = ∆fx ∆fy IFFT (ĝf [l, m])
fz2 [l, m]

= λ−2 − (l ∆fx )2 − (m ∆fy )2

(5)

ĝf [l, m] = ĝi [l, m] e−j 2π fz [l,m] z
If fz2 [l, s]<0, the corresponding wave is evanescent and does not give any contribution to
the propagation for reasonably long distances and therefore ĝf [l, m] can be set to zero for these
frequencies.
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The ASPW method is simple and straightforward to implement but presents some drawbacks that
lead to many constraints. The first drawback is the constraint on the dimension, discretization step
and number of points on the target plane, which are all automatically fixed by the corresponding
values chosen for the input plane description. The second drawback is that the ASPW method,
as formulated above, gives good results for near field propagation only. The third and more
important drawback is that it only allows propagating the source field to planes that are parallel
to the source one. All these limitations can be overcome with the proposed NUADAS method.
As pointed out in Ref. [28], the small accuracy of the ASPW is due to a non proper sampling
of the transfer function in the frequency space, H(fx , fy ) = ej φ(fx , fy ) = e−j 2πfz z . As a matter of
fact, H(fx , fy ) is a chirp function and the Nyquist theory, in order to avoid aliasing errors, requires
that
|︁
|︁
|︁
|︁
|︁
|︁ 1 ∂ϕ |︁
|︁
|︁ , ∆fy > |︁ 1 ∂ϕ |︁
∆fx > |︁|︁
|︁
|︁
π ∂fx
π ∂fy |︁
So, a first improvement is to use the Band Limited Angular Spectrum (BLAS) [28] for which
fx2
2
fx,lim

fy2
2
fy,lim

+

fy2
λ−2

fx2
+ −2
λ

)︃ −1/2
2z
≤ 1, fx,lim = λ
+1
Sx
(︃
)︃ −1/2
2z
≤ 1 fy,lim = λ−1
+1
Sy
−1

(︃

(6)

where Sx , Sy define the computational window size. Again, since evanescent waves are not
taken into account, the complex amplitude associated to any frequency not satisfying Eq. (6) is
forced to zero. On the other hand, if Eq. (6) holds, the accuracy of the ASPW method increases
considerably also for moderately large propagation distances z, although, when z becomes larger
than about forty times the size of the computational window, the accuracy decreases again. In
fact, when using the FFT algorithm, the fixed computational window size makes ∆fx and ∆fy to
be fixed too, so the number of points satisfying Eq. (6) decreases as z increase. This implies that,
when z becomes significantly large, the number of non-zero complex amplitude values becomes
too small to guarantee good results. A straightforward solution is to use larger computational
windows, but this leads to an increase of the computational time and of the machine requirements.
A more convenient solution is to use the Chirp-Z Transform (CZT) [29,30] to avoid the limitations
of the FFT. The proper computational window size for a given propagation distance is [31]:
⎧
⎪
⎪
⎪
⎪
⎨
⎪

⎫
⎪
⎪
√
⎪
⎪
⎬
⎪
2 2 z Mi λ
Si = max √︃
,
L
i
√︂
⎪
⎪
⎪
⎪
⎪
⎪
2 2
4 4
2 2 2
⎪
⎪
⎪ −Mi λ + Mi λ + 64 z Mi λ
⎪
⎭
⎩

(7)

so that ∆fi = Si−1 with Mi being the number of equispaced points needed in the frequency region
defined by Eq. (6) and Li being the minimum computational window size.
It is clear that, since ∆i ∆fi is not necessarily equal to 1/Mi , a “plain” FFT method cannot
be used anymore. The discrete Fourier transform can, anyway, be rewritten in terms of a chirp
z-transform as:
∑︁
ĝi [l, m] = ∆x ∆y
gi [s, t]ew j 2π (αx l s+αy m t) =
s,t

=

∑︁
s,t

gi [s, t]ew j π (αx s

2 +α t2 )
y

× ew j π(αx l

e−w j π(αx (l−s)

2 +α
y

m2 ) ∆

x ∆y

2 +α
y

(m−t)2 ) ×

(8)
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At this point, Eq. (8) can be computed using an FFT, actually an ADAptive Fast Fourier
Transform that we therefore call ADAFFT, thanks to the convolution theorem as:
ew jπ (αx l

2 +α
y

m2 ) ∆

x ∆y IFFT (a[s, t] b[s, t])

=

= ∆x ∆y ADAFFT(gi [l, m])
(︂
)︂
2
2
a[s, t] = FFT gi [s, t] ew j π (αx s +αy t )
(︂
)︂
2
2
b[s, t] = FFT e−w j π (αx s +αy t ) =
jπ

1
w
e
=
√
−j w αx αy

(︃

s2
Mx

+

t2
My2 αy

(9)

)︃

with αi = ∆i ∆fi and w ∈ {−1, +1} to take in consideration both the direct and inverse Fourier
transforms and s ∈ IMx , t ∈ IMy , Mi ≠ Ni in general.
It has to be pointed out that the ADAFFT allows overcoming another of the limitations in the
ASPW highlighted earlier above and due to use of the “plain” FFT. Indeed, in the ADAFFT the
number of points in the Fourier domain, as well as the sampling frequencies ∆fi , are only limited
by the Nyquist theorem
1
Mi ∆fi ≤
(10)
∆i
while the algorithm keeps the same computational complexity O(N log N) as the usual FFT.
Finally, it is possible to consider the last constraint limiting the ASPW, namely the parallelism
condition between the source and target plane. Considering the propagation of a laser beam that
is tilted with respect to a target plane, the field on the source plane, gf [l, m], can be computed as
gf [l, m] = ∆fx ∆fy
⃗

∑︁
s,t

⃗

⃗

ĝi [s, t] e−j 2π f [s,t]·R(d+⃗ri [l,m]) =

= e−j 2π f0 ·⃗ri [l,m] ∆fx ∆fy

∑︁
s,t

ĝd [s, t] e−j 2π f̃ [s,t]·⃗ri [l,m]

(11)

where
(︁
)︁ T
⃗
ĝd [s, t] = e−j 2π f ·R⃗ri , ⃗f [l, m] = l ∆fx , ∆fy , fz [l, m]
⃗f0 = (min(R⃗f [l, m])x , min(R⃗f [l, m])y )T
(︂
)︂
Fi = max(R⃗f [l, m]) − ⃗f0 ∆i
i (︃
)︃
[︂
]︂
l m
⃗
f̃i = (Rf )i − f0,i /Fi , ri [l, m] =
,
Fx Fy

(12)

It is now clear that the complex amplitude ĝd [s, t] is associated to non equispaced frequency
coordinates f̃ [l, m], normalized to the interval [0, 2π], due to a rotation of the coordinates in the
Fourier space [32–34]. In this case, it is necessary to resort to the Non Uniform Fast Fourier
Transform (NUFFT) for the evaluation of gf [l, m] because it allows computing the Fourier
transform of a field even in the case of a non uniform sampling, in any or both of the frequency
and spatial domains. In order to apply the NUFFT to an unevenly sampled field, firstly a
regularization step is required:
η(fx , fy ) =

∑︁

ĝd [l, m] δ(fx − f̃x [l, m]) δ(fy − f̃y [l, m])

l,m

η̃ = (η ∗ ϕ)(fx , fy ) =
∫
=

d fx′ dfy′ η(fx′, fy′) ϕx (fx
R2
∑︁
l,m

− fx′) ϕy (fy − fy′) =

ĝd [l, m] ϕx (fx − f̃x [l, m]) ϕy (fy − f̃y [l, m])

(13)
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with ϕ being a regularization function with a compact support in both the Fourier and real spaces;
for instance it can be a Gaussian function or an N-order spline. Next, the convolution theorem is
applied:
F {η̃} = F {η(fx , fy )} F {ϕ(fx )} F {ϕ(fy )} =⇒
ADAFFT(η̃)
F {η̃}
=
F {η} =
F {ϕ(fx )} F {ϕ(fy )} F {ϕ(fx )} F {ϕ(fy )}

(14)

The algorithm can be speeded up by noticing that only the discrete Fourier transform of η̃
needs to be computed numerically, while an analytically Fourier transformable regularization
function can be chosen. Finally, the anti-Fourier transform of g̃d can be recovered:
⃗

gf [l, m] = ∆fx ∆fy e−j 2π f0 ·⃗ri [l,m]

ADAFFT(η̃)[l, m]
=
F {ϕ(fx , fy )}

(15)

= NUADAS{gi [s, t]}[l, m]
where NUADAS is an acronym that we introduce to indicate a Non-Uniform ADAFFT, so it is
basically the combination of applying the NUFFT to the ADAFFT approach.
In conclusion, it is worth noticing that the use of the proposed approach allows controlling the
sampling frequency and the number of samples in each domain, making it possible to analyze
also complex systems with an acceptable computational complexity and an arbitrary precision.
3.

NUADAS: Implementation, scalability considerations and numerical validation

The main purpose of the development of the NUADAS algorithm is to generate a large and
accurate dataset to train a neural network, as will be detailed in next sections. However, despite
the use of optimized mathematical methods (e.g., chirp z-transform, NUFFT), the simulation of
the beam propagation to a plane quite far from the source and tilted of some tens of milliradians
requires the use of 212 to 213 points on both axes. Such a simulation can require just few minutes
on a common laptop using a proper code; however, since the number of simulations needed to
build a dataset suitable for the training of the FCANN with the required accuracy could easily
be larger than 105 , the amount of time needed to build a single dataset can be about one week,
which is too much for a flexible and fast deployment of the method. Accordingly, a parallel
and optimized version of the NUADAS algorithm has been implemented in FORTRAN and
parallelized by means of the Message Passing Interface (MPI), as explained below.
The FFT in the ADAFFT and NUFFT are performed in parallel by means of the Fastest Fourier
Transform in the West (FFTW) library [35]. The computation of adaptive and non-uniform
Fourier transforms involves convolution sums, which in turn introduce an aliasing error. This
aliasing error is removed by truncating the physical space domain [26,36]. An oversampling
factor of two is employed for the convolutions in both ADAFFT and NUFFT, resulting into an
oversampling factor of four for the full NUADAS method. As a result, the number of grid points
employed to discretize the frequency domain is four times larger than the number of grid points
used for the discretization of the physical space.
The computational grids are divided into slabs, which are assigned to the MPI process. Each
process can directly access to data corresponding to the portion of domain stored in its memory,
while accessing the data corresponding to regions handled by other processors requires MPI
communications. An implication of this parallelization for the FFT algorithm is that processes
can directly compute the FFT along only one (local) direction, as illustrated in Fig. 2.
In the parallel FFT implementation, after transformation along the local direction (that is x in
Fig. 2), the data are transposed in order to make the other direction (i.e., y) local to the processor
memory, so that the FFT can then be computed along y. The transposition of data requires
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Fig. 2. Sketch of the steps for the execution of an oversampled FFT parallelized on two MPI
processes. The colored rectangles indicate the portion of domain stored in each processor.
The number of points in physical space is 8, the oversampling factor is 2 and the grid points
are colored based on a Gaussian centered at the origin. (a) Starting from the physical space
configuration, (b) the FFT is performed along the x direction which is local in memory,
resulting in the intermediate configuration. Next, (c) processors exchange the data so that
direction y is now local in memory. Finally, (d) the FFT is computed along y, resulting in
the frequency space configuration.

an all-to-all communications, namely a communication from a single process to all the others,
which are very time-consuming. In order to avoid further transpositions, data are partitioned and
distributed along different directions in the frequency and physical space.
The parallel ADAFFT requires only parallel transforms together with convolution sums, which
are local to the processor memory and can be carried out without further communications. The
parallelization of the NUFFT is more involved, instead. The initial Cartesian 2D grid on the
input plane consists of equispaced frequencies. Due to the tilting of the source plane with respect
to the target plane, the frequencies perceived on the target plane are non-equispaced, and their
position depends on the equispaced frequencies fx , fy in the source plane, on the frequency along
the direction orthogonal to the source plane, fz , and on the tilting angles between the two planes.
The non-equispaced frequencies, generated by tilting of the planes, can be interpreted as particles
dispersed in the frequency domain. The computation of the NUFFT reduces to the representation
of this discrete and non-equispaced particles on a equispaced grid. This problem arises in various
areas of physics and massively parallel implementations of the NUFFT algorithm have been
successfully employed, for example, in the numerical simulation of Coulomb interactions in
charged particle systems [37] and numerical simulation of particle-laden turbulent flows [38].
In order to represent the non-equispaced frequencies on the target plane, an oversampled
equispaced grid on the target plane is initialized and distributed among processes. Non-equispaced
frequencies are generated by rotating the frequencies in the source plane and therefore they
are initially stored in the memory of the same process. Since the frequencies are transformed
by rotation, they need to be redistributed among the MPI processes. Each process computes
the equispaced grid point nearest to each non-equispaced frequency and, based on that, it
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computes the processor to which the frequency should belong. Finally, processors exchange
the frequencies values and corresponding amplitudes of the non-equispaced frequencies that
need to migrate to other processors. Since the outcome of the rotation is not known a-priori the
code allows non-equispaced frequencies to migrate from/to any process by means of all-to-all
communications.
Once that the particles are appropriately distributed among the processors, each processor
computes the projection of the non-equispaced modes into the equispaced grid independently.
Each processor computes the convolution between the superposition of spikes centered at the
non-equispaced frequencies with a regularizing basis function. Differently from the non-parallel
implementation, the parallel implementation relies on B-splines up to order six. In the framework
of convolutions for NUFFT purposes, B-splines are known to offer a number of advantages with
respect to other basis functions (e.g. Gaussians) [39]. A B-spline of order n has a support of
n + 1 grid points. When the contribution of the non-equispaced frequencies is spread over the
nearest grid points through convolution with the B-spline, the non-equispaced frequency may be
close enough to the processor boundary to affect regions of the equispaced grid stored in the
neighboring processor. This is illustrated in Fig. 3. As a consequence of this non-locality of
convolutions, each MPI process needs to receive from its nearest neighbors the values of the
amplitude field on the portion of the equispaced grid that may be affected by non-equispaced
frequencies located in the nearest neighbors processes. To this end, a halo region is defined
for each process, which is a portion of grid that overlaps with the grid stored by the nearest
processors. The same grid points are stored in the memory of both the neighboring processes.
The halo regions are sent to the nearest neighbors, so that each process can sum the contributions
from its neighbors to the field located in its own memory. With reference to Fig. 3, the halo
points are in green and are copies of the corresponding blue grid points, stored in the memory of
the neighboring processor. The red point indicates one of the rotated frequencies that belongs
to processor p0 ; processor p0 computes the convolution of the spike centered at the rotated
frequency with the B-spline basis function, which is represented as a colormap. Since the rotated
frequency is close to the boundary between the processes, it also affects grid points stored in
process p1 . Therefore, the halo grid points are exchanged by means of MPI communications,
so that processor p1 can add the contribution given by the rotated frequency on its portion of
domain.

Fig. 3. Sketch of the execution of the convolution required for the parallel NUFFT on
two MPI processes, p0 and p1 . The domains of the two processes are shifted along z for
visualization purposes only, in order to highlight the halo regions, which are the green points.
The red point indicates one of the rotated frequencies, which belongs to processor p0 , and
the colormap represents the convolution of the spike centered at the rotated frequency with
the B-spline basis function computed by processor p0 .

Research Article

Vol. 29, No. 9 / 26 April 2021 / Optics Express 13278

The time required for the computation of the NUADAS on Nprocs processes is expected to scale
as 1/Nprocs in ideal conditions. The scaling of the resulting parallel implementation shows little
deviations from ideal scaling with the number of involved processors, as shown in Fig. 4.

Fig. 4. Parallel scaling of the computation time as a function of the number of processes
employed. The markers indicate the actual computational times for various sizes of the grid
on the source plane with N = Nx = Ny , while solid lines refers to the ideal scaling. Due to
necessary oversampling, the size of the arrays employed for FFT is 16N 2 and it ranges from
20482 to 655362 .

The number of points on the resolved grid size considered in Fig. 4 is Nx = Ny = N, with an
oversampling factor of four (required for the NUADAS algorithm). The actual size of the arrays
to which FFT is applied therefore ranges from 20482 to 655362 . It is then clear that, even if an
extremely large number of points are required for an accurate simulation, the parallelized code
can effectively do it in few seconds. The numerical accuracy of the parallelized NUADAS has
been estimated computing the signal to noise ratio (SNR) with respect to the computation of the
propagated beam by direct, and inefficient, computation of the inverse Fourier transform of the

Fig. 5. Signal to noise ratio as function of the propagation distance, normalized to the
computational window size, with θ x = θ y = θ z = 0 , where θ i is the rotation angle about the
ith axis in the reference frame depicted in Fig. 1.
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propagated spectrum as shown in Eq. (2), defined as
∫
|ENUADAS (x, y, z) − Edirect (x, y, z)| 2
A
∫
SNR = −10 log10
|ENUADAS (x, y, z)| 2

(16)

A

in different conditions of propagation distance and tilting angle. The result is reported in Figs. 5–7;
as it can be seen, the signal to noise ratio is positive and very large, indicating that the parallel
NUADAS method is accurate and reliable, opening thus for its use for a quick generation of the
synthetic dataset.

Fig. 6. Signal to noise ratio as function of θ x , normalized to π2 , with θ y = θ z = 0 and
dz = W, where dz is the propagation distance along the z axis, W is the initial computational
windows size, and θ i has the meaning defined in Fig. 5.

Fig. 7. Signal to noise ratio as function of θ z , normalized to π2 , with θ x = θ y = 0 and
dz = W, where all the symbols have the meaning defined in Fig. 6.

4.

Experimental validation

Given the good indications provided by the numerical simulation tests, the NUADAS method
has been validated against experimental results to asses its applicability in practical cases and
its accuracy in non ideal conditions. The setup consists of a camera and a laser beam that can
be tilted and translated with respect to the camera normal. Tests with different lasers sources
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available in the lab have been conducted: here, as an example, the results obtained with a 450 nm
diode chip, emitting a collimated elliptical beam, mounted on a movement that allows translations
in the x and z direction and rotations around the z axis are reported. The translation stages have a
resolution of 10 µm, while the rotation stage of 0.15◦ . For this setup, the camera is based on
a high resolution CMOS sensor with a sensitive area of 11.34 mm × 7.13 mm and with 1936
× 1216 pixels. Considering that a pixel to pixel comparison would be of little use due to the
acquisition noise, the experimental validation has been done by comparing the measure of the
centroid (x̄c , ȳc )T = ⃗rc of the image taken by the camera, defined as
∫
Z=
dx dy ||g(x, y)|| 2 ,
∫CW
(17)
1
⃗rc =
dx dy ⃗r ||g(x, y)|| 2
Z CW
where CW is the computational windows that coincide with the size the camera active area, with
the centroid computed from the simulations. The differences found between the experimental
data and the predictions are very small and easily explained as due to experimental and systematic
errors, as it is clear from the results reported in Fig. 8 and in Fig. 9, where, as an example, the
error in the x component of the image centroid is shown for translations of the source along the x
axis and for rotations around the z axis, respectively.

Fig. 8. Error in the x component of the image centroid for source rotations around the x
axis.

Fig. 9. Error in the x component of the image centroid for source rotations around the z axis.
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FCANN implementation and performances

Following the successful validation of the proposed numerical method to build the training
dataset, an FCANN has been implemented and its performance evaluated.
As discussed in Sect. 1, in order to reduce the overall computational load of the SPGD,
the tilting and positioning error of each beam must be independently corrected and this can
be implemented exploiting a FCANN to analyze two images of each beam taken at different
propagation distances. A possible practical implementation of such approach is depicted in
Fig. 10.
The simplest way to control the propagation direction of the beams is to have each of them
reflected by a motorized mirror. Each reflected beam then propagates through a couple of
polarization insensitive beam splitters, used as beam samplers, aligned along the optical path.
The small fraction of the reflected beam is imaged into a high speed and high resolution camera.
The two beam splitters for each beam are positioned at a slightly different distance along the
propagation direction. A tilted source when imaged into a camera is not very different from
a shifted source, especially in ordinary operations for a CBC system in which the shift is in
the order of fractions of millimeters and the tilt of few milliradians (see also Fig. 13). In these
conditions, determining if the source is tilted or shifted, left alone quantifying the tilt or the
shift, is extremely difficult. However, this problem can be solved by using two images of the
same beam at two distances along the optical path. Intuitively, if the beam is simply shifted, the
centroid, at different distances, does not change, while the beam waist changes. If instead the
beam is tilted compared to the camera input plane, not only the standard deviation but also the
centroid, the kurtosis γ and the skewness κ of the images, defined in Eq. (18), change.
∫
1
γi =
dxdy (ri − rc,i )3 ||g(x, y)|| 2
Z CW
∫
(18)
1
κi =
dxdy (ri − rc,i )4 ||g(x, y)|| 2
Z CW
with Z defined in Eq. (17). This justifies the need for two beam splitters and two cameras for
each beam to be coherently combined.
To test the potential of this approach, an FCANN has been trained on a synthetic dataset built
using the parallel version of the NUADAS algorithm detailed in previous sections. Considering
the available equipment for future experimental implementations, a relatively reduced power
version of fiber laser sources has been considered. The dataset has been build simulating the
propagation of a tilted and shifted Gaussian beam at 1070 nm with σx = 70 µm and σy = 100 µm
and storing the field centroid, the standard deviation, the kurtosis and the skewness along x and y
a distance of 50 mm and 100 mm. The source tilt has been restricted to rotations around the
x and y axis for a random angle in the range −10 mrad to 10 mrad, while the shift has been
considered only for x and y (leaving the z shift to be dealt together with phase drifts by an EOM)
both randomly selected in the −0.15 mm to 0.15 mm. In total, the built dataset is composed by
160 000 simulations, each of a source randomly shifted and titled with respect to the target plane;
5% of the dataset has been used as a validation set and the other 95% as a training set. The neural
network free parameters are the number of hidden layers, the number of neurons in each hidden
layer and the activation function, which is assumed to be the same for all the neurons for simplicity.
In general, those parameters are chosen to minimize the neural network error on the validation
set; however, for the current application there is another constraint: the neural network speed.
Indeed, if used to align the beam in a CBC setup, the neural network response must be faster
than the period of beam displacements caused by the mechanical perturbation. This constraint
rules out all the most complicate neural network architectures, such as the convolutional one,
which are also the most difficult to train, leaving with the used FCANN. Hence, with the goal of a
FCANN as simple and fast as possible, and given the excellent agreement between the NUADAS
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result and the experimental one, it has been chosen a FCANN with only one hidden layer of 8
neurons densely connected with the input made of 16 neurons and the output layer composed of
4 neurons; the input and hidden layer neurons use as activation function the ReLu [40], which
has been reported to accelerate the accuracy convergence rate of neural networks by avoiding the
vanishing gradient problem [41], and the output neurons a linear function. The 16 inputs are
centroid, standard deviation, kurtosis and skewness along x and y for both images. The output
neurons are the source tilting angle around the x and y axes normalized to 1 mm and the source
shift along the x and y axes normalized to 1 mm.
Figure 11 reports the Mean Absolute Error (MAE) versus the number of training epochs for
the implemented FCANN. The MAE on the validation dataset is defined as:
Lj =

1

N∑︂
testset

Ntestset

i=1

|yi − ȳi |

(19)

where Lj is the loss on the validation dataset after the jth training epoch and ȳi is the neural
network prediction on the ith input of the test set. As it can be seen in Fig. 11, the implemented
FCANN has excellent performances even if its structure is very simple: indeed, after 150 epoch of
training the average MAE is in the order of 5 × 10−4 with a standard deviation of about 7.5 × 10−4 .
The FCANN output is a vector whose entries are the shift and angular errors; so, assuming to
consider them separately, the estimated error differs from the actual error by about 1 µm for a
shift along a single direction and by about 1 × 10−3 rad for a tilt around a single axis. Then, as
the beam needs to be aligned with respect to a combining element– either a focusing lens or a
volume holographic grating –a residual angular error corresponds, in first approximation, to an
error of the beam position on the combining element, which can be estimated as d tan αres , where
d is the distance between the sources and the combining element and αres is a residual tilt error
of the source. Therefore, besides for the small value of αres , the impact of the FCANN estimation
error on the angular misalignment can be further reduced by making d as small as possible.
Moreover, as illustrated in Fig. 12, the CBC efficiency shows a non negligible decrease only for
quite large shift errors ∆r normalized to the beam waist w0 , far greater than the FCANN worst
case normalized residual error, demonstrating that the neural network prediction are accurate
enough to correct the tilting and positioning errors during the CBC process. Finally, it has to be
considered that the proposed approach with the FCANN is capable of correcting errors with a
more than suitable frequency (as compared with the data reported in [17]). Indeed, the execution
time on a common high performance laptop is about 1.2 ms, so close to a frequency of 1 kHz on
a non specialized hardware. Clearly, the frequency performance could further be increased by
using a specialized hardware such as an FPGA [42].
In principle, the error could be further reduced by increasing the complexity of the neural
network. However, in the considered case, unless a very complex, hence time-consuming,
configuration is considered, very little improvements occur. For example, another FCANN with
two fully connected hidden layers (16 neurons in the first hidden layer and 8 neurons in the
second, all using a ReLu activation function) provided a level of accuracy similar to that of the
simpler FCANN (Fig. 11), but with almost half the maximum frequency (execution time is 1.6
ms, leading to a frequency of 0.625 kHz), therefore not justifying its use.
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Fig. 10. A possible implementation of the mechanical perturbation control setup. The blue
lines represent the beams, while the red elements are the cameras and the grey blocks in
front of the cameras the beam splitters (or samplers); in the back there are mirrors mounted
on motorized stages and/or gimbal mounts.

Fig. 11. Mean absolute error versus the number of training epochs. The blue curves refer
to the case of a FCANN composed of only one hidden layer of 8 neurons and the orange
curves to the FCANN composed of 2 hidden layers, having 12 and 8 neurons, respectively.

6.

Other possible applications

The results reported in the previous sections demonstrate on the one hand that the developed
NUADAS method allows computing the propagation of a laser beam with a very high accuracy
and speed also in presence of tilts and shifts and therefore it can be taken as a reference for
simulating real optical systems; on the other hand that an approach based on the analysis of beam
images with a FCANN can be used as a substitute of the common active alignment procedures in
the assembly of optical elements, with a substantial reduction of the required time, confirming
and extending the results reported in Ref. [20].
As an example of the first application, Figs. 13 and 14 show the propagation of a Gaussian beam
for two different shift-tilt cases. In Fig. 13 the physical space window has size 1024λ × 1024λ,
where λ is the wavelength, and the distance between the target planes is 512λ. The source is
a Gaussian beam with σx = 64λ and σy = 32λ. The source plane is tilted by θ x = −π/50 and
θ z = π/6.
In Fig. 14, the input Gaussian beam is the same as before, but the distance between the target
planes is 1024λ and they have a relative tilting of π/10.
The NUADAS method can then be modified to take into account also the interfaces with
different dielectrics to be used also to simulate misaligned lenses or other optical components,
as the propagation through an arbitrary tilted and shifted lens can be broken down into three
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Fig. 12. CBC efficiency ηCBC as function of the shift error ∆r normalized to the beam
waist w0 . The CBC efficiency is computed as the ratio between the computed maximum
intensity and the maximum theoretical intensity.

Fig. 13. Propagation of a Gaussian beam from a tilted source plane to equispaced target
planes.

Fig. 14. Another example of propagation of a Gaussian beam in equispaced and tilted target
planes.
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smaller problems: the propagation from the source to the elements input plane, which may
be arbitrarily tilted and shifted with respect to the source plane, the propagation through the
lens itself and, finally, the propagation from the lens output plane to the target plane, which,
with respect to the lens output plane, could also be arbitrarily tilted and shifted. This would
allow building accurate datasets for training FCANNs to assist in the automatic assembly of
optical devices. Indeed, the alignment of lenses and of other optical elements is well known to
be one of the most time consuming steps in the packaging of optoelectronic devices [43,44].
This is particularly critical when several components have to be aligned, such as in high power
multi-emitter laser diode modules, in which, for example, tens of lenses and mirrors have to be
accurately positioned with sub-micrometric accuracy [9,45]. A multi-emitter laser diode module
is a device composed of a number of single semiconductor emitters, called chips, whose output
beams are combined inside a common package exploiting various multiplexing levels (usually
spatial multiplexing first, followed by polarization and/or wavelength multiplexing) implemented
with free-space techniques and therefore making use of micro-optics. In most of these modules
the combined beams are then focused onto a collecting fiber. Today, the assembly of these devices
is typically carried out with automated machines, which make use of active alignment procedures
to optimally place the micro-optical components. Active alignment requires turning-on the laser
source and then optimizing its coupling by raster scanning the position of the lens (or of the
optical component, in general) while continuously monitoring the transmitted power or the beam
profile. This is clearly a long process that takes several minutes for each component to be carried
out, for an overall assembly time that can easily exceed a couple of hours for the higher power
modules since these are composed of about 20 chips, each with its associated set of lenses and
mirrors. As these high-power multi-emitter modules are the key component of industrial lasers
and their cost accounts for almost 50% of the overall cost of the laser source, it is evident that
any improvement in their assembly procedure has a huge economical impact. The use of an
artificial neural network to correctly position in a single step the Fast Axis Collimating (FAC)
lenses of laser chips has already been proved to be effective in comparison with active alignment
procedures [20,46]. However, in that case the training set was based on simplified Gaussian beam
propagation model (the “five-ray approach”) [46,47] and limitations applied. For instance, it was
shown that the ANN is able to infer the shift error and the tilt error about the fast axis direction
with an accuracy down to the micrometer; however, in reality, the lens position is affected also by
shifts and tilt about the slow axis. To do so, the ANN must be trained on a larger dataset, that
would include also these kind of errors, which could not be taken into account by the five rays
model previously employed, hence the need of a different, more accurate, numerical method,
such as the NUADAS.
Finally, another possible field of application of the NUADAS is in the simulation of non linear
wave propagation, as in the case of high power laser propagation subject to self-focusing effects.
In fact, the use of the CZT and the BLAS may be used to increase the numerical accuracy of
the Split Step Fourier Method (SSFM), which is one the most common approaches for such
analyses, leading to a decrease of the computation burden and thus an increase of the algorithm
performance.
7.

Conclusions

A new approach to increase the number of lasers that can be coherently combined by reducing the
number of parameters to be optimized in real time by the commonly adopted SPGD algorithm has
been proposed. This approach is based on the use of an FCANN, trained on a synthetic dataset,
to correct the tilting and pointing errors induced by mechanical perturbations by analyzing just
two images of the beam taken at two locations. In turn, training of the neural network has
required developing a new approach to simulate the propagation in non guiding media of beams
with arbitrary tilts and shifts with respect to a reference plane. The numerical method, called
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NUADAS, exploits a combination of the chirp z-transform and the non-uniform FFT to overcome
the limitations introduced by the FFT in the angular spectrum method, which represents the
usual approach for free-space beam propagation problems. The parallel implementation of the
NUADAS method has been discussed and its performance assessed with both numerical and
experimental validations. The capability of the FCANN-based approach to correct misalignment
errors has been tested with numerical simulations and the obtained results demonstrated the
extremely large accuracy that can be achieved, even with a simple ANN configuration, confirming
the potentiality of this approach to increase the efficiency of the CBC. The working frequency of
the FCANN has proved to be adeguate for the intended application even on a common notebook;
however, further improvements in the response speed are possible by implementing the ANN
on specialized hardware such as with FPGAs. Finally, the good performance of the NUADAS
algorithm opens the path not only to the propagation of tilted and shifted beams though complex
optical systems, with application, for example, in the improvement of the misalignment correction
capabilities of automated micro-optic assembly machines, but also to the improvement of non
linear wave propagation simulation thanks to the application of the CZT and the BLAS to the
SSFM. Further efforts will be also devoted to the to investigate the stability of the algorithm
in more realistic situations, taking into account images noise and limited pixel dynamics, to a
further optimization of the neural network operation frequency through free parameters tuning,
such as the ANN architecture and the activation function.
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